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Abstract 

For earth embankment construction projects, magnetic extensometers are installed within 

the foundation soils to verify the ultimate settlement post-construction predicted at the 

design stage. The uses of settlement datasets collected from these instruments have been 

under-utilised before embankment completion due to their limited frequency and low 

resolution. Therefore, short-term predictions have not yet been thoroughly investigated 

for datasets collected from full-scale embankments. Such predictions would be valuable 

to site engineers who make operational decisions regarding embankment construction. 

This research considers these opportunities and proposes a comprehensive data-driven 

framework comprising data preprocessing and short-term predictive modelling.  

At the data preprocessing stage, principal component analysis was used to explore raw 

soil settlement data and identify outliers. Furthermore, filtering methods (including 

moving average, Gaussian-weighted moving average, Savitzky-Golay and zero phase) 

were used to remove noise from the raw data. Statistically, these methods showed similar 

performances in removing noise. These preprocessing steps are essential before using 

data to train predictive models.  

For short-term predictions, polynomial curve fitting and transfer function were examined, 

as parametric data-driven methods, for forecasting soil settlement trends in real-time. 

When validated through the moving time window approach to compare consecutive 7th 

day predictions with field measurements, the transfer function model performed better 

(R-squared value for validation = 0.98) than the polynomial curve fitting model (R-

squared value for validation = 0.89). Nevertheless, both models captured on-site 

behaviour to a standard that meets ground engineering requirements.  

The findings from this research highlight the potential of small datasets in extracting rich 

information suitable for data-based decision-making during earth embankment 

construction. This study offers a complementary data-driven approach intended to reduce 

disruption to construction schedules for geotechnical infrastructure. 
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Chapter 1:  Introduction 

1.1 Importance of asset management for civil engineering infrastructure  

Civil engineering infrastructure (CEI) networks play an important role in modern 

day society, as the general public heavily relies on them as part of everyday life. Hence, 

the condition of CEIs should be of the highest possible quality and regularly monitored 

(Schooling, Enzer and Broo, 2021). Thus, it is essential to make effective and efficient 

strategies for maintaining existing CEI assets and the construction of new CEIs, whilst 

considering future public demand. Unlike assets from other industrial sectors, CEI assets 

are widely variable and have unique characteristics as each of them have to be planned 

and constructed based on various socio-economic and environmental factors (Doshi et 

al., 2013). There are also instances where social aspects play a role in changing the use 

of CEI networks. For example, Battersea Power Station (London, UK) was transformed 

into residential houses, offices and entertainment venues (Doshi et al., 2013), whereas 

Spitbank fort (Portsmouth, UK) was transformed from being a military base into hotels.  

Since most of our CEI networks are built for very long design lives (i.e. up to 120 

years), it is likely that they will encounter extreme weather events (associated with 

climate change) and an increase in their usage over their lifetimes. Changes in climate 

and societal needs test a CEI networks’ resilience, so it is important to ensure that assets 

can withstand increased loadings due to public demands and be resilient to increased 

capacity over time. Therefore, asset management is important for providing a sustainable 

approach to the construction and operation of CEI networks (Doshi et al., 2013).  

Currently, there is an abundance of factors that highlight challenges in CEI 

network asset management practice. The most common are as follows (Doshi et al., 2013; 

McFarlane et al., 2017): 

a) Financial restrictions in keeping CEI networks under good performing conditions; 
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b) Non-holistic approach – opting solution that is cost-effective in terms of 

construction, but expensive to maintain during operation; 

c) Restricted mechanisms for recognising the growing pressure on critical 

infrastructure (e.g. railways and highways), due to scarcity of data; 

d) Difficulty in defining capital and risks involved over a CEI network’s working 

life, due to the inability to predict uncertainties associated with rapid climate 

change; 

e) Increasing numbers of old infrastructure, which may be unsuitable for supporting 

modern-day societal needs (e.g. road and rail traffic loadings); 

f) Inclusion of multidisciplinary components within large CEI networks, for 

example traffic signals on highways and electro-mechanical systems in moving 

bridges, which would require different management systems. 

As modern-day society is entering a fourth industrial revolution themed around 

‘digital’, the civil engineering industry is also incorporating digitalisation for 

management and monitoring. Therefore, the terms ‘smart’ or ‘intelligent infrastructure’ 

have been established, which are used when physical assets (such as highways, bridges, 

rails, dams) are combined with digital components (such as sensors, wireless networks 

and data analytics) (McFarlane et al., 2017; Schooling, Enzer and Broo, 2021). The 

emerging growth in digital and information communication technologies (ICT) endorses 

smart infrastructure and address the challenges associated with management of CEI 

network assets. This growth can be attributed to two important factors: (i) increase in 

computing speed and (ii) decrease in the price of sensors (Dean, 2014). Bowers et al. 

(2018) stated that “The test of strength for tomorrow’s infrastructure isn’t whether it is 

built with asphalt, concrete, or steel, but whether it is built with software, the cloud, and 

data”.  

According to McFarlane et al. (2017), the application of digital technologies to 

improve asset management can be achieved in different ways, including:  

(i) Providing a unique identification to assets and their components by using 

barcodes, QR codes and RFID tags to save all information in an asset management 

system; 
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(ii) Using sensors to monitor the condition of assets during construction and 

operation, whereby they can be monitored remotely for maintenance updates. This 

makes monitoring systems cheaper and provides early warnings of any unusual 

behaviour within the structure. During the construction phase, construction 

activities and equipment can be monitored and maintained for enhanced efficiency 

and accuracy, thereby reducing overall construction time and costs; 

(iii) Data management by creating a standard format of data system for easy access 

and communication to experts; 

(iv) Data analytics for knowledge creation and interpretation of monitoring data.  

It is evident that one of the most important factors in asset management is the data 

(Bowers et al., 2018). Through proper use of monitoring data, improvements in the 

design, construction and operation of assets can be made. Moreover, this will assist in 

CEI’s being used in a more efficient manner by “lowering costs, improving public safety, 

and protecting the environment” (Cielen, Meysman and Ali, 2016). 

1.2 Research motivation and challenges  

Over recent years, there has been increasing interest in data-based research in civil 

engineering due to technological advances and reductions in the cost of sensing systems, 

data storage and computational data analysis (McFarlane et al., 2017). It is now possible 

to collect large volumes of data that can be interpreted to improve CEI construction and 

maintenance activities. Moreover, data-based research can not only assess the 

performance of existing engineering structures, but also improve that of new structures 

based on knowledge and data collected for existing structures. This would improve the 

‘return on investment’ for asset owners of CEIs and lead to long term benefits in terms of 

sustainability and cost effectiveness (McFarlane et al., 2017; Coates, 2021). These data-

based studies are beneficial in terms of social and physical aspects, whereby they ensure 

the usability and safety of public users in a sustainable way.   

For practicality purposes and ensuring wide implementation of such data-based 

approaches, there are growing bodies of research working towards data-based studies in 

various civil engineering disciplines. For instance, the Centre for Smart Infrastructure and 
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Construction (CSIC) at the University of Cambridge (UK) is an academic – industrial 

collaboration with the aim of improving asset management techniques involving the use 

of data driven technologies. Their research projects have included the application of smart 

monitoring system in infrastructure projects such as Crossrail, Thames Water, National 

Grid, London Underground (Rodenas-Herráiz et al., 2016). 

In the discipline of ground engineering, the importance of field monitoring data 

and their assessment has been generating significant interest among researchers and 

industrial organisations (Coop, Wan and Standing, 2021). There are many research 

consortia established in the UK (e.g. ACHILLES), which have and continue to focus on 

addressing challenges such as asset performance, structural deterioration and forecasting 

the behaviour of highway and railway embankments, through the use of advanced 

technologies. However, much of this research has used data collected from purpose-built 

geotechnical structures with a high density of instrumentation. For example, research on 

Ballina clay along with the BIONICS, iSMART and ACHILLES projects made use of 

full-scale trial embankments (Doherty et al., 2018; Kelly et al., 2018; Glendinning, 

Dijkstra and Court, 2022).  

In the civil engineering industry, there are many guidance and technical 

documents such as BS 5930 (BSI, 2015), BS EN 1997-1:2004 (BSI, 2004), and ICE 

manual of geotechnical engineering (John et al., 2012), which provide recommendations 

for data collection and management. However, there is a lack of guidance on their 

analysis. It is clear that data collection and their interpretation help in making decisions 

regarding asset management. However, guidance on the appropriate choice of data 

analysis would be essential for geotechnical engineers to facilitate proper predictions and 

to develop an understanding of the decisions made based on the data.  

With urban population growth around the world, the demand for CEI network 

development is ever increasing. The design life of these networks depends on their 

proposed long-term use, how they are to be constructed and the local ground conditions. 

Therefore, in the cases of highway and railway embankments, proper prediction of 

settlement and slope stability during and after construction is required to ensure efficient 

and safe performance. If in-situ behaviour is not assessed accurately, this would have 

consequences on embankment stability – including reaching the serviceability and 



Chapter 1: Introduction 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    5 

ultimate limit states prematurely. For example, the Surtees Bridge over the River Tees 

(North Yorkshire, UK) started showing signs of distress due to excessive settlement of 

the approach embankment, as the long-term settlement of the embankment had not been 

assessed properly (Jones, Stewart and Danilewicz, 2008).  

Tackling climate change is currently one of society’s major challenges, whereby 

most countries are actively trying to reduce their carbon footprints. Therefore, adopting 

sustainable approaches in everything we do as a society is of utmost importance. The use 

of data-driven approaches across all civil engineering disciplines will have significant 

advantages in that it will facilitate a proactive approach to monitoring and controlling CEI 

network assets, thereby utilising available resources more optimally. Moreover, data-

driven modelling in modern-day geotechnical engineering will be a major step forward 

from traditional methods to advanced digital technologies in industry.  

1.3 Aims and objectives  

The main aim of this research is to investigate the potential of a data-driven 

process for efficient and sustainable short-term monitoring of geotechnical embankment 

assets. A case study approach was adopted to explore the use of data analytics as a novel 

and computationally efficient method for managing embankments that form part of 

highway infrastructure.  

To achieve this aim, the following objectives require fulfilment: 

a) Demonstrate the use of industrial raw highway embankment settlement data for 

extracting essential information regarding its engineering behaviour during 

construction; 

b) To use data preprocessing methods for assessing and improving the quality of raw 

settlement data, along with its interpretation for enhancing predictions of 

embankment settlement; 

c) To explore data-based modelling methods for advancing geotechnical site practices 

associated with monitoring earth embankment construction and predicting short-term 

future behaviour; 
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d) To propose a data-driven framework for its potential use by geotechnical 

practitioners.  

1.4 Contributions  

This research contributes towards the growing interest in data-driven approaches 

in the ground engineering industry by proposing a novel approach that efficiently utilises 

geotechnical data collected from widely used conventional settlement instruments. 

Furthermore, this research demonstrates the judicious use of available data for improved 

information and discusses alternate cost-effective and energy-efficient geotechnical 

monitoring. It is expected that it will encourage the industry to adopt a sustainable data-

driven approach for managing embankments during their construction and operation. As 

society is entering the digital industrial revolution, results from this research should be 

able to motivate the ground engineering industry to draw upon the knowledge gained 

from this research and use of the technology. 

A proof-of-concept data-driven framework for the interpretation of geotechnical 

settlement monitoring data has been developed, which uses data collected from a highway 

embankment in Morpeth, Northumberland (UK). Data quality was improved by 

performing all aspects of data preprocessing suitable for the dataset, including removal 

of duplicate data points, outliers, and noise. Although data preprocessing is a well-

established approach in many other engineering disciplines, the knowledge and use of 

these concepts are still in their infancy in ground engineering. By performing a short-term 

prediction study, the potential of data has been realised. Short-term predictions showed 

very promising results and could encourage data-driven management of geotechnical 

components of CEI networks. Field monitoring data collected from conventional 

instruments were used to check the settlement at the end of construction and facilitate 

comparisons with predictions made at the design stage. Short-term predictions are 

valuable to site engineers for making operational decisions regarding construction and to 

ensure that embankment construction can progress safely, on time and on budget.  
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1.5 Layout of thesis  

The structure of the thesis is organised as follows:  

• Chapter 2 presents an in-depth literature review. This includes a description of 

how disruptive technologies are used in civil engineering, a discussion of a typical 

data-driven structure and critical reviews of data-based research in geotechnical 

engineering.  

• Chapter 3 presents the methodology used for this research, which includes a 

flowchart that describes a new framework for data preprocessing and short-term 

prediction. The methodology addresses the objective of extracting essential 

settlement information using in-situ embankment settlement data. The chapter 

also provides a background for the case study used as the basis for this research – 

namely Morpeth Northern Bypass (Northumberland, UK). It includes general site 

information (e.g. location), a summary of the local ground conditions, a 

description of the embankment construction and the types of monitoring 

instrumentation used.  

• Chapter 4 is the first results chapter, which presents the findings of settlement data 

preprocessing – focussing on the three key actions required to prepare the raw data 

for analysis and modelling: (i) addressing missing and duplicate data points, (ii) 

outlier detection by principal component analysis (PCA) and (iii) removing noise 

by signal processing-based filtering and smoothing. This chapter covers all stages 

of data preprocessing, including data cleaning, thereby addressing the objective 

of improving data quality and its interpretation to gain data confidence.  

• Presented in Chapter 5 are the results from short-term predictions made for soil 

settlement using time-series data analysis. Initially, the polynomial curve fitting 

method was used, which only used past values to predict future trend. 

Furthermore, short-term prediction was performed using a transfer function, 

which also includes loads due to embankment fill as an input function to better 

capture the settlement data trends. This chapter addresses the data-based method 

for the advancement of site practices by performing short-term prediction of 

settlement trends during the construction of the embankment.  
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• Chapter 6 provides a discussion on the findings made from the data preprocessing 

and short-term predictions. Also presented is a discussion on the future 

implementation of the framework for making data-based decisions in the ground 

engineering sector, along with its potential adoption in industries by developing 

standard guidelines. This chapter also relates the proposed framework with the 

recommendations described in industrial standards and guidance and confirms 

that the proposed framework is suitable for incorporation within such standard and 

guidance documents. Therefore, it addresses the objective of a proposal of a proof-

of-concept data-driven framework.  

• Finally, Chapter 7 provides a summary of key findings from the research 

undertaken, along with a number of recommendations for future research and 

improvement of the data-driven framework. 
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Chapter 2:  Literature review 

2.1 Disruptive digital technologies in civil engineering  

Digital technologies such as sensors and monitoring systems are widely used 

across various disciplines (such as medicine, infrastructure and commerce), which 

generate large volumes of data. These large datasets can be converted into useful 

information using innovative data analysis techniques to gain insights into factors such 

as process optimisation and decision improvement for making industries more efficient 

and productive (Dean, 2014; Singh and Reddy, 2015; Bilal et al., 2016).  

Figure 2.1 explains how raw data can be transformed into essential information 

and further utilised for decision making and improved learning for the future. This can be 

achieved through various levels, whereby a data-rich environment that has been produced 

from a variety of available data collection methods, can be enhanced to an information-

rich state. At each level, relevant data is identified, extracted and processed, thereby 

reducing the amount of data and increasing their value. The ‘base-level’ shows different 

technologies are used to collect data, which are further managed by storing and / or 

transmitting them for further analysis. These datasets are enriched at higher levels using 

advanced computational technologies to improve the understanding of CEI behaviour (i.e. 

improved intelligence), better and faster decisions (i.e. improved decision) for their 

construction and maintenance.  
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Figure 2.1: The typical levels of data analytics for application of data-driven approach to civil 

engineering infrastructure (CEI); after (What is Smart Infrastructure? | CCSIC, 2021). 

 

Since the year 2000, the characteristics of data have changed significantly, 

whereby the term ‘Big Data’ has gained a lot of popularity (Dean, 2014). Big Data is a 

term used for describing a large volume of data generated by a wide range of digital media 

at high frequencies. Such media include small powerful digital sensors and mobile 

devices, which possess improved computing memory, widespread fast internet 

connectivity and cloud storage (Yaqoob et al., 2016). Big Data has been identified and 

described by ‘four V’s’ (Cielen, Meysman and Ali, 2016), which include: 

(i) Volume – represents the size of space required to save the data (i.e. 

terabyte, petabyte); 

(ii) Velocity – represents the frequency at which data is collected; 

(iii) Variety – represents the format of the data, such as numbers, text, audio, 

video and graphs; 

(iv) Veracity – represents the level of accuracy of the data.  

 

When data generating devices are connected to the internet, this introduces a term 

referred to as the ‘Internet of Things’ (IoT). IoT enables physical objects (e.g. sensors) to 
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communicate data about their condition, position and other attributes to a computing 

device and / or data storage facility through the internet. This facility enables effective 

asset monitoring and management (Martín-Garín et al., 2018; Woodhead, Stephenson and 

Morrey, 2018). Easy flow of information through IoT can have positive impacts for many 

industrial sectors, including civil engineering. A continuous stream of data from different 

components of CEI are possible by IoT, resulting in petabytes of data (Bilal et al., 2016). 

The characteristics of Big Data manifest themselves in data obtained from infrastructure 

networks due to their large physical presence and exposure to different environmental 

conditions (Bilal et al., 2016; Gulgec et al., 2017).   

The civil engineering sector widely uses digital technologies for the construction 

and operation of large CEI’s, including bridges, tunnels, wind turbines and dams (Bilal et 

al., 2016; Alavi and Gandomi, 2017). However, the civil engineering sector is considered 

to be lagging behind various other science and engineering disciplines (e.g. mechanical 

engineering and healthcare) in utilising and valorising large datasets generated from 

sensors (Clarke, Middleton and Rogers, 2016). Appropriate data analyses can help 

enhance the construction process and resilience of infrastructure, by enabling data-driven 

decisions rather than time-based decisions. This will ultimately assist in extending the 

design life of CEI assets. Although there are proposals to widely implement innovative 

Big Data and IoT techniques across the construction sector based on data-driven findings 

(Chambers, 2020), research is still ongoing for enabling their application to improve the 

future of CEIs (Alavi and Gandomi, 2017). 

2.1.1 Significance of data   

Broyd et al. (2016) suggested that the collaboration of IoT with infrastructure 

would create the ‘agile Infrastructure’, which is defined as an intelligent infrastructure 

system capable of communicating its operational performance to engineers. Deakin and 

Reid (2018) also described how city infrastructure networks are getting transformed into 

smart infrastructure by applying IoT technologies. These ‘smarter’ systems would have 

applications for various infrastructure networks, such as roads, railways, airports, water 

and waste management. These networks are generally heavily instrumented and can 

produce large volumes of data, which can potentially be used for auto diagnosing 

problems in real-time without the need for human interventions.  



Chapter 2: Literature review 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    12 

Klinc and Turk (2019) discussed the concept of cyber-physical systems for 

upgrading the construction sector towards ‘Industry 4.0’. However, in order to achieve 

this, Klinc and Turk (2019) emphasised that it is important to firstly collect large volumes 

of essential data, which can then be used to develop ‘digital twins’ of physical engineering 

structures or systems, predictive models and finally an autonomous infrastructure system. 

One area in which the construction sector has made significant progress in digital 

advancements since the late 1990’s is the development and implementation of Building 

Information Modelling (BIM) (Bradley et al., 2016). The widespread use of BIM in 

business case development, optioneering and construction operations involves 

considerable and comprehensive construction data, including data from designs, planning 

schemes, cost estimation and procurement. Such datasets come in various forms, 

including text documents, digital images, web pages, project schedules, borehole logs, 

technical drawings and numerical models which comprise complex, voluminous and 

unstructured data (Soibelman et al., 2008).   

Furthermore, the use of data collection technologies such as sensor node, 

photogrammetry, 3D laser scanning, radio frequency identification (RFID) and 

geographic information systems (GIS) for the operation and maintenance of large 

infrastructures provide extensive data (Omar and Nehdi, 2016). This places significant 

pressure on the construction industry to adopt Big Data techniques (Bilal et al., 2016).  

CEI datasets can be broadly categorised into spatial data (e.g. from drones and 

LiDAR), and non-spatial data (e.g. from sensors, design plans and specifications). The 

associated data can be available in a wide range of formats including “DWG (drawing 

format), DXF (drawing exchange format), DGN (design format), RVT (Revit format), 

ifcXML (industry foundation classes XML), ifcOWL (industry foundation classes OWL), 

DOC/XLS/PPT (Microsoft Office format), MPEG (video format), JPEG (image format)” 

(Bilal et al., 2016). These types of data require different strategies for storage and 

organisation depending on their structure, intended practical use and the size of the 

dataset. Moreover, a well-defined framework is required to transfer raw data into the 

analytical software and tools, especially when simple storage devices (e.g. hard disks, 

solid-state storage) are not enough to store and handle the size of the data generated from 

the infrastructure. Chen and Zhang (2014) and Bilal et al. (2016) reviewed different types 
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of databases for managing large volumes of data, which were broadly classified into: i) 

relational databases, ii) NoSQL databases and iii) distributed file systems.   

2.1.2 Sensor networks 

Advancements in sensor technologies and ICT have enabled data collection from 

a wide range of engineering structures and made monitoring approaches simpler and more 

affordable (Liu et al., 2016; Moreu et al., 2018). Sensor networks consisting of fibre optic 

sensors, wireless sensors, Radio frequency identification (RFID) and Micro-

electromechanical system (MEMS) based low-powered sensors are alleviating the 

difficulties associated with proper detection of hidden deterioration (also known as 

fatigue) in the built environment through conventional visual inspections (Rodenas 

Herráiz et al., 2016). Such networks can be established with a single or combination of 

sensor types. For example, to monitor and maintain assets pertaining to modern pieces of 

CEI, devices including humidity sensors, vibration sensors, fibre optic strain gauges and 

thermal cameras can be used together (Wong, 2007). An overview of research studies on 

the application of different sensors in CEI is presented in Appendix A (section A.1.1). 

The rationale for installing sensor networks on infrastructure networks were well-

defined by Rodenas-Herráiz et al. (2016), including: (i) monitoring temporary and 

permanent works during the construction of new infrastructure, (ii) easily identify and 

remedy any structural problems that may not be detected by regular visual inspections, 

(iii) long-term health monitoring of infrastructure assets over their full design life, and 

(iv) for supporting research and innovation initiatives. 

Since the 1980s, wired devices have been widely used for collecting monitoring 

data from structures such as bridges and dams. However, such wired sensor networks can 

be costly and complex for large linear infrastructure networks such as roads and railways. 

With that said, wired monitoring systems are much less feasible for monitoring 

infrastructure assets in more remote locations. Therefore, the development and use of 

small, low power and easy to install wireless devices in the 2000’s was a significant 

technological advancement (Iannacci, 2017). The emergence of IoT in the 2010’s has 

attracted further interest in using wireless sensor networks (WSN) for remote monitoring 

of infrastructure assets (T. Wang et al., 2018).  
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WSNs comprise a series of nodes and gateways; whereby nodes comprise radio, 

sensors and computing power which require power from batteries or other sources of 

energy harvesting methods. Whereas gateways consist of small computers that connect 

nodes to the data processing/analysis system and act as data storage devices. The data 

stored can be accessed through different types of communication such as asymmetric 

digital subscriber line (ASDL), WiFi and mobile phone modems (Figure 2.2).  

 

 

Figure 2.2: A typical framework for monitoring infrastructure with wireless sensor networks; 

after (Hoult et al., 2009). 

 

The major area in civil engineering where sensors have been very effective is 

structural health monitoring (SHM). Wong (2007) and Liang et al. (2018) presented an 

overview of different sensor types, along with their corresponding data that could be 

extracted for structural monitoring purposes. For SHM of CEI, fibre optic sensors and 

wireless sensor networks are the two most common sensory systems. Fibre optics can be 

used to monitor strain since they are sensitive to deformation occurring within structural 

materials (Ferdinand, 2014; Mendoza et al., 2015), which causes a change in the 

wavelengths of fibre optical signals (Zheng et al., 2020), as shown in Figure 2.3.  
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Figure 2.3: Schematic of fibre optic sensors for monitoring structural behaviour (Zheng et al., 

2020). 

 

Sensing devices can also be used for improving construction management 

frameworks. For example, web technologies and sensors such as RFID (Radio Frequency 

Identification) can be used for sharing data on site and assist in minimising the risk of 

accidents on construction sites. There is a wide range of WSN applications in the 

construction domain related to logistics and construction process, such as 

“documentation, communication, safety monitoring and control, real-time sensor data 

monitoring” (Kochovski and Stankovski, 2018). One example of their application in 

geotechnical engineering was monitoring the construction of the Eppenberg tunnel in 

Switzerland (Worldsensing, 2020), wherein load anchors and extensometers installed 

around the tunnel were used in a wireless network to maximise data collection accuracy 

and efficiency. By eliminating labour costs associated with taking manual instrument 

reading and related supervision, the project achieved reductions in time and cost 

(Worldsensing, 2020). 

There are numerous case studies from around the world which demonstrate the 

potential and practice of WSNs for monitoring CEI networks. Some of the more prolific 

projects include: Mahomet bridge and New Carquinez suspension bridge in the USA, 2nd 

Jindo bridge in South Korea, Ainonai pedestrian overpass in Japan, West bridge of 

Jinzhou in China, Basilica Santa Maria di Collemaggio in Italy, Temporary earth 

restraining structure in Singapore, Rock towers at the Felsenbühne Rathen in Germany, 

and the Humber bridge in UK (Rodenas-Herráiz et al., 2016).  
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In the UK, the CSIC deployed fibre optic sensors and WSNs for numerous UK-

based CEI networks both under construction and pre-existing, to study the behaviour of 

structural components and make effective maintenance decisions. Examples of CEI 

projects which have been monitored by CSIC include: 

(i) Humber Bridge (East Yorkshire, UK): In 2007, WSNs comprising humidity 

sensors were installed within the north anchorage chambers to monitor 

environmental effects (i.e. temperature, humidity, rainfall) on exposed steel 

strands of the bridge’s main suspension cable (Hoult et al., 2009).  

(ii) Ferriby Road Bridge (East Yorkshire, UK): Displacement transducer and 

inclinometer sensors were installed in 2008 to monitor changes in crack aperture 

in concrete and inclination of the bearings (Figure 2.4). The gateways serving the 

WSNs were powered by solar panels (Hoult et al., 2009).  

(iii) Tunnels forming the London Underground’s Jubilee Line were installed with 

displacement and inclinometer sensors for detecting signs of tunnel deterioration 

such as distortion, concrete spalling at the tunnel crown and cracking in the pre-

cast concrete tunnel lining (Mair, 2016).  

(iv) London’s Crossrail Elizabeth Line: Fibre optic sensors were installed to the 

reinforcement cage of diaphragm walls during the construction phase (Figure 2.5), 

along with the tunnel linings of London’s cable tunnels (Mair, 2016).  

(v) During the construction of a 26.8m long composite steel concrete railway bridge 

located in Staffordshire (UK), sensor networks of 80 FBG strain sensors were 

installed (Figure 2.8) for long-term monitoring of their performance (Din-Houn 

Lau et al., 2018). The sensors were installed before casting of the concrete deck 

to monitor strain (resolution +/- 10 micro strain) during stages of construction, i.e. 

from casting to curing. The benefit of installing a robust monitoring system was 

to gather a complete behavioural history of structural members for condition-

based infrastructure management (Butler et al., 2016).  
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Figure 2.4: Labelled images of WSNs installed on the Ferriby Road Bridge (East Yorkshire, 

UK) (Hoult et al., 2009). 

 

 

Figure 2.5: Installed fibre optic sensors in reinforcement cage for Crossrail project at 

Paddington (right) with detailed diagram showing optical fibre locations (left) to monitor 

ground movement during construction of retaining walls and shafts (CSIC, 2014). 

 

WSNs are a cost-effective and resource efficient tool for managing infrastructure 

networks, both under construction and pre-existing. However, their adoption in civil 

engineering is slow. This can be related to the lack of engineering standard guidance for 
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installing WSNs for data collection, or indeed the analysis of large datasets (Rodenas-

Herráiz et al., 2016).  

2.1.3 Prospects of data analytics  

“Data science is only as much of a science as it facilitates the interpretation of 

data – a two-body problem, connecting data to reality. Data alone are hardly a science; 

regardless how big they get and how skilfully they are manipulated” (Pearl, 2018).  

Datasets collected by sensing systems do not automatically inform asset owners 

about the behaviour or condition of their infrastructure. Data analysis can greatly assist 

in the successful implementation of construction and maintenance services for ensuring 

the safety, longevity and efficiency of CEI (Din-Houn Lau et al., 2018). During operation, 

data analyses allow the transition from traditional time-based to condition-based 

maintenance approaches (Farrar and Worden, 2012). Since the performance of civil 

engineering structures is quite uncertain when they are exposed to environmental 

loadings, a flexible maintenance schedule by undertaking structure performance 

monitoring would be a more efficient technique compared with predefined maintenance 

schedules (e.g. annual and bi-annual inspections). There are cases when structures fail 

before their scheduled maintenance. One such example is presented in Figure 2.6, which 

shows the damaged Toddbrook reservoir (Whaley Bridge, UK) as a result of a failure of 

auxiliary spillway. The review report by Balmforth (2020) identified that the principal 

reason for the failure was a lack of maintenance. The report recommended the future use 

of sensors for monitoring the structure rather than performing traditional annual physical 

inspections. As shown in Figure 2.7, condition-based maintenance allows a proactive 

approach that can reduce the cost and energy consumption, including any extra capital 

required to take accidental measures after damage. 

 

 



Chapter 2: Literature review 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    19 

 

Figure 2.6: Toddbrook reservoir damaged due to lack of maintenance (Stocks, 2020). 

 

 

Figure 2.7: Graphical representation for comparison of condition and time-based maintenance; 

after (Sánchez-Silva et al., 2016). 

 

It is worth noting that data analytics is beneficial if: (i) it is economical to collect 

large volumes of infrastructure data, (ii) the physical characteristics of the object being 

monitored are uncertain or complicated for model-driven approaches, and (iii) the aim is 

to decrease computational effort and utilise more sustainable approaches for 

understanding the behaviour of structures during construction and operation (Salehi and 

Burgueño, 2018).  
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Since sensors installed in infrastructure systems can generate large volumes of 

data, it is highly beneficial to utilise monitoring data to identify trends and use advanced 

data analytics to assess the current and predict the future conditions of infrastructure 

assets. Various methods (such as statistics, data mining, signal processing, machine 

learning) and platforms are available to analyse large and complex datasets in a timely 

manner (Chen and Zhang, 2014; Bilal et al., 2016). The algorithms enable the user to 

identify correlations between different data series, extrapolate results and predict 

attributes (Hastie, Tibshirani and Friedman, 2009; Brandt and Cowan, 2014; Kubat, 2017; 

Yang, 2019). An overview of research studies on the application of different data analyses 

in CEI is presented in Appendix A (section A.1.2). 

Reich (1997) showed that interest in the application of machine learning (ML) in 

civil engineering and data-driven modelling research has been increasing for many years. 

However, most of the studies reviewed were restricted to experimental studies and 

classification problems. Moreover, they were not applied to real CEI data. Recently, this 

area of research has been expanded to applications in CEI. 

In the UK, an interesting application of data analytics on in-situ data collected 

from large CEI was demonstrated by Din-Houn Lau et al. (2018). Din-Houn Lau et al. 

(2018) developed a novel statistical model (based on adaptive linear models) to predict 

strain in real-time for a 26.8 m long composite steel concrete railway bridge in 

Staffordshire, UK (Figure 2.8). A temporal dataset (i.e. time-series data) was collected 

from a network of 134 fibre optic strain sensors (Figure 2.8), which comprised 

approximately 81 million data points generated in over just 40 mins. However, a subset 

of the large dataset was used to make predictions of one strain measurement in advance 

for one sensor by using previous values from other sensors. The predicted results were 

validated by a modified coefficient of determination (𝑅2), which incorporates a factor to 

give a weighting to recent data compared with old data. By developing a novel model 

instead of implementing widely used ML algorithms, this study highlights that the 

suitability of data analysis approaches might depend on what kind of problem is required 

to be addressed in real-world scenarios. 
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Figure 2.8: Installed 80 FBG sensors during construction (as mentioned in section 2.1.2) and 

total 134 sensors to collect strain to develop statistical predictive model (as mentioned in section 

2.1.3) (Din-Houn Lau et al., 2018). 

 

Salehi and Burgueño (2018) systematically reviewed many studies published 

during the period of 2008-2018 and listed data analysis methods for the development of 

artificial intelligence (AI), which were used for assessing the maintenance and durability 

of infrastructure. It was concluded that with the continuous development of algorithms 

for data analyses and improvement in understanding of AI among engineers, these would 

enable an increase in the use of data-driven approaches across the civil engineering sector.  

2.1.3.1 Contribution of data analytics towards achieving sustainable infrastructure  

Due to the ongoing global climate change emergency, it is now more important 

than ever to be as sustainable as possible in civil engineering practices, for example by 

optimising material use and processes (Coates, 2021). In addition, using predictive 

approaches such as data analytics for mitigating against the unknown effects of climate 

change is necessary to be prepared for uncertainties in structural behaviour (Binti Sa’adin 

et al., 2016). Therefore, the scope of data analytics has been explored in terms of 

promoting sustainability. Deakin and Reid (2018) discussed the role Big Data and IoT in 

energy efficiency and sustainability by transitioning CEI into digital CEI. To promote 
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sustainable data-driven approaches, Deakin and Reid (2018) suggested a triple helix 

model of collaboration among academia, industry and government towards social and 

economic development. However, proper implementation of such model requires further 

research on factors such as high-speed internet, data collection and storage (Deakin and 

Reid, 2018).  

Heras, Luque-Sendra and Zamora-Polo (2020) performed a systematic literature 

review of studies on data-driven approaches in smart civil infrastructure development 

(e.g. transportation, energy, waste management, and water supply) and proposed a 

conceptual framework for the use of data analytics to achieve sustainable development 

goals in the post-Covid era. It was highlighted that the relative lack of data has restricted 

many research activities, and therefore suggested collaboration between different 

institutions for improved sharing of different types of data including real-time emergency 

data (e.g. pandemic health data) and disasters.  

One of the key components of data analytics is data acquisition, which involves 

the use of sensor networks. Many researchers have shown interest in the sustainable 

application of wireless sensors in infrastructure, specifically to identify and adopt energy-

efficient methods for asset management. Hannan, Hassan and Jern (2018) reviewed 

sensors in the context of SHM and identified that power consumption is one of the 

determining factors for their selection and deployment. Due to the limited lifespan of 

battery powered sensors, rechargeable batteries powered by renewable energy sources 

such as solar, wind or other ambient energy sources such as thermal gradient and 

vibrations would be a sustainable approach. 

2.1.3.2 Human involvement in data analytics 

Although advanced data analysis methods (e.g. ML and deep learning (DL)) have 

the capability of developing accurate predictive models, they are mostly characterised as 

‘black-box models’ as it is difficult to understand the underlying process and judge their 

correctness (Reich, 1997; Rezania and Javadi, 2007; Bizzego et al., 2019).  

To reduce the error and bias associated with data-driven models, it is advisable to 

involve an expert (human) ‘in the loop’. Advanced data analysis methods can provide 

insights from data whose reliability can be identified by domain experts (Javadi and 
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Rezania, 2009). Human involvement helps ensure that: (i) measurements and their units 

are correct, (ii) all important parameters that can affect model performance are 

considered, and (iii) the model is not biased and appropriate for generalisation. Figure 2.9 

shows how humans can be involved to interpret the results of the analysis and 

understanding how data-driven models can be improved.  

 

 

Figure 2.9: An illustration of human involvement in data analytics (Brown, 2020). 

 

Many researchers have identified the important role of humans related to data-

driven modelling in civil engineering. Hoang, Nguyen and Tran (2018) realised that 

human involvement was required for labelling the data and verifying unsupervised ML 

models. Catbas and Malekzadeh (2016) highlighted the importance of identifying 

common damage scenarios and critical components of CEI before developing 

unsupervised ML models for damage detection. Other examples of where human 

involvement is required before model development include data cleaning (Krishnan et al., 

2016) and when data analysis results are used to update existing theories. Kobayashi and 

Kaito (2017) suggested the term ‘successive monitoring’, whereby the monitoring of built 

infrastructure is performed by combining data analysis and user supervision. Changes in 

the behaviour and condition of structures can be detected by analysing the data, which 

informs engineers to make decisions about the timing of detailed inspection of the 

infrastructures, along with any repair work. 
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2.2 Typical data driven structure  

A typical data-driven process includes: (i) data acquisition, (ii) data preprocessing 

and (iii) data analysis (Farrar and Worden, 2012). The first step deals with deployment of 

instrumentation and communication networks to collect, store and transfer data. The 

methods and technologies have been discussed in sections 2.1.1 and 2.1.2. The following 

actions are included in data acquisition (Figueiredo and Santos, 2018): 

• determining the mechanism and parameters that would affect the behaviour of 

the structure and their critical locations;  

• determining the frequency at which data are required; 

• selecting appropriate instrumentation to capture the behaviour;  

• assuring robustness and accuracy of data collecting instruments. 

The next two steps prepare and transform raw data into informative and predictive 

models. Figure 2.10 shows a detailed structure and the actions required to perform data 

preprocessing and data analysis.  
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Figure 2.10: Flowchart depicting data preprocessing and data analysis sub-steps and actions. 
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2.2.1 Data preprocessing  

Data preprocessing is a prerequisite for proper implementation of data analyses. 

Raw data might require initial exploration and data quality assessment to check their 

reliability for data-driven modelling (Hu et al., 2016). While monitoring real structures, 

Li et al. (2019) addressed the issue of missing and abnormal data, and suggested data 

cleaning to improve their quality by handling missing values and detecting anomalies in 

the data. Due to its importance in data-driven application, Cernuda (2019) discussed 

various categories of actions for processing data to make them usable for modelling. 

There is often a requirement of ‘user supervision’, which ranges from the definition of 

data quality rules to manual identification and fixation of errors (Karkouch et al., 2016; 

Krishnan et al., 2016).  

2.2.1.1 Data specification  

To explore appropriate data analysis methods, specifying the dataset type and their 

visualisation through various methods such as scatter plots, histograms and heat maps are 

essential. Visualisation can also help in identifying missing or duplicate values, leading 

to the removal of duplicate values and inferring missing values. 

Raw datasets can be broadly divided into unstructured and structured forms. 

Structured datasets can be classified as categorical or numerical/quantitative, which have 

single or multiple variable (also known as features). Feature is a term used in data 

analytics to define input variables. Data points can be time-series or cross-sectional. Time 

series data comprises observations of objects over a set period of time, whereas cross-

sectional data have a set of variables for different objects at the same point in time. A case 

study involving the use of cross-sectional data in the field of geotechnics was that by 

Pham et al. (2019), which used a dataset consisting of 189 soil samples with 13 input 

variable/features (depth of sample, bulk density, plasticity index, moisture content, clay 

content, specific gravity, void ratio, liquid limit, dry density, porosity, plastic limit, degree 

of saturation, and liquidity index). Examples of studies involving the use of time series 

datasets include those by Sigtryggsdóttir, Snæbjörnsson and Grande (2018) and Li et al. 

(2019), where dam deformation data over time (9 and 27 years of monitoring period, 

respectively) were used to develop predictive models. 
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2.2.1.2 Data organisation  

Data organisation generally involves the following actions: (i) rearrangement of 

columns of variables as per the user requirement for easy data management, (ii) 

integration of heterogeneous data from various sources to resolve irregularities, (iii) data 

deduplication and removal of redundant data points, (iv) handling of missing values 

through interpolation or ‘nearest neighbour’ techniques. 

2.2.1.3 Data exploration, visualisation and preparation 

Initial exploration allows datasets to be prepared for the purposes of modelling. 

In cases where large datasets have multiple input variables for each data point, it is 

beneficial to reduce the size of the dataset to improve computational efficiency. This is 

done through the process of dimensionality reduction or feature extraction, which reduces 

the number of variables by identifying significant or combining correlated variables.  

There are many methods to reduce the number of variables/features before 

analysing a dataset, such as summarising the variables with mean values and variance, 

finding correlations or clustering. Principal component analysis (PCA) is one of the most 

versatile methods for performing multivariate data analysis that can be applied for 

dimension reduction and feature extraction (Farrar and Worden, 2012). PCA is an 

unsupervised exploratory data analysis, whereby multiple correlated variables in datasets 

are combined linearly to reduce them to uncorrelated variables called ‘principal 

components’. This allows exploration and investigation of multivariate dataset in a 

reduced dimension whilst preserving the characteristic of the data in principal 

components (Vitola et al., 2017; Sen et al., 2019). Figure 2.11 shows a geometric 

explanation of how PCA reduces the dimension by finding a vector (i.e. principal 

component) in the direction that can explain most of the variability of the data. A few 

other methods of dimension reduction or feature extraction are linear discriminant 

analysis (LDA), fast Fourier transform (FFT) or independent component analysis (ICA) 

(Burgos et al., 2020).  
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Figure 2.11: Geometric explanation of dimensionality reduction by PCA (Deisenroth, 

Faisal and Ong, 2020). 

 

Descriptive statistics provides further detailed insights into data. Methods include 

maximum and minimum range of the variables, and centrality and variability such as 

mean, median and variance (Pham et al., 2019). Kurtosis and skewness are other popular 

methods for exploring data, which have been used in a few studies to represent data 

distribution (Jeon and McCurdy, 2017; Y. Wang et al., 2020). Kurtosis values are used 

to determine the tallness and narrowness of a data distribution (i.e. density of data 

distribution around its mean), whereas skewness values define whether the data 

distribution is normal or skewed (Boylan and Cho, 2012). Kurtosis and skewness is a 

well-established approach in condition monitoring and damage detection within the 

structure (Ying et al., 2013; Alavi et al., 2017; Gharehbaghi et al., 2020).  

It is also beneficial to visualise descriptive statistics and dimensionality reduction 

results to make further decisions. For instance, time-series data can be visualised in 

autocorrelation plots to identify any trends or seasonality in the data. Autocorrelation 

plots that start with positive values and gradually decrease to final values confirm that 

trends are present in the raw data. Whereas fluctuations on autocorrelation plots 

correspond to seasonality (Hyndman and Athanasopoulos, 2018). 
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2.2.1.4 Data cleaning 

Data cleaning is an iterative process of identifying noise and anomalies (or 

outliers) in the data to improve data quality (Krishnan et al., 2016).  Noisy data can be 

defined as random variations in the data, which can be artefacts of factors including 

environmental effects and bad calibration of instrumentation (Swider and Pedersen, 

2019). Anomalies in the data are data points that are not normal in terms of the 

characteristics of the dataset, thereby indicating errors (Ying et al., 2013). Several 

processing strategies and definitions have been proposed by many researchers, which can 

be broadly categorised into two parts: qualitative and quantitative methods (Chu et al., 

2016). For the quantitative method, errors and outliers are determined statistically, for 

example defining outliers as data points that are one or two standard deviations away 

from the mean. The qualitative method defines data patterns, quality rules and constraints 

through the involvement of human experience for finding inconsistencies in the data. It 

should be noted that an important preliminary action is normalisation (i.e. feature 

scaling), which is performed to normalise the dataset so that variables having large 

magnitude do not dominate smaller magnitude variables (Hoang, Nguyen and Tran, 

2018). Different scaling techniques include auto, group, variance and pareto scaling 

(Burgos et al., 2020).  

In terms of time series data, removing outliers and noise is essential for identifying 

the underlying trend(s) in the data. Wang and Wang (2020) described two steps for data 

cleaning: (i) detect and eliminate anomalies/outliers in the data, (ii) improve the data by 

removing random variations (i.e. noise) in the data.  

The signal processing concept of digital filtering can be utilised to preprocess and 

improve the signal quality by cleaning the noisy data (Ying et al., 2013; Swider and 

Pedersen, 2019). Signals are processed through filtering, denoising (i.e. smoothing) and 

interpolating to increase the signal/noise ratio (Tiwari, Raisutis and Samaitis, 2017). In 

civil engineering, signal processing approaches have been used previously for damage 

detection, (i.e. in SHM), involving the use of many time-based data series obtained from 

civil engineering structures (Farrar and Worden, 2012; Sirca and Adeli, 2012).  
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2.2.2 Data analysis 

Methods of data analysis can be broadly categorised into statistical and ML 

modelling. Since both use concepts of probabilities and statistics, it is often difficult to 

differentiate their algorithms. The details of mathematical concepts involved in problem-

solving using ML were discussed by Deisenroth, Faisal and Ong (2020). Generally, 

statistical modelling is mainly concerned with identifying relationships between 

variables, which allow predictions to be made. Whereas ML modelling mainly focusses 

on developing predictive models, whereby the main objective of the model is to automate 

the prediction process and detection of anomalies to implement AI in decision making 

(Makridakis, Spiliotis and Assimakopoulos, 2018; Salehi and Burgueño, 2018). Thereby, 

ML make good predictions without focussing on the interpretability of models. For 

instance, ML can automate the detection of changes in structural parameters over time 

and possible structural degradation in the future to estimate the remaining useful life of 

the structure (Sánchez-Silva et al., 2016). The knowledge gained from ML models can 

replace a time-based maintenance approach to condition-based maintenance of CEI's for 

efficient use of resources and time (Farrar and Worden, 2012). There is an abundance of 

algorithms for ML and DL (a subset of ML), such as neural networks, support vector 

machines and decision trees (Shalev-Shwartz and Ben-David, 2014).  

There are many techniques for the development of data driven modelling, 

whereby the most appropriate technique depends on the data type and volume, along with 

the application and task objectives. The problem can be simply divided into regression, 

classification, and clustering. Their definition and typical algorithms are presented in the 

Table 2.1.   
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Table 2.1: Description of typical methods based on the objectives of data analysis problems. 

Data analysis objective Brief description Typical methods 

Pattern in the data 

(clustering) 

An unsupervised method that 

recognises a pattern in the data 

to identify distinct categories 

within the data and cluster them 

accordingly 

Dimensionality reduction 

(PCA) 

k-means clustering 

Gaussian mixture models 

Classification 

Uses categorical datasets and 

classifies items into predefined 

sets of classes 

k-nearest neighbour 

Naïve Bayes 

Discriminant analysis 

Support vector machines 

(SVM) 

Regression 

This method finds a 

mathematical connection 

between independent (predictor) 

and dependent variable 

(response). Used in time-series 

modelling, forecasting, and 

determining the causal 

relationship between predictors 

and response variables 

Gaussian process regression 

Linear regression 

SVM and trees 

Stepwise fitting 

Regularised linear model 

Dynamic linear model 

(transfer function/state-

space) 

Signal processing 

 

To demonstrate how dataset size can be a factor to consider when selecting 

methods for data analysis, Morgenroth, Khan and Perras (2019) developed a graphical 

representation (Figure 2.12) highlighting the amount of data required by different 

modelling methods. The graph was based on the various data-based studies on 

geomechanical datasets reviewed by the authors and their own experience in ML. By data 

redundancy in Figure 2.12, Morgenroth, Khan and Perras (2019) provided insights into 

the number of samples of datasets required to calibrate a trained model, with a view to 

establishing confidence in predictive models. Methods such as SVM, ANN, Decision 
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tree, kNN, Bayesian classification required large volumes of data and would not be 

suitable for small datasets.  

 

 

Figure 2.12: Visual representation of size of dataset required for different modelling methods 

presented by (Morgenroth, Khan and Perras, 2019). 

 

2.2.2.1 Model selection  

Predictive models are chosen based on the aims and objectives of data-driven 

approaches, data type, initial exploration of the data and on the intended engineering use. 

Such models are required to identify relationships between input and output variables, or 

past and current data. Furthermore, they should efficiently incorporate data to provide 

essential information, perform forecasting and predictions. Moreover, models should not 

be overcomplicated or overfit data. An example of such overfitting includes fitting 

models purely against the training data (including noise), which ultimately leads to an 

unreliable model, as presented in Figure 2.13. Occam’s razor philosophy advocates that 

if there are many models that can make good predictions, it is better to select a simple 

model that requires fewer parameters and assumptions. To avoid overfitting, a balance 

needs to be established between low bias and low variance. It should be noted that lower 

bias will result in higher variance, and vice versa (Yang, 2019). 
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Figure 2.13: An example of data overfitting.  

 

If the aim of a modelling study is to purely make predictions and not gain detailed 

insights into the underlying process, ‘Blackbox’ models such as DL and neural networks 

can be used. These models have the ability to make good quality predictions, but it is 

difficult to infer the relationship(s) between variables and they generally require large 

volumes of data. Morgenroth, Khan and Perras (2019) highlighted that ANN require the 

largest volumes of data (Figure 2.12). Descriptive models such as linear regression and 

kNN can provide insights into relationships between variables and require smaller 

volumes of data for modelling compared with ANN.   

For non-stationary time-series datasets (i.e. those which possess a trend), Goulet 

(2020) discussed approaches such as Kalman filtering and state-space models. These 

linear dynamic system methods, which originated from ‘control theory’ and represent a 

linear time-invariant system, can be used to analyse time-series data. Another alternative 

method is the ‘transfer function’ (TF) model, which is equivalent to state-space models. 

Mathematically, both models are interconvertible (i.e. there is a corresponding TF for 

every state-space model, and vice versa) (Åström and Murray, 2021). 
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2.2.2.2 Model performance 

Depending on the type of modelling performed (i.e. classification, regression), 

model performance can be determined by statistical methods, including: 

(i) Classification – classification accuracy rate (CAR), true positive rate (TPR), false 

positive rate (FPR), receiver operating characteristic (ROC) curve, area under the 

curve (AUC) (Hoang, 2018). 

(ii) Regression – coefficient of determination (R2/R-squared), mean squared error 

(MSE), root mean squared error (RMSE), mean absolute error (MAE), mean 

absolute percentage error (MAPE), percentage of bias (PBIAS), Theil U statistics, 

coefficient of efficiency (CE), Akaike’s information criterion (AIC), Bayesian 

information criterion (BIC), and graphs (scatter plots between the predicted values 

and monitored values) (Mustafa et al., 2012; Tseranidis, Brown and Mueller, 

2016; Khosravi et al., 2018; Cavanaugh and Neath, 2019; Pham, 2019; Lu et al., 

2020; X. Yang et al., 2020). 

In time-series data modelling studies, widely used metrics for evaluating the 

performance are presented in Table 2.2. Symbols used in the formulae given in Table 2.2 

represent the following: 𝑥 is the number of data points, 𝑑𝑜 is observed samples, 𝑑𝑝 is 

predicted samples, �̅�𝑜 is mean of observed samples.  

2.2.2.3 Decision making  

This stage concerns the deployment of data-driven models for CEIs, depending 

on the technical objectives. For example, the models can identify a pattern in the data to 

diagnose any deformation experienced by the structure due to dynamic loads or detect an 

unexpected variation during construction. They can also make predictions to establish 

safe and efficient progress during construction or determine an optimised maintenance 

schedule during operation. These exercises can help in decision making regarding 

construction and lifecycle management of infrastructure assets and their usability based 

on the changing dynamics of the loading conditions and material deterioration (Smarsly, 

Hartmann and Law, 2013; Omar and Nehdi, 2016; Kobayashi and Kaito, 2017).   
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Table 2.2: Performance metrics utilised for evaluating time-series prediction models. 

Metrics Formula Brief description 

R2 1 −
∑ (𝑑𝑜,𝑖 − 𝑑𝑝,𝑖)2𝑥

𝑖=1

∑ (𝑑𝑜,𝑖 − �̅�𝑜)2𝑥
𝑖=1

 

Measures how strong the correlation is between the 

predicted and observed data. The value ranges between 0 

and 1. The higher its value, the better the model fits the 

actual data.  

MSE 
∑ (𝑑𝑜,𝑖 − 𝑑𝑝,𝑖)2𝑥

𝑖=1

𝑥
 

Provides the mean of the squared difference between the 

predicted and observed data. Better models yield lower 

value.  

RMSE √
∑ (𝑑𝑜,𝑖 − 𝑑𝑝,𝑖)2𝑥

𝑖=1

𝑥
 

Square root value of the mean squared error. Better 

models yield lower value. 

MAE 
1

𝑥
∑|𝑑𝑜,𝑖 − 𝑑𝑝,𝑖|

𝑥

𝑖=1

 

Provides the mean of the absolute difference between the 

predicted and observed data. Better models yield lower 

value. 

MAPE 
100%

𝑥
∑ |

𝑑𝑜,𝑖 − 𝑑𝑝,𝑖

𝑑𝑜,𝑖
|

𝑥

𝑖=1

 

Measures absolute error between the predicted and 

observed data as a percentage. Better models yield lower 

value.  

  

 

2.3 Data-driven approaches in geotechnical engineering  

Unlike man-made civil engineering materials such as steel and concrete, 

geological materials (i.e. soils and rocks) are heterogenous and developed by complex 

physical and chemical processes. Due to their complex behaviour, assumptions are 

usually required for certain material design parameters and geometrical simplifications to 

solve geotechnical design problems using computational mathematical modelling (e.g. 

finite element analysis (FEA)). Whilst significant progress has been made in developing 

advanced constitutive soil models (particularly over the past 30 years) that can predict the 

geomechanical behaviour of soils and rocks to high levels of accuracy, such modelling 

work is computationally expensive and time-consuming. Furthermore, such constitutive 

models (e.g. modified cam clay, hardening soil with small strain) often require input 

parameters that can only be obtained from sophisticated and expensive laboratory testing. 
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Therefore, the application of data-driven methods in future geotechnical engineering 

practices is becoming ever more important to improve predictions of soil-structure 

interactions. Moreover, there will likely be a wide range of applications for data-driven 

approaches in geotechnical engineering, as there are many situations where relationships 

between variables such as soil stiffness and engineering loadings are poorly understood 

and require determination. Developing data-based models in geotechnics using input-

output parameters is further advantageous as they can be regularly updated with the 

collection of new data to improve prediction quality (Shahin, Jaksa and Maier, 2001).  

Dunnicliff et al. (2012) listed the following ten benefits of geotechnical 

monitoring: “(1) minimising damage to adjacent structures; (2) implementing the 

observational method; (3) revealing unknown conditions (4) assessing a contractor’s 

construction methods; (5) devising remedial measures to address problems; (6) 

improving performance; (7) documenting performance for assessment of damages; (8) 

showing that everything is satisfactory and expected; (9) warning of impending failure; 

and (10) advancing the state of knowledge”.  

Due to the complexity of soil modelling, the data-driven method is also used for 

updating constitutive modelling. Conventional constitutive modelling methods have 

limitations in capturing real soil behaviour due to the approximations taken to develop 

models.  These ultimately lead to inaccuracies in predicting soil behaviour using FEA. 

Javadi and Rezania (2009) reviewed applications of data mining and pattern recognition 

methods, specifically ANN, genetic programming (GP), and evolutionary polynomial 

regression (EPR) for constitutive modelling of soils. However, most of the studies were 

only prototypes to demonstrate the application of models. Very few studies involved 

integration of the models with FE models to estimate the behaviour. Javadi and Rezania 

(2009) suggested that these methods could be applied where soil behaviour is complex. 

However, they emphasised that whilst the models would complement the conventional 

constitutive modelling methods, they should not be used as a substitute (Javadi and 

Rezania, 2009). 

Interests in the collection of geotechnical data and identifying methods for making 

them information rich has been increasing throughout industry and academia. In the UK, 

many organisations have been involved in collecting important geotechnical data. For 

instance, (i) InSAR was used to collect data from the M25 to monitor land subsidence, 
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(ii) for High Speed 2 (HS2), monitoring systems are planned to collect data to provide 

early warnings of soil erosion causing slope stability and climate induced landslides 

(Cooke and Hewlett, 2020). Recently, it has been identified in the study by Infrastructure 

Industry Innovation Partnership (i3P) and HS2 Ltd. that the use of digital technologies, 

including data-driven real-time monitoring, could result in making cost savings of up to 

27% in earthworks activities (Horgan, 2022). Organisations such as Network Rail and 

National Highways are showing interest and plan to enhance their asset performance and 

maintenance activities by incorporating data-driven approaches (Kennedy, 2021b, 

2021a).  

Data-based research by the ACHILLES and CLIFFS research consortia 

(involving Newcastle, Durham, Leeds, Loughborough, Bath and Southampton 

Universities and the British Geological Survey, UK) show how data from earth 

embankments can be used to estimate asset performance and deterioration due to factors 

including climate change. Previous research projects undertaken by the same consortia 

(i.e., BIONICS, FUTURENET and iSMART) were also inclined to data driven approach. 

The BIONICS project involved the construction of a full-scale trial embankment to create 

a database of embankment behaviour. For the iSMART project, the data was used to study 

deterioration of slopes and cracking to improve understanding of in-situ performance of 

geotechnical structures (Dixon et al., 2019; Stirling et al., 2020; Yu et al., 2021). The 

FUTURENET project aims to develop a ‘model architecture’ to forecast long-term 

change in UK’s transport infrastructure resilience, whereby it was realised that there was 

a need to enhance data collection for better and easily accessible database (Dijkstra et al., 

2014).  

Studies on the advancement of geotechnical data acquisition systems using IoT 

technology (which includes sensors, communication hardware, and data processing 

algorithms) has only recently been investigated (Moulat et al., 2018; Abraham et al., 

2020; Ma and Guo, 2020; Carri et al., 2021; Guilhot et al., 2021; Masse et al., 2021). An 

overview of instrumentation suitable for industrial use to collect various geotechnical data 

is presented in Table A.3 (section A.3). 

Research on the application of AI and its incorporation with IoT for real-time 

monitoring show great prospects of data-driven approaches in geotechnical engineering 

(Sharma et al., 2021). For example, Rezania (2008) proposed an evolutionary polynomial 
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regression approach whereas Shin (2001) investigated the use of neural networks to 

improve constitutive models for approximating field behaviour. Samui (2020) and 

Sharma et al. (2021) highlighted a wide range of geotechnical applications, including the 

prediction of soil shear strength, slope stability, ultimate capacity and lateral load of piles, 

determination of bearing capacity for shallow foundations on cohesionless soils, 

determination of soil parameters (e.g. compression index, permeability, effective stress, 

overconsolidation ratio (OCR)) and retaining wall design. Most of the studies in 

geotechnical engineering used ANN for modelling (Figure 2.14).  Previously, Shahin, 

Jaksa and Maier (2001) also reviewed the application of ANN to solve geotechnical 

engineering problems.  

 

 

Figure 2.14: A pie chart summarising algorithms reported by Samui (2020) used in predicting 

soil parameters and geotechnical engineering. 

 

However, limitations identified by Sharma et al. (2021) showed that there was a 

lack of discussion for proper scientific explanation of model results. This was also 

identified by Shahin, Jaksa and Maier (2001) whereby they identified that the studies 

lacked an understanding of ANN modelling theory, proper explanation of the modelling 
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results or how the solution was achieved. As highlighted by Javadi and Rezania (2009), 

the data-driven methods should not underestimate the role and importance of engineering 

judgement. The interpretation of data-driven results by civil engineers would still be 

essential. Moreover, these ANN applications studies did not account for the presence of 

uncertainties within geotechnical parameters. Other limitations were also identified by 

Sharma et al. (2021), including:  

(i) No consistency in the use of performance metrics to check model accuracy; 

(ii) Cleaning and handling missing data were not addressed in previous studies;  

(iii) Most of the studies used advanced AI models on small datasets, which was 

inappropriate since they require large datasets with essential input parameters for 

proper training and validation.  

Furthermore, all of these studies used multiple input variables to develop an 

output model and estimate output parameters, but did not make use of time-series datasets. 

For example, Yousefpour and Fallah (2018) demonstrated the use of ANN to predict the 

undrained shear strength (𝑐𝑢) of clayey soils using data from the San Francisco Bay area 

(USA). The input parameters for ANN were obtained from unconsolidated undrained 

triaxial (UUT) tests, consolidation tests and in-situ cone penetration tests (CPT). Each of 

the input parameters were added to the ANN model until the model achieved its best 

performance. The following significant input parameters for predicting 𝑐𝑢 were 

identified: fines content, USCS classification, dry unit weight, liquid limit, cone 

penetrometer tip resistance, cone penetrometer sleeve friction, soil formation type and 

water content. Samui (2020) also identified multiple input variables for modelling, 

namely: 

(i) for prediction of small ground anchor pull-out capacity: equivalent anchor 

diameter, anchor embedment depth, average cone tip resistance, average cone 

sleeve friction and installation technique. 

(ii) for determination of rock tensile strength: total porosity, sonic velocity, slake 

durability index and aggregate impact value.  

(iii) for determination of OCR: cone resistance, total vertical stress, hydrostatic pore 

water pressure and pore water pressure for site characterisation (latitude, 

longitude, depth).  
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Due to the use of multiple input variables, the above studies were dependent on 

the availability of all input parameters required to make predictions. In cases where all of 

the parameters are not available, it is important to select appropriate algorithms whose 

prediction capability would not be adversely affected if some parameters were missing 

(Sharma et al., 2021). Moreover, a single modelling method will not be appropriate for 

solving all geotechnical problems (Zhang et al., 2021).  

Although non-linear modelling methods such as ANN have been successfully 

demonstrated in many studies, data-driven approaches in geotechnical engineering still 

need further advancement; specifically regarding instrumentation, data volume and 

quality. Moreover, further exploration is required for identifying suitable models in 

situations where the size of datasets is not large. Currently, the use of disruptive 

technologies such as AI and big data in the ground engineering sector are in their early 

stages, where their use is mostly restricted to research projects (Zhang et al., 2021).  

2.3.1 Case studies 

This section provides a brief overview of data-driven studies based on 

geotechnical components of civil engineering infrastructure, specifically embankment 

construction and slope stability. An overview of other geotechnical infrastructure case 

studies is presented in Appendix A (section A.2).  

2.3.1.1 Embankments 

Pham et al. (2019) used a hybrid predictive model comprising a multi-layer 

perceptron (MLP) neural network and biography-based optimisation (BBO) for 

predicting the coefficient of consolidation (𝑐𝑣) for soils used in embankment design. The 

dataset consisted of 164 soil samples collected from two highway projects (Tan Vu-Lach 

Huyen and Ha Noi-Hai Phong) in Vietnam. The predictive model used clay content, 

moisture content, liquid limit, liquidity index, plastic limit and plasticity index as input 

parameters. The result of the hybrid model was compared with other AI models such as 

support vector regression (SVR), M5 tree, Gaussian process, radial basis functions neural 

networks (RBFNN) and backpropagation multi-layer perceptron neural networks (BP-

MLP). By comparing them with performance metrics (MAE, RMSE, correlation 
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coefficient), the hybrid model proposed by Pham et al. (2019) showed the best 

performance. 

Pham et al. (2019) also studied the prediction of the coefficient of volume 

compressibility (𝑚𝑣) for clays sourced from the Hai Phong-Ninh Binh highway in 

Vietnam. A total of 13 input parameters (depth of sample, bulk density, specific gravity, 

dry density, void ratio, porosity, moisture content, degree of saturation, clay content, 

liquid limit, liquidity index, plastic limit, plasticity index) were used with a view to 

estimating the primary consolidation settlement behaviour of the soil.  ANN, adaptive 

network based fuzzy inference system (ANFIS) and SVM methods were used for making 

predictions. By comparing the models with RMSE, MAE and R2 metrics, SVM was found 

to have the best performance. Sensitivity analysis was performed by using the Monte 

Carlo approach to reduce the number of input parameters and identify those that were 

most significant (i.e. depth of sample, specific gravity, degree of saturation and clay 

content). Pham et al. (2019) recognised that it was important to reduce the number of 

input parameters to reduce the computational time and ensure that models did not get 

affected by multicollinearity (i.e. high correlations between input parameters). However, 

this could have been solved by undertaking data preprocessing (e.g. PCA) before making 

any predictions. 

2.3.1.2 Slope stability 

Wei et al. (2021) studied slope stability using pore water pressure data from 

natural terrain slope near North Lantau Expressway in Hong Kong. The case study 

involved the installation of piezometers and tipping-bucket rain gauges for pore water 

pressure and rainfall data collection, respectively. The raw dataset comprised hourly 

measurements of rainfall and pore water pressure, providing 1,224 hours of data. The 

study used ML methods to develop a time dependent prediction model: 75% of the dataset 

was used for model training and 25% for testing. Wei et al. (2021) preferred the use of 

data-driven methods over analytical and numerical methods, whose predictions could not 

match the field behaviour due to “high non-linearity of soil properties, unknown 

boundary and initial conditions, various uncertainties involved in prediction models”. 

Advantages and applications of recurrent neural network (RNN) for predicting pore water 

pressure were explored. Three variations of recurrent methods were compared with 
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conventional ANN. The prediction results of standard RNN, long short-term memory 

(LSTM) and gated recurrent unit (GRU) were compared with multi-layer perceptron 

(MLP) ANN model. Among the RNNs used, LSTM and GRU showed better results as 

they also dealt with time lags between rainfall events and pore water pressure responses 

in soils. Time lag was observed in this study at a measurement point (Figure 2.15(b)). 

This was because a piezometer was installed in a layer of low permeability, completely 

decomposed volcanic (CDV) rock (i.e. weathered volcanic rocks).  Rahardjo et al. (2007) 

presented a graphical presentation of how soil pore water pressure responds due to rainfall 

(Figure 2.15(a)). Furthermore, Rahardjo et al. (2007) discussed that the lag depends on 

soil permeability, whereby low permeability soils would exhibit significant lags in pore 

water pressure responses.  

 

 

Figure 2.15: (a) Effects of rainfall on change in pore water pressure of soil and (b) time lag 

between event and repsonse due to soil permeability (Rahardjo et al., 2007; Wei et al., 2021).   

 

Mustafa et al. (2012) also used time-series data for studying slope stability, 

whereby RBFNN was selected for predicting pore water pressure variations over time in 

response to rainfall. Since the model only used rainfall and historic pore water pressure 

data, it was advantageous over numerical models that typically require many input 

variables such as rainfall, soil depth, physical and the geomechanical properties of soil. 

Although the method provided good prediction results, these cannot be used alone for 

understanding what factors are affecting pore water pressure.  
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2.4 Soil settlement 

2.4.1 Theoretical background 

Soil settlement is one of the most important considerations during the construction 

of any CEI. It is important to ensure that civil engineering structures experience uniform 

and limited settlement during their construction and operation, and that it does not affect 

the serviceability of the structure. For highway and railway infrastructure, earth 

embankments are one of the most common and important structural components. 

Embankments are constructed directly on to the ground surface, whereby during their 

construction the foundation soils will experience settlement upon the application of 

engineering loads (e.g. layers of engineering embankment fill and construction plant 

traffic). Soil settlement behaviour comprises multiple components which occur in the 

following sequence as shown in Figure 2.16 (Smith, 2014; Carter and Bentley, 2016): 

i. Upon application of engineering loads, soils experience ‘immediate settlement’ 

involving their reconfiguration into a denser state (vertical compression) by 

expulsion of air from voids and elastic compression of the soil particles. This 

results in an increase in pore water pressure within saturated soils. 

ii. The onset of excess pore water pressure dissipation marks the start of ‘primary 

consolidation’. This results in a reduction in soil volume and therefore settlement 

of the foundation soils, which continues until excess pore water has fully 

dissipated. This process is widely recognised to be time-dependent (Smith, 2014).  

iii. Depending on the soil type, secondary consolidation (also known as creep) may 

occur upon completion of primary consolidation. This long-term process is 

characterised by plastic flow, i.e. the slow continuous rearrangement (shear strain) 

of soil particles due to the continued application of shear stress on the soil. 

Although laboratory tests suggest that secondary consolidation starts after primary 

consolidation, the precise identification of this transition is difficult. Since it can 

take a long time for excess pore water pressures to dissipate (depending on 

permeability), there may be a period when primary and secondary consolidation 

occur simultaneously (Smith, 2014).  

The sum of all three settlement components is referred to as ‘final settlement’ (𝑆):  
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 𝑆 =  𝑆𝑖 + 𝑆𝑝 + 𝑆𝑐 (2.1) 

where 𝑆𝑖 is immediate settlement, 𝑆𝑝 is primary consolidation and 𝑆𝑐 is secondary 

consolidation or creep (Tomlinson and Boorman, 2001).  

 

 

Figure 2.16: Sequence of soil settlement; after (Kouretzis, 2018). 

 

According to Atkinson (2000), soils typically experience 50% consolidation 

settlement during the initial 10% of the total time taken by the soil to reach steady-state. 

Furthermore, Atkinson (2000) highlighted that the following factors directly influence 

the amount of settlement experienced by foundation soils: 

i. soil permeability (also known as hydraulic conductivity); 

ii. drainage path length (whereby long drainage paths will lead to slower rates of 

seepage flow); 

iii. soil strength (whereby soils with low strength values experience larger amounts 

of settlement); 

iv. stiffness and compressibility (whereby soils with low stiffness / high 

compressibility values experience larger amounts of settlement); 
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v. magnitude of engineering loads applied; 

vi. duration for which engineering loads are applied. 

Permeability is one of the most significant factors that dictates the magnitude of 

settlement experienced. Coarse grained soils such as sands and gravels are highly 

permeable (typical values of permeability (𝑘𝑝) ranging between 1 × 10−3 and 1 × 10−5 

m/s) (Powrie, 2012). Therefore, their associated settlement due to surcharge loading is 

immediate due to rapid dissipation of excess pore water pressure. Atkinson (2000) termed 

loading on granular soils as drained loading. Dense sands and gravels, stiff or hard clays 

exhibit relatively little immediate settlement. Contrastingly, fine grained (cohesive) soils 

such as silts and clays are characterised by much lower levels of permeability (𝑘𝑝 = 

1 × 10−6 to 1 × 10−9 m/s) (Powrie, 2012). Therefore, the seepage and dissipation of pore 

water pressure is very slow, resulting in long consolidation periods. Secondary 

consolidation is most significant in soft organic soils such as peats. 

Generally, for embankment design, geotechnical engineers consider immediate 

and primary consolidation during the construction. Secondary consolidation usually 

occurs after the placement of the final layer of embankment fill. Immediate settlement of 

cohesive soils is typically calculated using total stress analysis with undrained parameters. 

For solving most primary consolidation settlement problems, Terzaghi’s one-dimensional 

(1-D) consolidation theory is used, which assumes that strain and seepage in soil is only 

prominent in the vertical direction. 1-D is considered for its simplicity, whereas 3D is 

only applied in a few more complex scenarios (Atkinson, 2000). Reliable prediction of 

immediate and primary soil settlement using the above-mentioned methods requires a 

thorough assessment of ground conditions and measurement of soil properties – namely 

permeability and compressibility. 

In addition to the factors identified by Atkinson (2000), the rate and magnitude of 

settlement also depends on how much strength and stiffness has been gained through 

consolidation during the construction stage. A useful and serviceable life of a CEI 

depends on the embankment’s level of settlement. Any excessive settlement can reduce 

the stability and life of the embankment, and therefore the CEI. The effects of climate 

change are also having negative effects on embankments. For instance, intense rainfall 

and flash flooding can reduce the stability of embankments since geotechnical parameters 

such as effective shear strength are sensitive to the addition of water (Binti Sa’adin et al., 
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2016). Figure 2.17 shows an example of embankment slope failures triggered by extreme 

and adverse weather conditions.  

 

 

Figure 2.17: Section of failed A86 road embankment running parallel to Glasgow-Fort William 

rail route (Smith, 2020). 

 

Damage to infrastructure embankments is critical since it can lead to significant 

disruptions, including failure of railway tracks, train derailments, failure of highway 

pavements and vehicular traffic collisions. Therefore, understanding and identifying the 

emerging risks to earth embankments at the design and construction stage by adopting 

better construction techniques, sustainable materials, effective asset management during 

and after extreme events would increase CEI’s resilience to climate change (Binti Sa’adin 

et al., 2016). 

2.4.1.1 Settlement in glacial soils 

The settlement behaviour of geotechnical structures becomes much more complex 

when they are underlain by numerous different soil layers, which can experience different 

rates of settlement. This presents more adverse effects on the serviceability of earth 
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embankments (Flynn et al., 2016; Briggs, Loveridge and Glendinning, 2017), thereby 

making settlement predictions more difficult through the use of traditional calculation 

methods (Clarke, 2015).  

In the UK, 60% of the ground surface is covered by glacially-derived soils, which 

comprise a complex mixture of clays, silts, sands, gravels, and cobbles (Clarke, 2015). 

This is due to the wide range of glacial depositional environments (e.g. glaciolacustrine 

and fluvioglacial), which in turn results in spatial variations and complexities in terms of 

soil composition, level of consolidation and fabric. A summary of the different types of 

glacially derived soil is presented in Table 2.3.  

 

Table 2.3: Summary of different types of glacially derived soils (Clarke, Hughes and Hashemi, 

2008; Clarke, 2015). 

Type of 

glacial soil 

Typical 

Composition 
Consolidation states Strength / Stiffness 

Deformation 

till 

Rock fragments/ 

matrix of gravel, 

sands, silt clays, 

pulverised rock dust 

including laminated 

clay, lenses of sands 

and gravels 

Variably 

overconsolidated 
Spatially variable 

Lodgement 

till 

Very dense mixture 

of sands, silts and 

clays or pulverised 

rock dust 

(Commonly, clay 

matrix with gravel) 

Lightly to heavily 

overconsolidated 
Very strong 

Melt-out till 

Less dense mixture of 

sands, silts, and clays 

or pulverised rock 

dust 

Lightly 

overconsolidated 

Variable and lower than 

lodgement till 

Flow till 
Mixture of clay, 

sands and gravels 

Normally 

overconsolidated 

Equivalent to normally 

consolidated deposits 
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Clarke (2018) stated that sampling, testing and classification of glacial soils for 

engineering purpose was very difficult since their engineering properties, structure and 

composition vary spatially and are anisotropic. For engineering purposes, soils are 

generally classified as very-coarse grained, coarse grained, fine-grained or organic in 

accordance with BS5930 (BSI, 2015). However, due to the compositional complexity of 

glacial soils, their classifications can be variable. This can result in unexpected and 

inconsistent engineering behaviour. Therefore, their formation through depositional 

processes, which influence their mechanical properties (e.g. density, compressibility / 

stiffness, permeability and anisotropy), should be considered while selecting design 

parameters.  

Moreover, soil testing methods such as standard penetration test (SPT), 

oedometer, triaxial and shear box for determining design parameters may not always 

provide the most accurate or representative values due to difficulties in obtaining high 

quality soil samples (Buggy and Kissane, 2016), except for sites where the predominant 

soils are simply clays and sands (Clarke, 2015). Therefore, Clarke (2018) recommended 

the following activities to better understand the formation of tills and provide knowledge 

to determine design values: (i) spatial variation should be investigated initially to make 

decisions on of the sampling strategy for ground investigations, (ii) boreholes, samples 

and in-situ tests should be abundant and exceed the minimum number as given in 

Eurocode 7 design standards, since they would help in reducing uncertainties associated 

with the ground conditions, and therefore levels of conservatism. 

In addition to obtaining fresh datasets for the ground conditions at a site, it is also 

important to study data generated from previous ground investigation and construction 

projects at nearby sites. Clarke (2015) suggested that projects involving the design of 

geotechnical structures on sites occupied by glacial soils should use regional databases of 

soil profiles and testing data for estimating design parameters. This would enable easy 

comparisons between new sites and the regional database. If there are good levels of 

agreement, parameters from the database can be used under the condition that experienced 

engineering judgement is adopted, whilst incorporating reasonable levels of 

conservatism. Otherwise, Bayesian statistics can be used to estimate their parameters. 

These recommendations were based on Clarke’s earlier study, whereby a database of 

glacial soil characteristics in the North-East region of England was developed as a 
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framework to determine characteristic values for geotechnical design parameters (Clarke, 

Hughes and Hashemi, 2008). 

Clarke, Hughes and Hashemi (2008) used a database of 5,500 samples of glacial 

till collected from different sites in Northumberland, representing an area of 200 km2. 

Vardanega and Bolton (2011) similarly built a database for London clay consisting of 

triaxial test data. However, establishing an extensive database for glacial soils was unique. 

North-East tills are usually characterised into three layers: upper till, a middle 

discontinuous layer of sand, gravel and limited clays, and lower till. For their study, 

samples were classed into five groups: three were grouped based on colour (upper red till, 

lower red till, lower grey till), with the remaining two groups based on their fabric 

(laminated clay, sands and gravels). However, Clarke, Hughes and Hashemi (2008) only 

focussed on tills that could be distinguished by their colour since these formed a major 

part of the till. Mean and quartile ranges of Atterberg limits, unit weight, water content 

and 𝑐𝑢 of samples were estimated. Furthermore, skewness and kurtosis were used to 

create baseline design parameters. It was expected that by using Bayesian statistics on the 

values obtained, “less cautious design parameters” could be determined. Clarke, Hughes 

and Hashemi (2008) concluded that: (i) North-East England’s glacial tills are heavily 

over-consolidated, whereby lower layers are more over-consolidated than the upper 

layers, (ii) tills can be considered as inorganic clay with lower layer having stiffer, denser, 

and lower plasticity than the upper layer.   

Soil characteristics of glacial till were also studied by Al-Moadhen, Clarke and 

Chen (2018), along with other composite soils – by preparing a composite mixture of 

clays (kaolinite, bentonite, illite and sepiolite) and sands (medium and fine sands). Soil 

permeability was primarily used to study the characteristics of composite soils, since it is 

the most important parameter to differentiate fine-grained and coarse-grained soil. Based 

on the influence of engineering behaviour for composite soils, they can be classified as 

‘matrix-dominated’ (plastic behaviour) where fine-grained soil makes up more than 35%, 

and ‘clast-dominated’ (non-plastic behaviour) where fine-grained soil is less than 20%. 

There is a transition zone (20 - 35% fine-grained soil), whereby the mechanical behaviour 

of the soil depends on confining stress and the particle size distribution. Soil permeability 

of composite soils in the transition zone is higher than matrix-dominated composite soil 

as more coarse-grained fractions are present (Al-Moadhen, Clarke and Chen, 2018). 
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Discontinuities may be occasionally present within matrix-dominated tills, due to 

depositional and post-depositional processes introducing coarser particles into the soils. 

Such discontinuities can result in reductions in strength and stiffness, and increases in 

permeability. Such changes in soil properties could prove to be challenging during 

engineering activities such as excavation. Therefore, caution is required when working 

with glacial tills on sites (Clarke, 2018). 

2.4.2 Soil settlement in embankment design  

The 100-120 years design life of earth embankments (Burland and Chapman, 

2012) depends on the behaviour of the foundation soil settlement due to loading (Yu et 

al., 2020). It is important to determine whether the foundation soils have sufficiently 

consolidated during the construction phase, and that future differential settlement is not 

likely to result in bearing capacity failures during operation.  

The construction process adopted for embankments generally involves staged 

filling of engineered soils, along with the installation of prefabricated vertical drains 

(PVD) in the underlying foundation soils to expedite the drainage and shorten 

consolidation time (Figure 2.18). This approach ensures that the foundation soils gain 

sufficient effective shear strength and achieve adequate levels of consolidation to ensure 

stability of the embankment throughout the construction phase (Dunnicliff, Marr and 

Standing, 2012; Indraratna, 2015). In addition to PVDs, there are many other methods 

that can be adopted in the ground engineering industry to provide improved drainage 

paths such as sand drains, sand compaction or gravel piles and stone columns. However, 

PVDs are more preferred since they are low cost and are environmental-friendly with 

respect to quarrying associated with granular materials. Furthermore, the risk of lateral 

ground movement is significantly lower when PVDs are used (Indraratna, 2015). It is 

important to incorporate the improved drainage effects of PVDs in the consolidation and 

strength characteristics of soils during the design stage (Saputro, Muntohar and Liao, 

2018). Indraratna and Redana (2000) and Ma et al. (2011) discussed effective numerical 

modelling of PVDs for predicting embankment settlement by equating their effects to 

vertical hydraulic conductivity, and by incorporating the effects of smear and well 

resistance. Furthermore, Indraratna (2015) proposed design charts to determine 

specifications for the installation of PVDs. However, on-site issues related to PVDs may 
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occur such as reduced discharge due to high lateral earth pressure, excessive settlement 

and/or blockage of PVD drains with fines (Indraratna and Redana, 2000). These can 

influence the anticipated consolidation, resulting in field settlement behaviour markedly 

different from numerical predictions. 

 

 

Figure 2.18: Embankment consolidation with and without PVDs; after (Vertical Drains, 2021). 

 

Instrumentations (such as extensometers and piezometers) are also installed 

beneath the embankments during construction to monitor settlement and pore water 

pressures generated in the foundation soils. Their readings are analysed to allow 

confirmation of design predictions of ultimate settlement and minimum hold periods 

needed between the completion of staged embankment fills. An overview of typical 

instruments used in industry and potentially advanced instrumentation available for 

geotechnical monitoring is presented in Appendix A (section A.3). 
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2.4.3 Analytical and data-based settlement prediction methods 

It is common industrial practice to calculate the maximum ground settlement 

expected for geotechnical structures by using one or a combination of the following: i) 

numerical consolidation theory, ii) analytical finite element modelling (FEA) and iii) 

observational curve fitting methods (Chen, Li and Xu, 2016; Yu et al., 2020). Numerical 

and analytical approaches are considered to be quite complex – particularly FEA, since it 

is very difficult to replicate the on-site ground conditions for accurate prediction. 

Heterogeneity within soil layers beneath sites is a source of significant uncertainty, which 

consequently makes prediction of soil behaviour extremely challenging (Al-Shamrani, 

2005). In addition, large high-quality in-situ and laboratory investigation datasets are 

required to derive soil parameters needed for using numerical and analytical modelling. 

However, performing such testing (e.g. triaxial, pressuremeter) is often very expensive. 

Therefore, the ground engineering industry often relies on the use of empirical 

correlations between simple intrinsic soil properties (e.g. plasticity index) and more 

complex soil mechanical properties (e.g. shear strength and compressibility) (Burland, 

1990; Terzaghi, Peck and Mesri, 1996; Carter and Bentley, 2016; DeGroot et al., 2019) 

Tschuchnigg and Schweiger (2018) used 2D and 3D FEA to predict soil 

settlement over time. Time-settlement curve results for different soil depths were 

compared with settlement measurements from MEs. In their study, it was realised that 

FEA cannot accurately predict soil settlement prediction due to assumptions and soil 

heterogeneities. Chan, Poon and Perera (2018) used the 1-D numerical analysis approach 

for predicting soil settlement for an embankment and observed that the method under-

predicted the true settlement. Furthermore, it did not consider shear deformations 

(associated with the yielding of soft soil) within the shallow sub-surface during 

embankment construction, which might be the reason for the under-estimation.  

Rezania et al. (2018) developed an elasto-viscoplastic constitutive soil model 

(EVP-SANICLAY model) and compared its performance with Mohr-Coulomb (MC) and 

modified Cam Clay (MCC) models for predicting settlement behaviour of a simulated 

Ballina test embankment on soft soil (New South Wales, Australia) for over three years 

after construction. It was observed that the EVP-SANICLAY model performed better in 

predicting soil settlement, since it considered a few “fundamental features of natural soil 

behaviour” such as "anisotropy, sensitivity, and time-dependency”. These features were 
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considered by including rotational hardening, destructuration, and viscosity parameters 

in the constitutive model. However, discrepancies were observed between the predictions 

made and field measurements, which was inevitable due to the limitations of numerical 

modelling of complex soil behaviour underneath structures. 

Kelly and Huang (2015) presented a proof-of-concept whereby they used the 

Bayesian updating approach to improve the accuracy of predictions, which could be used 

for making decisions during embankment construction. This increases the confidence in 

prediction more than in the design phase. The field measurements of soil settlement and 

pore water pressure were generated through analytical expressions as suggested by 

Atkinson (2007), which were used to update soil parameters by using the Markov chain 

Monte Carlo method. The updated soil parameters, such as coefficient of volume of 

compressibility (𝑚𝑣), load due to fill, coefficient of vertical consolidation (𝑐𝑣), were used 

to predict future settlement using one-dimensional consolidation model. Although there 

were initially marked differences between the measured and predicted measurements, 

convergence was eventually achieved as new measurements were included to further 

update the parameters. The study showed convergence of predicted and measured 

settlement before 50% consolidation had been achieved. However, the study has 

limitations as it did not involve the validation of predictions against on-site 

measurements. Moreover, only one layer of embankment fill with a single foundation soil 

layer underneath were considered. The consideration of multi-layered soil and PVDs with 

FEA modelling to generate measurements were recommended for future works. To use 

the approach on real structures, Kelly and Huang (2015) suggested proper planning of 

instrumentation. 

2.4.4 Development of prediction models using field measurements 

Recently many authors have used open field measurement datasets available for 

the full-scale Ballina clay test embankment in Australia to develop settlement prediction 

models. These studies aimed to gather information regarding current industrial practices 

for predicting soil settlement, lateral deformation and pore water pressure responses 

(Kelly et al., 2018). Kelly et al. (2018) observed that Australia’s practice of prediction 

methods are similar to those adopted internationally. Furthermore, their study concluded 

that although it is very common to study soil behaviour beneath an embankment, accurate 
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behaviour is difficult to monitor and predict based on current practices. It was suggested 

that the quality of data collected from laboratory testing and field measurement should be 

improved as a part of the process for ensuring more accurate predictions of embankment 

behaviour.  

Zheng et al. (2018) used Ballina clay test embankment data to demonstrate the 

back analysis method to update soil parameters for predicting soil settlement. Among 

many methods listed for back analysis (e.g. maximum likelihood, artificial intelligence, 

extended Kalman filter, Bayesian method), Zheng et al. (2018) determined Bayesian 

updating as a robust method. The multi-chain Markov chain Monte Carlo algorithm was 

used for Bayesian updating of soil parameters, which in turn were used to predict future 

settlement through the Cam Clay model. Up to 496 days of settlement data were required 

to converge the predicted settlement with field monitoring data in the range of 1 standard 

deviation. Zheng et al. (2018) also recommended using Bayesian analyses for the 

improvement of numerical and constitutive models. This study can be regarded as a 

further development of the stochastic method demonstrated by Kelly and Huang (2015) 

for settlement prediction, as discussed in section 2.4.3. Kelly and Huang (2015) did not 

use on-site settlement and pore water pressure measurements, instead they generated data 

by analytical expressions. Moreover, multiple soil layer and installed PVDs were not 

considered while generating the data.  

Farnsworth, Bartlett and Lawton (2013) also addressed multi-layered soil problem 

with drainage by using field measurement from the embankment construction project I-

15 Salt Lake City, Utah (USA). They demonstrated the potential of finite difference and 

semi-empirical methods in estimating rate of soil settlement. However, these required 

many different soil parameters for predicting the settlement of individual soil layers.  

Yu et al. (2020) developed a prediction model by using in-situ data collected from 

a site of embankment construction on soft soil in Fu Jian, China. The data was collected 

manually by visiting the site and using the following instruments: earth pressure cells, 

piezometers, layered settlement gauges, inclinometers and settlement profilers. Using 

field measurements, Yu et al. (2020) demonstrated the hyperbolic curve fitting method 

as a reliable on-site method to predict the amount and time of final settlement for each 

fill stage to assist in planning for hold periods during the construction of highway 

embankments on soft ground.  
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Data-driven models can be utilised to study the long-term behaviour of 

embankments by predicting settlement from historical data. These models can be further 

used to update soil parameters by back analyses to make decisions on installing PVDs to 

accelerate consolidation in soft soil (Zheng et al., 2018). Moreover, since many field and 

laboratory testing datasets make assumptions for determining soil parameters for model 

development, updated soil parameters could also improve estimated settlement using 

simple (such as 1-D consolidation or the Terzaghi method) and analytical (such as FEA) 

modelling approaches (Chan, Poon and Perera, 2018; Saputro, Muntohar and Liao, 2018).  

For investigating soil settlement behaviour, a balance between theoretical 

geotechnical predictions and the use of field measurements should be maintained. This 

assists in establishing a better understanding of settlement rates in heterogeneous 

foundation soils beneath embankments (Farnsworth, Bartlett and Lawton, 2013). 

Moreover, since soils have complex characteristics, it will often require engineering 

judgements while making predictions and data interpretations.  

2.4.4.1 Curve-fitting methods for settlement prediction  

In contrast to complex computational methods such as FEA, observational curve 

fitting is a much simpler approach for predicting ultimate soil settlement and does not 

require elaborate soil testing. These methods utilise in-situ soil settlement data obtained 

from field instrumentation for collecting on-site soil behaviour during the construction 

phase. These curve fitting methods reflect in-situ soil behaviour and provide reliable 

predictions of final settlement. Therefore, such methods are becoming increasingly 

important for predicting settlement on sites occupied by highly compressible soils (Yu et 

al., 2020). Based on the complexity of glacial soils, the observational curve fitting method 

would be a desirable approach for predicting soil settlement. 

Many research studies involving a range of observational curve-fitting methods 

have been undertaken to estimate ultimate soil settlement; for example the Asaoka 

method, hyperbolic method, three-point method, expanded hyperbolic method, and Li 

(2014)’s simplified method (Li, 2014; Chen, Li and Xu, 2016; Benamghar and Boudjellal, 

2017). The two most well-established and widely used methods are the Asaoka and 

hyperbolic methods (Tan and Chew, 1996). The Asaoka method is based on the concept 

that soil progresses towards final settlement, whereby the relationship between 
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settlement, current time (𝑆𝑡) and previous time (𝑆𝑡−1) will be linear (Tan and Chew, 1996; 

Farnsworth, Bartlett and Lawton, 2013). The method utilises the gradient and intercept of 

this linear function to determine the final settlement. Whereas the hyperbolic method is 

based on the comparison between the plots of Terzaghi’s time factor-consolidation ratio 

vs time factor and in-situ time-settlement ratio vs time, as shown in Figure 2.19.  

 

 

Figure 2.19: (a) Terzaghi’s time factor-consolidation ratio vs time factor showing linearity 

between 60% and 90% degree of consolidation is the basis of (b) hyperbolic method that finds 

slope of the linear line to estimate final settlement by plotting in-situ time-settlement ratio vs 

time (Li, 2014).  

 

There are similarities between these plots shown in Figure 2.19 (Tan and Chew, 

1996; Guo, Chu and Nie, 2018). Linearity can be observed between 60% and 90% 

consolidation, whereby the gradient of this linear line is used to calculate final settlement. 

The equation of this linear result can be rearranged to form a hyperbolic equation, 

deducing that the settlement-time follows a hyperbolic curve.  

Recently, limitations of Asaoka methods have been highlighted by a number of 

researchers. While discussing the limitations and scope of the Asaoka method for 

estimating the end of primary consolidation, Farnsworth, Bartlett and Lawton (2013) 

indicated that the  Asaoka method’s assumption of uniform strain occurs throughout the 

soil profile is not valid for scenarios involving multi-layered soil profiles. When 

engineering loadings are applied, the strains accumulated are greater in the upper layers 

than for the lower layers. Different soil layers have different strain profiles due to varying 

levels of shear stiffness. Hence, consolidation rates also vary across different soil layers. 

Therefore, the Asaoka method is appropriate for surface settlement prediction, but less so 
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for studying the settlement of multi-layered soil profiles. Urzua, Ladd and Christian 

(2016) highlighted another limitation of the Asaoka method regarding the prediction of 

final settlement using soil’s in-situ state of consolidation in early stages (i.e. when the 

degree of consolidation is less than 0.5). During the early stages of consolidation, the 

method was found to poorly predict final consolidation settlement - producing errors as 

large as 50%. For such scenarios, field ME measurements would be required in 

combination with pore water pressure measurements from VWPs. Both of these field 

measurements can be used to determine coefficient of consolidation (𝑐𝑣) and final 

consolidation settlement using two error function methods (analytical method) and 

Johnson’s incremental time (graphical method) (Urzua, Ladd and Christian, 2016). 

Other refined observational methods have been developed, which consider factors 

such as staged embankment filling and drainage behaviour due to the installation of PVDs 

(Tan and Chew, 1996; Yu et al., 2020). Li (2014) proposed a simplified observational 

technique based on the 1-D consolidation equation and the Asaoka method to predict 

settlement trend over time (i.e. settlement at a given time ‘t’). This was applied to a case 

study and performed better than the hyperbolic method for small-scale settlement and the 

Asaoka method for predicting initial post-construction soil settlement. However, this 

technique required estimation of final settlement by the Asaoka method. Al-Shamrani 

(2005) proposed a combination of the hyperbolic method and the ratio of coefficient of 

secondary compression to compression index with a view to predicting secondary 

compression with final primary settlement. This approach was developed for soil 

formations where secondary compression is significant and required to be determined 

with primary settlement. Yu et al. (2020) developed an improved framework for final 

settlement prediction for each stage of filling using the hyperbolic method, which 

assumed that the time-settlement curve follows a hyperbolic path for each stage of filling 

if sufficient time is allowed for the soil to consolidate for each stage.  

2.5 Knowledge gaps  

“Monitoring is widely deployed when problems are found or suspected, but less 

so far for long term proactive purposes. The reason behind this is the budget do not allow 

for more upfront investment to avoid risk ” (Cooke and Hewlett, 2020).  
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Current data collection methods used during embankment construction do not 

produce large volumes of data. However, no matter the size of the dataset, they can be 

utilised to create useful information. One major challenge regarding highway and railway 

embankments is to draw upon data-driven concepts and apply them to design a data-

driven framework, with a view to increasing awareness on the importance of data.  

Smith (2014) highlighted that the two most complicated factors which directly 

influence the planning for constructing geotechnical structures are final settlement and 

the rate of settlement. Most of the published data-driven studies on settlement have 

focussed on the prediction of final settlement. However, the rate of settlement (i.e. 

settlement trend) has been less investigated. In addition, short-term predictions of 

settlement trends during construction based on site data have not been investigated, and 

therefore, there is no appropriate framework present in the literature. “Monitoring at 

construction stage is important as these systems allow wider 'testing' to catch issues 

earlier and amend them. Earlier, assurance of earthwork done to design standard by 

contractor was mainly based on spot checking or blind promise” (Cooke and Hewlett, 

2020).  

In summary, the knowledge gaps can be listed as follows: 

(i) Instrumentation typically used for monitoring geotechnical embankment 

settlement usually produces small datasets. However, most data analytics 

approaches generally require large datasets. 

(ii) There has been limited work undertaken to investigate settlement trends in data-

driven studies.  

(iii) Short-term forecasting for soil settlement trends using field measurement has not 

yet been investigated during the construction phase of embankments.  

(iv) There are no well-defined existing strategies for preprocessing geotechnical 

instrumentation data used by the ground engineering industry.  

This study addresses these knowledge gaps by proposing new strategies for data 

preprocessing and approaches for short-term prediction to valorise small datasets, and to 

include a data-driven approach from the start of construction.  
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2.5.1 Data preprocessing  

A preliminary step in developing data-driven models is data preprocessing, which 

allows for improvements in the data quality. Data analysis methods for developing data-

driven models are sensitive to data quality. Therefore, error-prone data might lead to 

incorrect interpretations (Chu et al., 2016). Improving the quality of raw datasets ensures 

that data analysis results will be more reliable (Klein and Lehner, 2009; Zheng et al., 

2018). According to Bell (2014), the amount of time required for data preprocessing could 

be more than the later processes of data analyses and data-driven modelling.  

Whilst there have been various case studies involving the use of data analysis to 

predict soil behaviour (Yousefpour and Fallah, 2018; Yuanqiang Cai et al., 2018), there 

are currently no well-defined strategies for data cleaning in terms of geotechnical 

instrumentation. The quality of data from real monitoring sites can be affected by the 

following factors: large scale deployment of various instruments leading to heterogeneous 

data, storage capabilities and discharge from sensor batteries, loss of network connection, 

errors in sensors, environmental effects on sensors, restricted data accumulation due to 

privacy preservation, security attacks, and the processing method of data stream (Zhang 

et al., 2021).There are a limited number of studies where soil settlement data has been 

collected by instruments and compared with the numerical/analytical result (Gong and 

Chok, 2018). However, most of these were experimental with very limited opportunities 

to receive or work with noisy data.  

2.5.2 Short-term settlement prediction 

In the literature, the application of field monitoring data and curve fitting methods 

are mostly limited to validating the final settlement predicted at the design stage. 

However, these can also be utilised to forecast short-term soil settlement in real-time to 

indicate the rate of intermediate soil settlement. Based on case studies for other civil 

engineering applications (Kagoda et al., 2010; S. Wang et al., 2020; Zhou et al., 2020; 

Avci et al., 2021), time-series statistical models can be used to predict short-term soil 

settlement and thus effectively utilise the instrumentation data. The short-term predictions 

not only provide continuous feedback regarding soil settlement during the embankment 

construction process, but they can also assist in highlighting errors in instrumentation. 
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These can then be improved to ensure that construction decisions are based on accurate 

data.  

The application of short-term forecasting has not yet been investigated for soil 

settlement during earth embankment construction, although it has been widely adopted in 

other fields of civil engineering, such as highway traffic forecasting. Research on short-

term traffic forecasting is abundant and varies from simple linear regression and 

polynomial curve fitting to complex ML models (Sun et al., 2003; Ciont, Cadar and 

Iliescu, 2015; Shang et al., 2016; Yanguang Cai et al., 2018). Other short-term studies 

include the prediction of energy consumption of dam intake towers and the detection of 

leakage in water pipelines (Shao et al., 2019; Lu et al., 2020). 

Although there are many curve fitting methods available for settlement data to 

predict final settlement, their implementation is not feasible for consecutive settlement 

prediction or developing real-time prediction, since most of them use ultimate soil 

settlement values derived from Terzaghi's method. However, the hyperbolic approach 

demonstrated by Yu et al. (2020) does not use theoretical ultimate soil settlement values. 

Therefore, the hyperbolic method can be adopted for short-term settlement prediction. 

However, during a very short period, the hyperbolic curve would occur as a straight line 

and show the same straight curve as shown by the first-order polynomial method. 

Therefore, polynomial curve fitting could be a better approach for prediction of short-

term future settlement.  

Din-Houn Lau et al. (2018) demonstrated that a statistical framework could also 

be applied to other CEI’s and time series data types. However, the method was not 

suggested for short-term prediction, but rather long-term health monitoring of CEIs. Zhao 

et al. (2019) suggested that accurate short-term predictions using TF models can be 

obtained if the output is highly influenced by the input variable. House prices and 

construction work volume were used as input variables to predict the cost of residential 

building in New Zealand. In the case of embankment construction, embankment loads 

would influence soil settlement. Therefore, the TF model could be used to develop a 

predictive model for determining soil settlement due to future changes in embankment 

filling/loading.  

TF models are a representation of the dynamics of a linear time-invariant system, 

which characterises the dependency of output response to the input. If the input is known, 
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the model can predict the output based on the developed model. In civil engineering, TFs 

have previously been adopted for developing frequency response functions for vibration 

analysis and testing to determine natural frequencies of structures such as bridges and 

buildings. The function is used to express the response of structures such as displacement, 

velocity or acceleration to the external force. TFs are developed analytically or by using 

measured data (Irvine, 2000). In the geotechnical sector, the concept of TFs has largely 

been used to study soil dynamics. Lak, Degrande and Lombaert (2011) developed a road-

soil TF to predict ground vibrations due to different pavement irregularities. Kouroussis, 

Vogiatzis and Connolly (2017) studied vibration propagation by defining the TF between 

soil velocity response and force acting on the soil surface. TF described the mobility of 

vibration in the soil medium to determine the safety of structures in close proximity to 

railway lines, which generate dynamic loads. Sung and Chen (2019) developed a 

foundation-soil impedance TF, with the input as surface displacement at foundation-soil 

interface and output as an external force due to an earthquake.  

In terms of soil settlement prediction models, the TF would be soil consolidation 

with the vertical settlement of soil as a response parameter (output), and embankment fill 

as input. Therefore, TF would be very useful to estimate the short-term soil settlement 

behaviour during the staged construction of embankments.  
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Chapter 3:  Methodology and case study 

3.1 Definition of the problem 

Based on the knowledge gaps identified in the literature review and data available 

from the industry (see section 3.6), data has been judiciously demonstrated to be able to 

obtain essential information and make effective predictions. As per European and 

international standards, magnetic extensometer (ME) and vibrating wire piezometer 

(VWP) instruments are installed to monitor soil settlement and pore water pressure over 

time (Golser and Steiner, 2021) within different soil layers beneath earth embankments. 

Since each time stamped data point has settlement values for different soil layers, the 

available dataset can be defined as a multivariate time-series dataset (see section 3.6.4).  

There are many risk factors that can affect earth embankment performance, such 

as heavy rainfall events (Binti Sa’adin et al., 2016) and excessive surcharge loading. 

These in turn can result in slope failures and significant settlement. Therefore, the data-

driven monitoring framework should be able to identify or explain the following 

phenomena: 

(i) changes in pore water pressure; 

(ii) deformation due to seasonal swelling and shrinkage; 

(iii) degradation due to external loadings (Briggs, Loveridge and Glendinning, 2017).  

Due to the anisotropic nature of soils and their material properties (e.g. 

permeability and stiffness), these directly affect settlement behaviour. Some soil layers 

will experience primary consolidation while others simultaneously experience creep (Al-

Shamrani, 2005). Therefore, it is important to develop predictive settlement models for 

individual soil layers. Hence, field measurements of settlement for each soil layer were 

taken relative to the soil layer immediately beneath (Farnsworth, Bartlett and Lawton, 

2013). It is well-known that the settlement behaviour of embankments is time dependent. 

Therefore, soil settlement data over time can be used to determine their short-term 
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behaviour due to various external factors such as the staged placement of embankment 

fill. For real-time short-term prediction, the data analysis and data-based modelling 

approaches were selected based on their ability to estimate soil settlement in response to 

embankment filling and previous trends of soil settlement. These predictions would be 

advantageous to site engineers in terms of facilitating a better understanding of in-situ 

soil dynamics, and in exercising caution for making operational decisions relating to 

construction progression. 

It is generally expected that the majority of embankment settlement occurs during 

the construction phase (Smith, 2014). However, the amount of settlement experienced by 

embankments depends upon the nature of the foundation soils. Therefore, if a smooth 

settlement trend could be determined during construction, these would act as a baseline 

during the operational phase of the embankment to enable long-term monitoring. Any 

unexpected variations from the baseline would indicate anomalies in the engineering 

performance of the embankment. After removal of errors (i.e. outliers and noise) through 

data preprocessing, the data would be suitable for use as training and validating samples 

as part of developing predictive models for the operational stage of embankment 

monitoring. 

3.2 Methodological overview 

This research presents a new framework for adopting a data-driven approach for 

managing geotechnical assets, which form part of CEI networks. The data-driven problem 

of a highway earth embankment was divided into three sections:  

(i) Data preprocessing; 

(ii) Short-term prediction;  

(iii) Long-term monitoring.  

A data-driven methodological flowchart has been developed, which is presented 

in Figure 3.1. The time-series data used in this research only represents the construction 

phase for a highway embankment case study. Therefore, the data-driven approach for 

long-term monitoring could not be demonstrated through the application of data analysis 

methods, but only indications of potential could be provided. Details of the settlement 
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datasets, the data collection approach adopted and construction site practices for the case 

study considered in this research are presented in section 3.6, namely Pegswood Moor 

embankment which forms part of Morpeth Northern Bypass (Northumberland, UK). 

As presented in Figure 3.1, this research includes the following activities:  

(i) Discussion on the types of failure scenarios of the monitored earth 

embankment, and how soil settlement data is essential to estimate embankment 

performance. 

(ii) Overview of current industrial practice for raw settlement data collection 

during construction of highway embankment (with specific focus on data 

acquisition system and data collection frequency). 

(iii) Investigation and preprocessing of raw time-series data – including the 

resolution of issues such as outliers, missing values and noise through PCA, 

along with signal processing techniques to prepare the dataset for developing 

long-term predictive models.  

(iv) Use soil settlement and embankment filling increments to inform real-time 

management of infrastructure. This involved performing short-term 

predictions of soil settlement during embankment construction using 

polynomial curve fitting and TFs.  

(v) Discussion of the scope and limitations of current industrial practice for 

settlement data collection and their data interpretation, along with improved 

data collection practice for data-based monitoring during the construction. In 

addition, the scope of data-based approach for long-term monitoring during 

operational phase were discussed. 
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Figure 3.1: Methodological flowchart.  
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3.3 Magnetic extensometer data preprocessing  

The embankment ME settlement data was explored initially, with a view to 

gaining a global understanding of the settlement behaviour. Data quality was improved 

by performing suitable data preprocessing techniques, which included: (i) initial data 

inspection by plotting the data and removal of duplicate data points, and autocorrelation 

plot to inspect seasonality and further check by using weather data to ascertain the 

presence of outliers and noise, (ii) unsupervised data exploration and outlier detection by 

PCA, (iii) data cleaning – specifically filtering and smoothing based on the signal 

processing concept to identify significant trends in the data by removing high frequency 

noise, and (iv) validation and comparison of filtering performed. The data preprocessing 

methodology is summarised in Table 3.1, including the outcomes of the processes (i.e. 

data condition).  

 

Table 3.1: Summary of data preprocessing actions and their corresponding data condition 

results. 

Stage 

no. 
Preprocessing method Data condition 

1 
Initial data investigation (deduplication, 

autocorrelation plot and weather data check) 

Raw unprocessed Data 

(Duplicate data removed; 

ascertains presence of outliers 

and noise) 

2 
Unsupervised data exploration 

(PCA) 

Outlier detection and removal 

(qualitative understanding of 

data) 

3 

Data cleaning 

(Savitzky-Golay; Gaussian-weighted; 

Moving-average; Zero-phase) 

Filtered and smoothed data 

4 Filter comparison and validation Data confidence 
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3.3.1 Stage 1 – Initial data investigation  

The raw data was transformed into relative data, whereby all ME settlement 

measurements were presented relative to the first settlement data point. Initially, soil 

settlement vs. time data series were plotted to visualise the overall trend of settlement, 

along with any noise in the data (MATLAB code in Appendix C section C.1.1 and C.1.2). 

The sign convention used for soil deformation behaviour were negative values for soil 

heave and positive values for soil settlement.  

Since soil settlement measurements can fluctuate due to seasonal weather changes 

(i.e. rainfall results in change in moisture content of the soil), the data was also 

investigated to confirm whether fluctuations in the data was attributed to noise or 

swelling-shrinkage (i.e. heave and settlement in soil) due to seasonal effects. This was 

confirmed by retrieving rainfall data from The MET Office and from the local weather 

station during the time of embankment construction (UK and regional series - Met Office, 

2021). Furthermore, this was confirmed statistically by producing an autocorrelation plot, 

whereby all settlement measurements which exhibited a gradual decrease towards final 

values would confirm that the raw data was defined by a trend with no seasonal 

component (Hyndman and Athanasopoulos, 2018). In addition, any duplicate data points 

were identified and removed from the dataset. MATLAB code for autocorrelation 

function plots is given in Appendix C section C.1.3.  

3.3.2 Stage 2 – Data exploration and outlier detection  

The available data had multiple variables (i.e. a multivariate dataset), representing 

different spiders or plate magnets installed in different soil layers. To broadly assess the 

combined behaviour of all soil layers due to changes in embankment fill level, PCA was 

used to reduce the dimension of the data so that they can be visualised more simply in 

two dimensions. If a good correlation between settlement and load variables were 

observed, it would confirm that the soil settlement data characteristics are reliable overall 

(i.e. data points were measured correctly for all layers with few errors and outliers).  
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3.3.2.1 Principal component analysis 

PCA is an unsupervised exploratory data analysis technique, whereby multiple 

correlated variables of the dataset are reduced to their linear combination called principal 

components. This allows exploration and investigation of multivariate dataset in a 

reduced dimension while preserving the characteristic of the data in principal components 

(Vitola et al., 2017; Sen et al., 2019).  

If 𝐴 and 𝐵 are the set of samples (data points) and variables, which constitutes a 

matrix of data as: 

 
𝑿 =  𝐴 × 𝐵 (3.1) 

PCA reduces the matrix to: 

 
𝑻 = 𝐴 × 𝑅 (3.2) 

where the dimensions of 𝑅 are less than or equal to 𝐵. 𝑅 represents the number of 

principal components and matrix 𝐴 × 𝑅 is called score matrix (T). The data points 

corresponding to these principal components are called ‘scores’.  Characteristics of data 

can be qualitatively investigated by using score plots, which show the position of the data 

sample in principal component space (Ballabio, 2015). They can also be used to identify 

groupings of data points.  

Mathematically, principal components are a set of ‘eigenvectors’. If 𝑿 is a data 

matrix, then the new matrix with reduced dimension is: 

 
𝑻 =  𝑿𝒁 (3.3) 

where 𝒁 is a transformation matrix composed of eigenvectors sorted in descending order 

of their eigenvalues. The first eigenvector would show the most significant data pattern 

and contains large amounts of data information (Mujica et al., 2011). Eigenvalues of each 

principal component represents the amount of variance between the variables. The 

eigenvalues are important to determine the number of principal components that are 

significant by considering those with eigenvalues greater than average eigenvalues.  
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Since a set of variables in a dataset can be of different magnitude, centring and 

scaling are performed on the data so that each variable is equally weighted. This method 

ensures that data points of each variable are subtracted from their mean value and further 

divided by their standard deviation (Vitola et al., 2017). There are several scaling methods 

such as continuous scaling, group scaling and auto scaling. Auto-scaling is a commonly 

used method, whereby each variable is scaled to have zero mean and a maximum of unit 

variance (Hu et al., 2016).  

After scaling, each principal component would have an eigenvalue of one – on the 

condition that none of the variables are correlated, thereby depicting variables as being 

orthogonal. If the eigenvalue is greater than one, it explains the variation of more than 

one variable. Therefore, a significant number of principal components would be those 

having an eigenvalue greater than one.  

Selecting an optimum number of principal components is essential to reduce the 

impacts of variation due to noise and dimensions of the data, with a view to facilitating 

rigorous data interpretation (Vitola et al., 2017). Eigenvalue based methods, such as 

multivariate K correlation index and cross validation methods (i.e. root mean square error 

in cross-validation (RMSECV)), can be used to determine the optimal number of 

principal components (Ballabio, 2015).  

PCA also possesses two important metrics: Hotelling T2-statistic and Q-statistic. 

Hotelling T2 is the sum of normalised squared scores and represents variations in each 

sample. Whereas, the Q-statistic is a measure of residuals between the sample and its 

projection, thereby representing how well a sample is accommodated in the PCA model 

(Ballabio, 2015). The Hotelling T2-statistic vs Q-statistic plot, known as an ‘influence 

plot’, can be utilised for distinguishing anomalies in the data (Mujica et al., 2011). 

Samples which are out of the confidence bound of Hotelling T2-statistic vs Q-statistic are 

considered as ‘outliers’. This can be further investigated by producing the Hotelling T2 

contribution bar plots, which enable the identification of variables that have caused data 

points to stray beyond the confidence bounds/limits. 
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3.3.2.2 Application of PCA  

After deduplication of the dataset, the ME data was explored using PCA to 

determine the influence of embankment fill loading on settlement. Unsupervised 

exploration of data was performed using a graphical user interface based PCA toolbox 

(Appendix C section C.1.4) in MATLAB ver. 2019b (Ballabio, 2015; Mathworks, 2019). 

Eigenvalues were investigated to determine the number of principal components required 

to capture more than 90% of the overall data variation, and are therefore sufficient to 

investigate the settlement and confirm data reliability for further analysis. It was expected 

that score plots would show grouping of data based on load change due to embankment 

filling, as the application of load would induce settlement within all foundation soil layers.  

Further, outliers in the data were detected by using the PCA-based metrics of Q-

statistic and Hotelling T2. The data points that were detected as outliers were removed 

and replaced by linear interpolation. After removing and replacing outliers, the presence 

of unexpected small magnitude rapid fluctuations in the data would be considered as high 

frequency noise (i.e. depicting rapid heave-settlement in the soil) if autocorrelation plots 

suggest the absence of seasonal component. Noise can be reduced by filtering and 

smoothing methods to identify significant trends in the data.  

3.3.3 Stage 3 – Data cleaning  

Settlement values for data cleaning were taken relative to the soil where the base 

magnet of ME was installed (discussed in Appendix A and B, sections A.3.1 and B.2.1). 

This was appropriate for cases when an individual soil layer has experienced very small 

amounts of settlement but has high levels of noise, which could hinder the overall data 

trend and cleaning process. Therefore, for long-term predictive modelling, it is 

recommended to consider individual soil layer settlement after completing the data 

cleaning process. 

3.3.3.1 Signal processing  

The signal processing concept of ‘digital filtering’ can be utilised to preprocess 

and improve signal quality by cleaning the noisy data (Ying et al., 2013; Swider and 
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Pedersen, 2019). Noisy data can be defined as random variations in the data, which could 

be filtered out by applying filtering algorithms (Ying et al., 2013). In terms of time series 

data, there may be many reasons for distorted data coming from data acquisition methods, 

such as environmental effects and bad calibration of sensors (Swider and Pedersen, 2019). 

Filtering generally involves the removal of noise using moving-average or low-pass 

filtering algorithms (Wang and Wang, 2020). These algorithms consist of a few control 

parameters (Schilling and Harris, 2011), which depend on the dataset quality and would 

vary for different datasets. Therefore, these control parameters often require tuning to 

achieve the desired result with minimal discrepancy between the filtered and unprocessed 

data (Din-Houn Lau et al., 2018). The soil settlement graph should qualitatively replicate 

the unprocessed data, but with a smooth exponential curve representing the underlying 

noise-free signal. Discrepancies between the filtered and original data can be 

quantitatively evaluated by statistical indicators such as maximum error (ME), root mean 

square error (RMSE), normalised mean square error (NMSE), mean absolute error 

(MAE) and mean absolute percentage error (MAPE) (Li et al., 2019). However, the 

purpose of using these statistical indicators is not to attain their minimum value but to 

create a balance between their acceptable value and visual comparison of the noise-free 

settlement results with the unprocessed data. A minimal value would mean that the 

filtered result is overfitting the raw data while including the noise, which would make the 

purpose of data cleaning useless.   

3.3.3.2 Data filtering and smoothing  

Filtering and smoothing were performed using MATLAB ver. 2019b (Giron-

Sierra, 2017; Mathworks, 2019). MATLAB code is given in Appendix C section C.1.5. 

The following methods were chosen based on a balance between their simplicity and 

efficiency in providing desirable results:  

(1) Moving average is the simplest and widely used method, which selects a sample of 

data consisting of an odd number of data points (i.e. a window of data points where 

the central data point has an equal number of data points either side of the centre) and 

then replaces the centremost point with the average of all data points (Wang and 

Wang, 2020).  



Chapter 3: Methodology and case study 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    72 

(2) Gaussian-weighted moving average is a weighted moving average method, which 

provides weightings to the data points by multiplying each of them with different 

weighting factors.  The Gaussian function is used for determining weighting factors. 

If there are prominent variations in the data points that could distort the smoothing 

process, the weighted moving average method is preferred over moving average 

(Janert, 2010).  

(3) Savitzky-Golay is a finite impulse response filter based on the least-square method, 

which smooths data by fitting a polynomial curve to a given frame length (i.e. 

window) of data points (de Oliveira et al., 2018).  

(4) Zero-phase filtering is a time reversal technique where the time series data are 

filtered twice. It is performed by flipping the time series data and can be used in 

preprocessing of archival data (Swider and Pedersen, 2019). Different filtering 

approaches can be utilised, whereby the most basic and common filtering technique 

is ‘Butterworth’ (Farrar and Worden, 2012). 

These methods require iterative tuning of filter parameters to best capture the 

system response, which are informed by engineering judgement. The performance of 

different methods was evaluated by time-settlement graphs and statistical metrics. 

3.3.3.3 Comparison and validation  

Preprocessed soil settlement data was validated by making comparisons with 

VWP data collected from the case study embankment (MATLAB code in Appendix C 

section C.1.6). During embankment construction, correlations would exist between 

settlement and pore water pressure, i.e. rises in pore water pressures would be observed 

due to embankment loading, thereby resulting in increases in settlement.  

It should be noted that pore water pressure data from VWPs was not preprocessed. 

It was assumed that the digital data was not corrupted since the piezometers provided 

higher quality data compared with MEs due to the use of a digital data logger (see sections 

B.2.2 and B.2.1). Moreover, cleaning both ME and VWP data might have resulted in bias 

regarding the validation of the ME data.  
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3.4 Short-term prediction of soil settlement 

The predictive models were developed to forecast short-term soil settlement in 

real-time by using polynomial curve fitting and TF methods. These were chosen based 

on the size and type of the ME datasets available (see section 3.6.4).   

3.4.1 Data preprocessing and handling  

For short-term predictions in real-time, it was not practical to determine noise and 

outliers over short window lengths. Therefore, the dataset was not cleaned by removing 

noise and outliers. However, deduplication (i.e. removal of data points having the same 

time stamp) was performed and missing values were also handled. Since the resolution 

of ME data was 1 mm (see section 3.6.4), the nearest available settlement measurement 

was used to account for missing data (i.e. days when no personnel were working on site, 

such as weekends and public holidays), rather than using linear interpolation to match 

missing data resolution with the available data. MATLAB code is given in Appendix C 

section C.2.2. 

The cleaned data was also used to demonstrate the effectiveness of the short-term 

prediction model, by showing the difference in prediction when noise and outliers can be 

restricted in the data collection (due to the use of more automated methods and higher 

resolution instrumentation). 

To prepare the dataset for modelling, in addition to taking embankment fill level 

and settlement values relative to their first data point, the first data point was zeroed as it 

was assumed that there was no settlement or fill change before the first measurement was 

taken. Furthermore, this is a requirement for setting up TF models. 

3.4.2 Polynomial curve fitting method  

3.4.2.1 Introduction  

The polynomial method is a general trend analysis and statistical regression 

forecasting method applied to non-stationary time-series data. A curve is fitted through 
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datasets using the least-square method, which finds the parameters of the mathematical 

function that best fits the data (Cain, 2018). The prediction is then performed by 

extrapolation of the fitted function.  

The degree of polynomials (also known as hyperparameters) required depends on 

the data characteristics, whereby they can either be determined manually or statistically 

(e.g. Bayesian information criterion (BIC) or Akaike information criterion (AIC)). The 

degree of polynomials should be kept as simple as possible, such that it does not ‘overfit’ 

the data (Yang, 2019). If a simple linear model is adequate, fitting a nonlinear model or 

using a higher order polynomial would not provide noticeably improved results compared 

with the linear model and could impact on robustness and predictability (Kottegoda, 

Rosso and Kottegoda, 2008). Moreover, considering a higher-order polynomial to 

achieve the best fit despite getting a satisfactory fit for lower orders would be an over-

optimistic approach that assumes the datasets contain no outliers or noise.  

3.4.2.2 Application  

In this study, a first-order polynomial (linear) function was used, assuming that a 

short-period dataset (𝑆, 𝑡) can be approximated by a linear trend (Cryer and Chan, 2008). 

However, higher order polynomial functions may be required depending on the length of 

the data window and data characteristics.  

The equation for forecasting short-term soil settlement using a first-order 

polynomial (Cryer and Chan, 2008; Kottegoda, Rosso and Kottegoda, 2008) is as follows. 

 
[𝑆𝑓] = 𝛼𝑝 + 𝛽𝑝[𝑡𝑓] (3.4) 

where  [𝑆𝑓] is a set of 𝑟 days of settlement prediction; [𝑡𝑓] is a set of future 𝑟 days after 

the current field measurement time window (as demonstrated in Figure 3.2). 𝛼𝑝 and 𝛽𝑝 

are unknown parameters, which can be obtained by fitting a linear regression model using 

settlement data over time ([𝑆𝑚], [𝑡𝑚]). Here, [𝑆𝑚] is a set of 𝑞 days of field measurement 

and [𝑡𝑚] is a set of corresponding 𝑞 days before [𝑡𝑓].  

The problem of finding a best fitting linear regression line to the set of measured 

data ([𝑆𝑚], [𝑡𝑚]) was solved by the MATLAB (2019b) linear least-squares optimisation 
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function (MATLAB code in Appendix C section C.2.4). The function estimates the slope 

and intercept parameters by minimising 𝐿(𝛼𝑝, 𝛽𝑝) in Equation 3.5, which is done by 

partial differentiation of 𝐿(𝛼𝑝, 𝛽𝑝) with respect to the slope (𝛽𝑝) and intercept (𝛼𝑝), and 

equating the result to zero as shown in Equation 3.6 (Cryer and Chan, 2008; Cain, 2018). 

 

𝐿(𝛼𝑝, 𝛽𝑝)  = ∑(𝐿𝑖 − (𝛽𝑝𝑡𝑖 + 𝛼𝑝))2

𝑟

𝑖=1

 (3.5) 

 {
𝜕𝐿(𝛼𝑝, 𝛽𝑝)

𝜕𝛼𝑝
= 0;

𝜕𝐿(𝛼𝑝, 𝛽𝑝)

𝜕𝛽𝑝
= 0} (3.6) 

 

Furthermore, data normalisation by mean centring and scaling was required as the 

time variable was used in ISO format, which had high values compared with settlement 

values (in metres).  

The prediction framework is based on the concept of autoregression, where only 

a current set of settlement values were used to forecast the next set of future values. 

Therefore, the model did not require other soil parameters to make short-term predictions. 

A typical framework for polynomial curve-fitting prediction process with the moving 

time-window is shown in Figure 3.2. The time-window moves one step (i.e. one day) 

forward after each prediction, making the next curve fit time window as 𝑡𝑚 =

2, … . . , (𝑞 + 1). 

 

 

Figure 3.2: Illustration of consecutive moving time-window polynomial short-term prediction 

using previous set of magnetic extensometer data; after (Janusz and Ślęzak, 2020). 
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In general, a moving time window short-term prediction concept is defined as 

follows: for a set of field settlement measurements 𝑆𝑚(𝑡𝑚); 𝑡𝑚 = 1, … . . . , 𝑞, the 

prediction approximates settlement 𝑆𝑓(𝑡𝑓);  𝑡𝑓 = (𝑞 + 1), … … , (𝑞 + 𝑟). ‘𝑡𝑚’ refers to 

time, ‘ 𝑡𝑓’ is the future time window which settlement is being predicted for, 𝑞 is a 

variable associated with the length of time window used for curve fitting (based on past 

measurements) and ‘𝑟’ is the length of time window over which predictions are made. 

MATLAB code for moving time window polynomial model is given in Appendix C 

section C.2.4. 

3.4.2.3 Window length estimation  

The estimation of an appropriate window length is essential to establish a suitable 

number of days required for curve fitting and ultimately for prediction (Lu et al., 2020). 

An appropriate window length ensures that the method is not overfitting or underfitting 

the data, especially when the dataset contains noise and outliers.  

To determine the window length for both curve fitting (𝑞) and prediction (𝑟), the 

data was iteratively tested by incrementing window lengths between 5 and 14 days. A 

balance between prediction accuracy and forecasting period was established to define the 

optimal window length. The most appropriate window length was assessed by adopting 

the following steps:   

(i) Determining the preferred window length (𝑞) by finding the best fit to the first 

order polynomial curve over a window ranging between 5 and 14 days; 

(ii) For a preferred q, predictions were made by varying prediction window (r) over a 

period of 5 to 14 days.  

For step (i), a range of 5 to 14 days was considered since site engineers were 

generally focussed on embankment settlement behaviour for short periods of one to two 

weeks. The first-order polynomial curve was fitted to 𝑆𝑚 values ranging between 5 and 

14 days through moving window approach, which used the first 2 months of settlement 

data (since there were regular embankment fill placements and consequently significant 

settlement responses).  
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For the optimal window length, it was assumed that the error between measured 

and fitted values would be small and their distribution will be normal with a low standard 

deviation (Alavi et al., 2017; Khosravi et al., 2018). MAE was used as the primary metric 

for assessing the errors. Therefore, median, kurtosis and skewness of MAEs for each 

window length were used to determine the optimal value of q.  

The same approach was adopted for step (ii), whereby the prediction accuracy was 

determined over window lengths between 5 and 14 days while fitting curve over 2 months 

of data using fixed moving window (i.e. previously determined window length in step 

(i)). MATLAB code for estimation of window length ‘q’ and ‘r’ is given in Appendix C 

section C.2.3. 

The same metrics were also adopted for determining the optimal prediction 

window. However, it is essential to achieve a balance (based on engineering judgement) 

between the length of r and error in prediction. The more future settlement information 

that site engineers have, the more advantageous it is in terms of avoiding ground failure 

and potentially making time and money savings during the construction phase. However, 

prediction errors might increase with r, especially when MEs are used, which generate 

settlement data with 1 mm accuracy. Technical input from site engineers will be required 

to define an acceptable settlement prediction window. 

3.4.3 Transfer function method  

3.4.3.1 Introduction  

The TF models are a representation of the dynamics of the linear time-invariant 

system, which characterises the dependency of output response to the input. If an input is 

known, the model can predict the output based on the developed model (Åström and 

Murray, 2021).  

TFs represent differential equation relationships in the time-domain through 

algebraic relations in the frequency (s) domain by performing Laplace transformation. 

Mathematically, the TF is defined as follows: 
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 𝐹(𝑠) =
𝑦(𝑠)

𝑢(𝑠)
=  

𝑛𝑢𝑚(𝑠)

𝑑𝑒𝑛(𝑠)
 (3.7) 

where 𝑦 is the output, 𝑢 is the input and 𝐹(𝑠) is a function in frequency domain. 𝑠 is a 

frequency variable whose values would be complex number (𝑠 = 𝜎 + 𝑗𝜔; where 𝜎 and 

𝜔 are real numbers whose unit is ([𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡]−1 ≡ 𝐻𝑧). 𝐹(𝑠) =  ℒ[ 𝑓(𝑡)];  where 𝑓(𝑡) 

is in time domain and is a differential equation in time domain.  

The simplest description of a dynamic system is the first order transfer function, 

which can be defined as follows (Martin and Irani, 2021): 

 𝐹(𝑠) =
𝑦(𝑠)

𝑢(𝑠)
=  

𝑛𝑢𝑚(𝑠)

𝑑𝑒𝑛(𝑠)
=

𝑏0

𝑠 + 𝑎0
 (3.8) 

where the numerator (b0) and denominator (a0) coefficients are zeros and poles (s-plane). 

These are useful in determining system properties, whereby poles are important to check 

the stability of the system (Åström and Murray, 2021), with negative poles indicating a 

stable system and an exponentially decreasing response.  

Equation 3.8 can be expressed in terms of time constant and gain: 

 

𝐹(𝑠) =
𝑏0

𝑠 + 𝑎0
=  

𝑘

𝜏𝑠 + 1
 (3.9) 

where  𝑎0 =
1

𝜏
 𝑎𝑛𝑑 𝑏0 =

𝑘

𝜏
 ; 𝜏 is time constant and 𝑘 is steady state gain (process gain) 

(López, Passeggi and Borzacconi, 2015). The gain and time constant represent the shape 

of the response between input and output. The algebraic equation (Equation 3.9) 

represents the following first-order differential equation in the frequency domain:  

 𝑑𝑦(𝑡)

𝑑𝑡
+ (1

𝜏⁄ ). 𝑦(𝑡) = (𝑘
𝜏⁄ ). 𝑢(𝑡) (3.10) 

When the output response is not immediate to input response, the differential equation 

can be written as:  
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 𝑑𝑦(𝑡)

𝑑𝑡
+ (1

𝜏⁄ ). 𝑦(𝑡) = (𝑘
𝜏⁄ ). 𝑢(𝑡 − 𝜃) (3.11) 

where 𝜃 is time delay. 

TFs have an additive property, which means they can be connected in parallel 

with other TFs such as an integrator (as illustrated in Figure 3.3). Mathematically, the 

integrator only has a gain (𝑘) variable in contrast to the first-order TF model, which has 

both gain (𝑘) and time constant (𝜏) variable (Åström and Murray, 2021). The gain of the 

integrator represents the change in output per time unit of a unit input. 

 

Figure 3.3: Coupled first order transfer function–integrator model system schematic. 

 

3.4.3.2 Application  

The first-order TF was applied to develop a predictive soil settlement model. In 

this study, embankment fillings were the input, and the resulting soil settlement were the 

output (or response parameter). The TF would represent the soil consolidation due to 

vertical settlement of the soil layers. This modelling method is useful to study soil 

consolidation behaviour and estimate settlement during embankment construction when 

engineering fill is applied in stages. 
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In this study, soil layers were expected to experience settlement as an immediate 

response to each increment of embankment filling. Therefore, a ‘time delay factor’ was 

not included in the TF. In terms of settlement behaviour, 𝑘 and 𝜏 assist engineers in 

understanding the magnitude and rate of consolidation, and for answering the following 

questions:  

(i) How much settlement will be experienced by the soil layers due to a particular 

change in embankment fill (loading)? 

(ii) How many days will it take for a soil to achieve 90% consolidation for a particular 

increment of fill placement? (BSI, 1990a, 1990b) 

In order for the model to capture soil settlement trends, the settlement response of 

the soil layers is required for at least one increment of embankment fill placement. This 

allowed values for k and τ to be determined, which were obtained by fitting input-output 

data using the MATLAB (2019) 'Subspace Gauss-Newton least-squares search' 

optimisation method. This was used to avoid overfitting and due to its good convergence 

rate (Yang, 2019). MATLAB code for transfer function model is given in Appendix C 

section C.2.5.  

In terms of the soil settlement system, 𝑘 can be defined as the magnitude of change 

in soil settlement due to a unit change in load (embankment fill), and 𝜏 is the amount of 

time required for soil settlement to attain (1 − 𝑒−1) or 63.2% of steady state condition 

(Lin and Beck, 2007). −𝑘𝑒
−𝑡

𝜏⁄  gives transient response and 𝑘 shows a steady-state 

response.  In practice, a system reaches a steady state after 4 time constants (Nise, 2011). 

Therefore, if the 𝜏 is known, the settling time of the soil can be approximated as 𝑇𝑠 = 4𝜏. 

The settling time indicates that 98% of steady state has been reached (Levermore, 2020).  

For short-term predictions, k and τ were used to fit the model and predict the soil 

settlement in the future time ‘ 𝑡𝑓’. Instead of using the moving-time window, the fitting 

time-window was increased by one day when there was a new addition of daily settlement 

data. The prediction was improved by updating k and τ values once new field 

measurements for the additional fill placement were received. 

The first-order TF shows a steady-state, which suggests that the soil would reach 

a steady state. However, soils undergo further settlement due to secondary consolidation 
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(i.e. creep). An integrator can capture the internal response of the soil (creep) when no 

external factors are affecting the settlement, i.e. when there is no change in load. 

Therefore, the superposition of an integrator with a TF model would incorporate soil 

settlement response due to longer-term secondary consolidation.  

3.4.4 Decision making for short-term prediction  

Since predictions were made for individual layers as well as total settlement, each 

soil layers’ influence on total settlement during embankment construction could be 

established through the TF model. 

Model performance for predicting soil settlement in the future time ‘ 𝑡𝑓’ was 

evaluated using the same statistical metrics used for determining window length. Scatter 

plots and R-squared metrics were also used to show the difference between predicted 

values and field measurements (MATLAB code in Appendix C section C.2.4.6).  

A flowchart given in Figure 3.4 summarises the two short-term prediction 

procedures, including the steps to determine window length. It also shows the 

circumstances when the TF approach and polynomial curve fitting can be best used for 

short-term prediction in real-time. Furthermore, the flowchart includes the condition 

when an integrator can be combined with first-order TF. This allows decisions to be made 

as to which modelling and prediction methods are likely to be most effective. 
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Figure 3.4: Flowchart for short-term soil settlement prediction using moving time-window 

polynomial curve fitting and transfer function model fitting methods. 

 

3.5 Methodological assumptions  

A summary of all assumptions made for developing a proof-of-concept 

methodological framework for demonstrating the use of data preprocessing and short-

term settlement predictions is presented below. 
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3.5.1 Magnetic extensometer data preprocessing 

1. Data exploration and outlier detection: If the first ME data points were 

indicated to be outliers on the PCA influence plot, they were replaced by zero by 

assuming the time lag between embankment fill and settlement response of 

magnetic extensometers spiders.   

2. Data cleaning: During zero-phase filtering, the filter was designed based on the 

general assumption that the signal's low frequencies contained underlying 

information.  

3. Comparison and validation: Cleaned ME data was validated by VWP datasets, 

based on the assumption that the latter possessed higher quality due to the use of 

digital data logging over manual measurements. 

3.5.2 Short-term prediction of soil settlement 

1. Data preprocessing and handling: 

a) Missing data points were estimated using the nearest neighbour to match the 

resolution (measurement up to 1 mm) of the raw data, based on the assumption 

that 1 to 2 missing days would show settlement equivalent to the closest 

available data point. 

b) For a short period (i.e. 1-2 weeks of daily measurement), it was assumed that 

it would be impractical to decide which data point(s) would be outliers, noise 

or even be correct. Therefore, no outlier/noise detection or removal was 

performed for short-term prediction, considering that short-term prediction 

would be a self-updating process; whereby prediction results get updated and 

improved as new error-free settlement measurements became available. 

2. Window length estimation: 

a) For optimal window length, the MAEs obtained between measured and 

estimated values for the consecutive sliding window over the dataset shall be 

small and their distribution be confined to their mean values, i.e. should exhibit 

a normal distribution.   

b) A short-term settlement of one to two weeks would be desirable to make an on-

site decision; whereby window length checks started from 5 days, since data 
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points were only collected during the working week (i.e. Monday to Friday). 

This assumption is based on AECOM’s geotechnical design report wherein one 

to two weeks of hold period was considered for each embankment fill.  

c) If the optimum window length for curve fit showing low errors between field 

measurement and fitted data is determined, they will provide better prediction 

results for the future window, i.e. low residuals between field measurement and 

predicted data. 

3. Polynomial curve fitting method: 

a) Only past settlement values would be sufficient to forecast future settlement 

trends in a short period. This would be effective either when few data points 

are available, or load changes are frequent and small. 

b) The settlement trend for normally or over-consolidated soils in a short period 

would be linear, and a heave response to positive (compressional) loading 

would be very unlikely.  

c) A settlement trend would generally show hyperbolic behaviour. However, 

during a short period, a hyperbolic curve would appear as a straight line that 

can be fitted and predicted using a first-order polynomial model. Using a 

higher-order polynomial function could result in overfitting the data. 

d) A moving time window approach would be based on the assumption that the 

data before the current time window would not be required for curve fitting 

and predicting short-term future settlement. It is expected that recent days 

closer to the future have more influence than farther past days.  

4. Transfer function method: 

a) A relationship between embankment fill loads and the settlement response of 

the soil system would be linear.  

b) The first data points for settlement and fill level were considered to be zero, 

assuming that the first measurement was taken before applying load by fill 

placement.  

c) Settlement predictions using a coupled first-order TF-integrator model, one 

week after the final stage of embankment filling, were made based on the 

assumption that soil would continue settling slowly during the hold period of 

final fill and might show secondary settlement.  
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d) Since the MATLAB function requires load increments data for TF modelling 

and forecasting, instead of using a moving time window for model fitting, all 

previous values would be considered to incorporate load changes for making 

consecutive 7-day predictions.  

3.6 Case study – Morpeth Northern Bypass, Northumberland, UK  

3.6.1 Background  

Morpeth Northern Bypass (A197) is a 3.8 km long highway located north of 

Morpeth town centre in Northumberland, UK, which is 22 km north of Newcastle upon 

Tyne (Figure 3.5(a)). The bypass was constructed between 2015 and 2017 and has been 

in operation since 4th April 2017. The client for the project was ‘Northumberland County 

Council’; whereby AECOM and Carillion Plc were employed as ‘Principal Designer’ and 

‘Principal Contractor’, respectively under CDM (2015). Instrumentations were installed 

by ITM monitoring (acquired by SOCOTEC), and the borehole drilling was undertaken 

by RD Drilling.  

 

 

Figure 3.5: Site location (courtesy of Edina Digimaps (Digimap, 2020)). 
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Based on a geotechnical risk analysis performed as a part of the ground 

investigation, it was recommended to take control measures during the construction. The 

key risks included: (i) presence of 4.2m deep soft/alluvial soil at Pegswood Moor, (ii) 

presence of mine working sites, (iii) risk of long-term settlement including inundation or 

collapse settlement within previous backfilled opencast coal mining sites. The project was 

classed into Geotechnical category 2. As per Eurocode 7 (BSI, 2004), “designs for 

structures in Geotechnical Category 2 should normally include quantitative geotechnical 

data and analysis to ensure that the fundamental requirements are satisfied”. 

Consequently, instruments such as extensometers, piezometers and inclinometers were 

installed to monitor on-site behaviour during the construction. An overview of existing 

ground at the Morpeth Bypass site is presented in Appendix B (section B.1).  

The geotechnical structures that were constructed as part of the bypass included 4 

no. new earth embankments, multiple sheet pile retaining walls and an overbridge whose 

abutments were supported by reinforced earth blocks. The embankment constructed at 

Pegswood Moor, located towards the eastern limit of the bypass forms the basis of this 

case study (Figure 3.5(b) and 3.5(c)). Figure 3.6 shows a photograph of the finished 

embankment at Pegswood Moor site. The Pegswood Moor embankment was considered 

for this research for the following reasons:  

(i) The ground investigation surveys performed on the site before construction 

suggested that the site was underlain by variable thicknesses of soft glacial soils, 

comprising an upper layer of over-consolidated glacial till (stony clay), which is 

underlain by sand and gravels, and further by a lower glacial till (boulder clay). 

Furthermore, the base of the upper till was described as soft, of high plasticity and 

often laminated;  

(ii) Settlement predictions made for this embankment were the largest compared with 

the other three embankments. Based on initial settlement analysis performed by 

AECOM, Pegswood Moor embankment was expected to experience a maximum 

settlement of 450-500 mm by the end of the construction period.  
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Figure 3.6: Finished embankment and road surface at Pegswood Moor site (west facing) 

(courtesy of AECOM, Newcastle upon Tyne, UK).  

3.6.2 Embankment construction  

3.6.2.1 Geometry 

The Pegswood Moor embankment was constructed with a length of 80 m and a 

maximum height and width of 7 m and 52 m, respectively. The embankment crest is 13.3 

m wide, whereas the highway is 12.85 m wide. The side slopes of the embankment have 

a maximum gradient of 1 vertical to 2.5 horizontal (i.e. 21.8 degrees). At the location of 

the two MEs (PM-E01 and PM-E02) at Pegswood Moor (see section 3.6.3), the 

embankment heights are 3.397 m and 5.487 m (approx. 3.4 m and 5.5 m) above ground 

level.  

3.6.2.2 Embankment fill  

Class 2A (cohesive fill) and Class 1 (granular fill) engineering fill materials were 

used for embankment construction, whereby the 2A material was ‘site-won’ – derived 

from the Upper Glacial Till recovered from cuttings as part of scheme bulk earthworks. 
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For the design of embankments, BS 6031 (BSI, 2009) states that engineered fills are 

classified as cohesive when they contain at least 35% fines (Al-Moadhen, Clarke and 

Chen, 2018). Class 2A and Class 1 soils were considered appropriate since deformation 

within the fill due to their self-weight was expected to be only 0.6% and 0.1–0.2% of the 

embankment height, respectively.  

Based on one-dimensional consolidation (oedometer) tests that were performed 

on clay samples obtained from the original ground investigation, a staged filling 

construction sequence was adopted, whereby a hold period was implemented after each 

layer of fill was placed. These allowed sufficient time for alluvial and laminated clay soils 

beneath the embankment to gain strength while dissipating excess pore water pressure 

generated by fill placement.  

Based on results obtained from FE deformational analysis (using SIGMA/W 

software) performed by AECOM (as presented in their geotechnical design report), the 

optimum rate of embankment filling was initially estimated as 1 m every 2 weeks. For 

each filling increment, the first 2 days were used to place the fill material, with the 

following 12 days used as a hold period. This was sufficient to allow for: (1) dissipation 

of excess pore water pressures generated due to fill placement, (2) regaining sufficient 

effective shear strength and (3) achieving an adequate state of consolidation before 

placing additional layers of embankment fill. Once all fill layers had been placed, a final 

hold period of approximately 45 weeks was required to limit residual settlement to < 25 

mm. Therefore, a total of 60 weeks was estimated to complete construction of the 

embankment. However, this was considered as unacceptable to the Client and Principal 

Contractor, and would have incurred substantial delays to the construction programmes 

of the new bypass. Therefore, to reduce the time of construction and hold periods, the 

decision was taken to install prefabricated vertical drains (PVD).  

3.6.2.3 Drainage 

Based on AECOM’s calculations, it was concluded that PVDs could reduce the 

construction period by 4 months and the final hold period from 45 weeks to 8 weeks. 

PVDs of 100 mm wide by 4 mm thick were installed in a grid-pattern (0.75 mm over a 

10 m wide strip), whereby they extended to approximately 8 m bgl, terminating within 
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the lower laminated clay. This design was informed by the method proposed by Hansbo 

(1979), while considering the effect of smear zone and well resistance. The vertical 

permeability of the PVDs was 1.0 × 10−10 𝑚/𝑠, with a ratio of horizontal (𝑘ℎ) to vertical 

(𝑘𝑣) permeability of 10. Placed directly over (and coupled with) the PVDs at the 

embankment base was a 600-1000 mm thick base drainage blanket layer, which used 

Class 6C uniformly graded granular material. These drainage blankets were located where 

the height of the embankment was more than 2.5 m to provide active drainage, i.e. 

facilitating drainage of pore water from the embankment foundation during construction. 

The location of the Pegswood Moor embankment also included an area of former 

ponds, whereby advanced drainage (to drain the surface water and partially dissipate pore 

water pressures from the foundation soil layers) was conducted before embankment 

construction commenced. After drainage works, soil strength was assessed to ensure that 

surface had gained sufficient effective shear strength to allow movement of construction 

plant equipment and the placement of the embankment starter layer. Areas of the pond 

area where very soft soil was exposed after drainage work were excavated and replaced 

with Class 6C (or equivalent) granular fill. 

Pre-loading and replacement of foundation soils were not considered for 

accelerating the settlement or construction period. It was estimated (through slope 

stability analysis) that any additional load due to filling of 1 m more than the proposed 

fill might have caused local instability and/or global failure. Furthermore, replacing soft 

in-situ soils with granular fill was not considered as cost-effective.  

3.6.2.4 Field monitoring  

In-ground MEs and VWPs were installed to monitor soil settlement and pore 

water pressure, respectively. The purpose of the instrumentation was to enable 

verification of the calculated consolidation periods and suitability of the predicted 

minimum hold periods. The settlement data from MEs were also used to determine final 

settlement of the soil layers using the Asaoka (1978) method, and compare them with 

estimates made from oedometer tests and FE analysis.  
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3.6.3 Instrumentation for data collection  

Across Morpeth Bypass embankment, there were 12 no. MEs and 32 no. VWPs 

installed within foundation soils situated beneath the 4 no. embankments to monitor 

settlement and pore water pressure responses to loading. Four instruments were installed 

at the Pegswood Moor embankment, which included 2 no. MEs (PM-E01 and PM-P02) 

and 2 no. VWPs (PM-P01 and PM-P02). Figure 3.7 presents the location of these 

instruments and a cross section of the embankment geometry, with geological information 

superimposed (as acquired from locally drilled exploratory holes). A summary of the 

exploratory boreholes for ground investigation is presented in Appendix B (Table B.1). 

Instrument locations denoted by PM-TM in Figure 3.7 are ‘temporary monitoring points’, 

which were installed with settlement plates upon completion of embankment. These 

monitoring points were used to monitor surface settlement on a daily basis for the first 

two weeks, and twice weekly thereafter until the placement of the pavement construction.  

The depths at which the ME and VWP instrument sensors were installed beneath 

the embankment, along with a description of the soils encountered at those depths are 

tabulated in Tables 3.2 and 3.3. Table 3.2 shows the details of the location of the probes 

(spiders/plate magnets) of the two MEs, along with details of other foundation soil layers 

encountered that were not monitored. Table 3.3 shows the depths at which VWPs were 

installed and their corresponding soil types including soil profile in the boreholes. Each 

instrumentation location for pore water pressure comprised two VWP sensors installed at 

different depths. The description of the installation of MEs and VWPs at the site and their 

data collection process are discussed in Appendix B (sections B.2.1 and B.2.2, 

respectively. 
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Figure 3.7: Pegswood Moor embankment geometry, with instrumentation installation and geology (borehole) information superimposed. 
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Table 3.2: Probe locations of MEs and soil layer properties at Pegswood Moor embankment.  

Monitoring 

borehole 

reference 

Soil layer description 

Depth range 

(m bgl) 

Instrument 

sensor 

reference 

Installation 

depth (m 

bgl) 

PM-E01 

MADE GROUND 

(cohesive) 
0 – 1 Plate magnet 1 0 

Laminated CLAY 1 – 3.8 Spider 4 2 

Slightly clayey SAND 3.8 – 4.5 - - 

Sandy SILT 4.5 – 6.1 Spider 3 4.6 

Sandy laminated CLAY 6.1 – 7.8 Spider 2 6.1 

Soft to firm laminated 

CLAY 
7.8 – 10.3 Spider 1 7.9 

Firm to stiff CLAY 10.3 – 21.4 Base magnet 20 

Weak MUDSTONE 21.4 – 21.5 - - 

PM-E02 

MADE GROUND 

(granular) 
0 – 0.3 Plate magnet 1 0 

Firm CLAY 0.3 – 2.5 - - 

Soft sandy gravelly 

CLAY 
2.5 – 4 Spider 4 2.7 

Soft slightly sandy silty 

CLAY 
4 – 6.6 Spider 3 4.2 

Firm CLAY 6.6 – 7 - - 

Firm to stiff sandy silty 

CLAY 
7 – 8.4 Spider 2 7.2 

Firm to stiff sandy silty 

CLAY 
8.4 – 11 Spider 1 8.6 

Firm to stiff sandy 

CLAY 
11 – 16.5 Base magnet 15.5 

Stiff CLAY 16.5 – 17.4 - - 

Weak MUDSTONE 17.4 – 17.5 - - 
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Table 3.3: Probe locations of VWPs and soil layer properties at Pegswood Moor embankment. 

Monitoring 

borehole 

reference 

Soil layer 

description 

Depth range 

(m bgl) 

Instrument 

sensor 

reference 

Installation 

depth 

(m bgl) 

PM-P01 

MADE GROUND 0 – 1.1 - - 

Slightly clayey silty 

SAND 
1.1 – 2 - - 

Soft silty sandy 

laminated CLAY 
2 – 3.5 P01B 3 

Slightly clayey sandy 

SILT 
3.5 – 4.8 - - 

Soft sandy gravelly 

SILT 
4.8 – 6.1 - - 

Soft slightly silty 

laminated CLAY 

6.1 – 6.6 

(Groundwater 

level: 6.6 m 

bgl)  

P01A 6.4 

Slightly sandy SILT 6.6 – 7.5 - - 

Soft silty sandy 

laminated clay 
7.5 – 8 - - 

PM-P02 

MADE GROUND 0 – 1 - - 

Silty slightly sandy 

CLAY 
1 – 1.8 - - 

Soft firm silty clayey 

PEAT 
1.8 – 3 P02B 2.5 

Soft silty laminated 

CLAY 

3 – 5.1 

(Groundwater 

level: 5.1 m 

bgl) 

P02A 4.5 

Slightly sandy SILT 5.1 – 6 - - 
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3.6.4 Time-series data description 

The data collected from the purpose-built Pegswood Moor earth embankment 

show time-stamped data. Table 3.4 summarises the instruments, their physical effect, and 

the type of data they generate.  

 

Table 3.4: Instrument type, excitation method and data acquisition. 

Signal instrument Time-stamped Physical effect/medium Data acquisition 

Magnetic extensometer Yes 

Movement of magnetic 

probe (spiders/plate 

magnet) 

Soil settlement 

Vibrating wire 

piezometer 
Yes 

Frequency of wire 

vibration 

Pore water 

pressure 

 

For Pegswood Moor embankment, MEs and VWPs data were collected for 10 and 

8 months, respectively, up to the final stage of filling, whereby measurements were 

collected on a daily basis (Monday – Friday). However, data was collected irregularly 

during the first 3 months of construction – particularly between December 2015 and 

January 2016, where there were 3 continuous weeks of missing data (due to the Christmas 

– New Year holiday period). However, more regular data collection was undertaken by 

MEs between February and mid-July 2016 (only until 1st June 2016 by VWPs). 

Thereafter, only two ME measurements were taken until the end of January 2017 – one 

in September 2016 and another on 31st January 2017. Furthermore, the MEs and VWPs 

were abandoned after taking the final measurements once the embankment had been fully 

constructed.  

Overall, 177 data points were collected from PM-E01 and 176 data points from 

PM-E02, which included duplicate data points. The resolution of ME measurements was 

1 mm (Magnetic Probe Extensometer - Soil Instruments, 2013). As presented in Table 

3.2, each ME at Pegswood Moor measured settlement within 5 soil layers relative to the 

base magnet. Therefore, the soil settlement datasets contained time-stamped settlement 

values for the different soil layers (i.e. the datasets have five variables).  
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3.7 Summary  

Initially, appropriate methods that could be utilised to analyse the ME data were 

assessed. This facilitated the establishment of a data-driven framework, which comprised 

two sections – data preprocessing and short-term prediction (Figure 3.1). The proposed 

data-driven framework was validated by analysing two different datasets (PM-E01 and 

PM-E02) collected from extensometers installed through markedly different soil profiles 

(presented in Table 3.2) at Pegswood Moor embankment constructed as part of the 

Morpeth Northern Bypass in Northumberland (UK). All data analysis was performed 

using MATLAB (2019) software (Mathworks, 2019). 

For data preprocessing, PCA was initially used to explore the quality of collected 

data by determining their relationship with changes in embankment fill level. 

Furthermore, a PCA influence plot was plotted to identify outliers. Following this, 

filtering methods were used to remove noise to identify underlying soil settlement trends.  

A consecutive short-term prediction of the soil settlement was established by 

polynomial curve fitting and TF. While polynomial curve fitting used past settlement data 

to predict the trend of settlement, TF predicted settlement in the soil layers due to 

embankment loading. 
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Chapter 4:  Preprocessing of soil settlement data  

4.1 Chapter overview 

The aim of this study was to utilise ME data gathered from Pegswood Moor 

embankment to demonstrate the use of data analytical methods for improving data quality 

and its interpretation for enhanced prediction of embankment settlement. 

The quality of data collected from active monitoring sites can be adversely 

affected by factors including sensor calibration errors, limited sensor resolution, 

environmental effects (e.g. heat, moisture, atmospheric pressure) on sensors and human 

error associated with manual measurements. Therefore, it is likely that datasets can get 

corrupted by noise and contain anomalies.  

As data-driven models are sensitive to data quality, the presence of noise and 

outliers in the datasets may lead to incorrect interpretations from the models (Chu et al., 

2016). The improvement in raw data quality brings completeness, accuracy and 

confidence in the dataset and reliability in data analysis results (Klein and Lehner, 2009; 

Mezzanzanica et al., 2015). 

Data preprocessing is a preliminary step in developing data-driven models, which 

improves the data quality (Cernuda, 2019). Preprocessing also involves other elements of 

data investigation, including identifying and repairing duplicates, along with missing 

values in the dataset (Krishnan et al., 2016). 

This chapter presents a preprocessing methodology for preparing geotechnical 

settlement monitoring instrumentation data for the Pegswood Moor embankment case 

study, with a view to developing a data-driven model and investigate statistical methods 

for enhancing data quality and making better settlement predictions. PCA, filtering and 

smoothing methods were adopted for processing the data to verify their potential as an 

industrial standard for preprocessing raw geotechnical data.  
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The ME instruments used for data collection were in accordance with UK 

engineering standards (Dunnicliff, Marr and Standing, 2012), and installed to monitor 

settlement within the soil strata beneath the Pegswood Moor embankment during the 

construction phase. VWPs were also installed beneath the embankment to monitor excess 

pore water pressures within the foundation soils in response to incremental embankment 

fill placement. These facilitated construction of the embankment drainage scheme and 

road surfacing, whereby once excess pore water pressures had dissipated and ground 

movement had stabilised – this indicated that the embankment construction could 

continue safely. Since the monitoring data was only collected from the construction 

phase, the principal objective of this study was to make judicious use of the short period 

dataset by enhancing quality through the application of cleaning methods.  

The structure of this chapter is organised as follows. Section 4.2 explores the 

characteristics of the data by plotting soil settlement and embankment fill levels against 

time. Section 4.3 discusses the PCA approach adopted for initial data investigation, with 

specific focus on reliability assessment and outlier detection. Deduplicated raw settlement 

data was explored using PCA to identify correlations between settlement measured in 

different soil layers due to embankment filling stages, along with any anomalies in the 

dataset. Section 4.4 discusses filtering methods that were used to remove noise from the 

data after removal of outliers. Four different filtering techniques were adopted, whereby 

their performances were compared graphically by line plots and statistically through the 

use of RMSE and NMSE metrics. Finally, section 4.5 discusses the results and presents 

concluding remarks. 

4.2 Data visualisation and exploration 

Figure 4.1 presents soil settlement and embankment fill level over time plots for 

ME reference PM-E01 and PM-E02. As mentioned in Chapter 3, the settlement values 

for different soil layers were taken with respect to the base magnet installed in the stiff 

strata at the base of the borehole, which experiences negligible settlement. From Figure 

4.1, it can be deduced that although the settlement values increased over time with 

increasing fill levels (showing non-stationary time-series data), the data contains 
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fluctuations. This might be due to seasonal fluctuation or the presence of errors in the 

data. 

The local soils could exhibit seasonal shrinkage and swelling behaviour due to 

wetting and drying, which is likely due to seasonal weather patterns (Clarke and 

Smethurst, 2010). However, in the Pegswood Moor region, seasonal rainfall varied 

between approximately 321 mm in winter (December 2015 to February 2016) and 203 

mm in summer (June 2016 to August 2016) during embankment construction (UK and 

regional series - Met Office, 2021; Morpeth, Cockle Park (Site | COSMOS-UK, 2021). 

Based on this information, seasonal variations in settlement were unlikely. Therefore, 

short-term fluctuations observed in the settlement data, especially within lower soil 

layers, were likely due to on-site measurement errors in combination with data resolution 

limitations.  

The absence of seasonal variations in the time-series data can also be confirmed 

by autocorrelation plots, as shown in Figure 4.2. The sample autocorrelation function plot 

for the plate magnet data shows positive values gradually decreasing with an increase in 

lags. Although the plate magnet data are shown in Figure 4.2, it was true for all of the soil 

layers. The positive values signify that the data possesses a trend, whereas a gradual 

decrease confirms the absence of seasonal fluctuations. When there are seasonal 

fluctuations, these fluctuations are also reflected in the autocorrelation plot (Hyndman 

and Athanasopoulos, 2018). Therefore, it can be concluded that the dynamic trend of 

time-series data is corrupted by high frequency noise. The blue lines in Figure 4.2 

represent the bounds for white noise, whose value is equal to ±2/√𝑁, where 𝑁 is the 

number of data points. In this case, the value of 𝑁 for PM-E01 and PM-E02 are 161 and 

160, respectively, after deduplication. Time series can be described as white noise when 

the data is defined by a series of random numbers with no correlation – emphasising that 

the dataset is not worthy of applying any predictive modelling. When 95% of 

autocorrelation spikes are within the bounds, the time series is considered white noise 

(Hyndman and Athanasopoulos, 2018). 
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Figure 4.1: Settlement vs time plot for field measurement (a) PM-E01 and (b) PM-E02. 
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Figure 4.2: Sample autocorrelation function plot of magnetic extensometer data at plate magnet 

location (a) PM-E01 and (b) PM-E02. Positive values of sample autocorrelation function with 

slow decrease with lags increase depicts non-seasonal trend of time series data.  

 

The results show that the dataset contains errors, and they require further data 

preprocessing steps. The data are further explored and investigated by PCA, whose results 

are discussed in the next section. 

4.3 Principal component analysis 

4.3.1 Principal components determination  

There were 5 variables in the ME dataset, each contained reading of spiders and 

plate magnets installed within different soil layers beneath the embankment. Firstly, all 

variables were normalised by autoscaling where data points were mean centred and 

further divided by their standard deviation (Bro and Smilde, 2014; Vitola et al., 2017).  

The number of principal components required to describe major settlement 

variation for all soil layers was determined to remove noise. Settlement variations in all 

layers were expected to show a gradual downward trend with each addition of 

embankment fill level.  The dataset was explored through PCA by plotting the eigenvalue 

against the principal component to determine the number of components having 

eigenvalues >1. Kaiser’s rule (AEC) states that components with eigenvalues >1 are 
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relevant, whereas those <1 describe noise. A more conservative threshold value would be 

0.7, as specified by CAEC (Ballabio, 2015). Figure 4.3 shows eigenvalue vs principal 

component plots for PM-E01 and PM-E02, which depicts significant principal 

components based on eigenvalues. The red and blue horizontal lines correspond to the 

AEC and CAEC limits, respectively. It is apparent that one principal component was 

sufficient to capture significant variation of all soil layers, and accounts for >90% of the 

observed variance.  

When attempting to observe the overall system behaviour, subtle variations may 

become important and therefore PCA selection should not be limited to a 90% threshold. 

Hence, the number of principal components were also determined by considering the 

following (Bro and Smilde, 2014):  

(i) a set of RMSECV (RMSE cross-validation) plots, which are presented in the 

Figure 4.4 for PM-E01 and PM-E02 datasets; 

(ii) percent cumulative explained variance of all five principal components, which are 

presented in the Table 4.1 for PM-E01 and PM-E02.  

 

 

 

 

Figure 4.3: Eigenvalue vs principal components plots for (a) PM-E01 and (b) PM-E02. 
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Figure 4.4: RMSECV vs principal components plot for (a) PM-E01 and (b) PM-E02. 

 

In Figure 4.4(a), PM-E01 shows a gradual increase in the first three principal 

components and a sudden increase in the fourth component. In Figure 4.4(b) for PM-E02, 

the first two principal components remain constant with a sudden increase for the third 

principal component. These plots suggest that it is necessary to consider two to three 

principal components to sufficiently explore the settlement behaviour of the system. The 

other principal components are considered to describe noise within the system and 

therefore can be discounted. As shown in Table 4.1, the first two components account for 

98.78% variance in PM-E01 and 99.63% in PM-E02, thereby explaining >95% of the 

total data characteristics information (Vitola et al., 2017).  
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Table 4.1: Principal components and explained percent variance for PM-E01 and PM-E02. 

Magnetic 

extensometer 

borehole 

reference 

Principal 

component ID 
Eigenvalue 

Explained 

variance (%) 

Cumulative 

variance (%) 

PM-E01 

PC1 4.888 97.76 97.76 

PC2 0.051 1.02 98.78 

PC3 0.032 0.65 99.43 

PC4 0.020 0.41 99.84 

PC5 0.008 0.16 100 

PM-E02 

PC1 4.874 97.48 97.48 

PC2 0.107 2.15 99.63 

PC3 0.013 0.26 99.89 

PC4 0.004 0.09 99.98 

PC5 0.001 0.02 100 

 

The threshold set by AEC suggests that one principal component is sufficient for 

capturing the underlying behaviour of the system. However, the RMSECV plot and 

cumulative percent variance suggest that considering additional principal components 

would be beneficial. Therefore, the subsequent analysis considers the first two principal 

components. 

4.3.2 Principal component score plot 

Based on the investigation presented in section 4.3.1, principal components 1 and 

2 were considered to observe clustering of settlement data for each 1 m increment of 

embankment filling.  

Figures 4.5 and 4.6 show score values plotted on the two principal components 

plot area. The centre zero of the plot represents the average of the dataset, with negative 

scores showing values lower than the average and vice versa. Moreover, the scores that 
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are close to each other represent similar behaviour. Since the variance of PC1 is 97.76% 

in PM-E01 and 97.48% in PM-E02, significant variation and clustering can be observed 

parallel to PC1 axis, i.e. from left to right of the scatter plot area (Vitola et al., 2017). 

Figures 4.5(a) and 4.6(a) demonstrate that the first and second principal 

components show a clear separation between different 1m increments in embankment fill 

level. These figures also show distinct data clusters for each fill increment, which are 

represented by different colours. Therefore, the clusters in the score plots indicate that 

soil layers are affected by loadings due to the placement of embankment fill. Additionally, 

the cluster associated with the final fill increment is located at the right side of the average 

line (i.e. the zero line), whereas the cluster for the first fill increment is located at the left 

side. This represents low settlement values during the application of relatively small 

(embankment fill) loads, whereas large amounts of settlement occur when loads are 

increased. The distribution of data based on fill level can be further visualised clearly by 

class potential plot, which is a contour plot of PC1 and PC2 scores as shown in the Figures 

4.5(b) and 4.6(b).  

These clusters provide confidence that the raw data, with suitable preprocessing, 

are sufficiently rich in information to distinguish the settlement response between 

different embankment fill increments. However, for PM-E02 data presented in Figure 

4.6(b), a slight overlap can be observed between the clusters relating to embankment fill 

levels 59 and 60 mAOD (i.e. the last two increments: 4-5 m and 5-6 m)). This can be 

expected due to the incremental settlement reducing as the embankment is constructed, 

as a result of progressive foundation soil consolidation. Thus, in the latter stages of 

embankment construction, more overlapping of data clusters would be expected.  
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Figure 4.5: Score plots for PM-E01 (a) scatter and (b) contour. 

 



Chapter 4: Preprocessing of soil settlement data 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    106 

 

 

Figure 4.6: Score plots for PM-E02 (a) scatter and (b) contour. 
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4.3.3 Hotelling T2 and Q-statistic for outlier detection  

Hotelling T2 metric and Q-statistic contributions can be investigated to determine 

the contribution of all variables, which cause time data points to deviate outside the 

confidence bounds (Ballabio, 2015). Figure 4.7 shows Q-statistic vs Hotelling T2 

influence plot for PM-E01 and PM-E02 datasets. It highlights their 95% confidence 

bounds represented by red and blue dotted lines. The position of time data points outside 

the confidence bounds indicate that they are potential outliers in the dataset (Bro and 

Smilde, 2014). Here, time data points are time stamps representing the dates of ME 

reading in five different soil layers (i.e. five variables).  

Settlement values for time data points outside the confidence bounds were 

removed from the dataset and approximated by linear interpolation. This was considered 

appropriate since the data sampling rate was relatively high compared with the dynamics 

of the embankment settlement. Thus, over a short time period compared with the dynamic 

response, the error associated with linear interpolation will be small and negates the need 

for higher order interpolation methods.  

From Figure 4.7, the first two data points recorded were outliers given their 

statistical deviation from the confidence bounds. It should be noted that Figure 4.7 does 

not show date labels of the scatter points for clarity. While it would be considered normal 

practice to linearly interpolate between data points upon removing outliers, this was not 

possible given that the data points in question were the first two readings taken prior to 

embankment construction. Hence, a value of 0 was assigned to these readings by 

assuming a time-lag between the time at which embankment fill was placed and the 

corresponding settlement response of the ME spiders and plate magnet during the first 

few measurements. Thereafter, all remaining outliers were removed, and linear 

interpolation was undertaken. 
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Figure 4.7: Influence plots for (a) PM-E01and (b) PM-E02 to detect outliers for subsequent 

removal. (Note: Date labels of scatter points were removed from the graph for clarity).  
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Figures 4.1(a) and 4.1(b) and Figures 4.8(a) and 4.8(b) show the PM-E01 and PM-

E02 datasets pre and post removal of outliers by using PCA and subsequent linear 

interpolation, as well as highlighted areas showing outlier removal details (Figure 4.8(c) 

and 4.8(d)). It is apparent that there were some frequent fluctuations in the settlement 

values, arising from factors such as measurement errors made by site operators and 

trafficking of heavy construction machinery. In practical terms, such short-term noise 

within the data needed to be removed by applying filtering and smoothing methods. 

 

 

Figure 4.8: Settlement vs time plot for original data after outlier removal by PCA (a) PM-E01 

and (b) PM-E02. The red circled areas show examples of small scale outliers and their removal 

for (c) PM-E01 (d) PM-E02. 
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4.4 Filtering and smoothing using signal processing  

Following the methodology presented in Chapter 3, given that the most 

appropriate filtering and smoothing method cannot be prespecified, a range of algorithms 

were applied to the PM-E01 and PM-E02 settlement datasets. The parameters used for 

each filter were iteratively adjusted to capture the behaviour of the soil, whilst removing 

any associated noise from the instruments. The suitability of the results was decided based 

on prior knowledge of the geological conditions beneath Pegswood Moor embankment, 

along with site observations made by the site engineers who were monitoring the 

settlement data. The results from applying these different filtering and smoothing 

methods are hereby presented. 

4.4.1 Gaussian-weighted moving average smoothing  

For the Gaussian-weighted moving average smoothing, the window length over 

which data points were averaged was determined heuristically based on the original input 

ME data (MathWorks, 2019c). Figure 4.9 shows the result for plate magnet 1 of PM-E01 

and PM-E02. The values for the moving window length selected for all of the spiders and 

plate magnets for PM-E01 and PM-E02 were explored. It was identified that using 

window lengths <72 for PM-E01 and <71 for PM-E02 resulted in settlement curves that 

were less smooth for all spiders and base magnets. However, one exception was noted for 

spider 1 in PM-E02, whereby a shorter window length value of 36 was required to 

produce a similarly smooth curve. This might be due to consistent rise and fall in 

settlement values and very small settlement (approx. 0.01 m) over the whole monitoring 

period. These findings suggest that the window length required for this filtering method 

is highly dependent on the nature of the raw settlement data. It is recommended that an 

iterative procedure be adopted in finding the most appropriate window length value to 

best suit the dataset in question.  
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Figure 4.9: Gaussian-weighted moving average result for plate magnet 1 probe of extensometer 

reference (a) PM-E01 and (b) PM-E02. 

 

4.4.2 Moving average smoothing  

The moving average method was applied using a similar iterative approach, 

regarding selection of the most appropriate window length for reducing the amount of 

noise in the settlement data (MathWorks, 2019d). A shorter window length of 49 was 
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required for all spiders, and 25 for plate magnet 1 to produce smoothed data curves for 

PM-E01 and PM-E02, as shown in Figure 4.10. 

 

 

 

Figure 4.10: Moving average result for plate magnet 1 probe of extensometer reference (a) PM-

E01 and (b) PM-E02. 
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4.4.3 Savitzky-Golay filtering  

Savitzky-Golay filtering is also an effective method for normalising and reducing 

noise from the data (Vitola et al., 2017). This method attempts to fit a polynomial curve 

of a specific order across a window either side of the current data point. Hence, the filter 

parameters were the polynomial order and the window size (MathWorks, 2019b). Trials 

were performed for assessing the most appropriate window length and polynomial order 

for the ME datasets. Based on these trial results, a polynomial order of 2 was used for 

both PM-E01 and PM-E02. Furthermore, window sizes of 83 and 63 were used for spiders 

and plate magnet 1, respectively. The resulting smoothed data curves for plate magnet 1 

of PM-E01 and PM-E02 are presented in Figure 4.11.  
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Figure 4.11: Savitzky-Golay result for plate magnet 1 probe of extensometer reference (a) PM-

E01 and (b) PM-E02. 

 

4.4.4 Zero-phase filtering  

In zero-phase filtering, the time reversal technique is applied to filter the time 

series data twice (i.e. performed in forward and reverse direction by reversing the time 

series data) (Swider and Pedersen, 2019). Filter order, frequency constraints and design 
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method are the control parameters, which are required to implement this method. For 

zero-phase filtering, it is common practice to assume that low frequencies of the signal 

contain useful data, whereas high frequencies are noise (Swider and Pedersen, 2019). 

Therefore, low pass filtering using the Butterworth method was adopted for cleaning the 

data by defining the optimum “cut-off” frequency that provides the best-fit to the original 

data (MathWorks, 2019e). As for the previous filtering techniques, numerous trials were 

initially performed to define the most appropriate values for the aforementioned filter 

parameters. Results from these trials indicated that using low-pass filtering with cut-off 

frequencies of 0.015 and 0.055 for PM-E01 and PM-E02 respectively, were the most 

appropriate for capturing low frequency changes in the datasets, which are characteristic 

of soil settlement (Swider and Pedersen, 2019). The results for plate magnet 1 are 

presented in Figure 4.12.  

In contrast to the other filtering techniques applied in this study, the filter 

parameter values used in this technique were different for the two ME’s. This is likely 

attributable to the influence of the rate of change in soil settlement on their values. Minor 

variations in soil settlement were present at PM-E01 compared with PM-E02 since, 

slightly more engineering fill was placed over PM-E02 due to its lower initial ground 

level.  
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Figure 4.12: Zero-phase result for plate magnet 1 probe of extensometer reference (a) PM-E01 

and (b) PM-E02. 
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4.4.5 Comparison of the results  

4.4.5.1 Graphical comparison 

The filtering results are plotted against the original ME data in Figure 4.13 for 

PM-E01 and Figure 4.14 for PM-E02. It is evident that based on careful selection of 

values for filtering parameters, all of the filtering methods applied were successful in:  

(i) producing smoothed data curves that corrected for the presence of noise in the 

original data; 

(ii) capturing the underlying trend of soil settlement at both instruments that closely 

resembled the expected settlement behaviour for Pegswood Moor embankment. The 

curves produced by all of the filtering methods were typical of those expected for 

glacially derived lightly-overconsolidated cohesive soils based on their settlement 

and consolidation behaviour.   

The time-settlement plot for all the results indicates little difference between the 

filtering approaches on most of the data. However, there are disparities between the raw 

ME data and the filtered results after the end of July 2016. This is due to only a couple of 

ME readings were collected during the 6-month period between August 2016 and January 

2017.  
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Figure 4.13: Filtering and smoothing results for PM-E01.
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Figure 4.14: Filtering and smoothing results for PM-E02. 
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4.4.5.2 Statistical comparison 

A statistical comparison of the effectiveness and reliability of these filtered results 

is presented in Tables 4.2 and 4.3 for PM-E01 and PM-E02, respectively. From NMSE 

and RMSE values, it is clear that none of the four filtering approaches used outperformed 

each other. These approaches were selected due to their high levels of consistency in 

terms of NMSE and RMSE values. Subtle variations were apparent (e.g. PM-E01 in Table 

4.2), whereby Savitsky-Golay appeared to perform slightly better. Whereas for PM-E02 

(Table 4.3), the zero-phase filtering method appeared to be superior. This highlights that 

without implementing the four filtering approaches on the settlement data, it would not 

be possible to fully assess which approach is more preferable. 

 

Table 4.2: Statistical comparison of filtering and smoothing results for PM-E01. 

Statistical 

method 

Filtering method 

Raw Data 
Gaussian-

weighted 

Moving-

average 

Savitzky-

Golay 
Zero-phase 

Plate magnet 1 

RMSE 0.0000 0.0023 0.0017 0.0020 0.0025 

NMSE 1.0000 0.9833 0.9905 0.9873 0.9793 

Spider 4 

RMSE 0.0000 0.0013 0.0013 0.0011 0.0017 

NMSE 1.0000 0.9827 0.9816 0.9860 0.9670 

Spider 3 

RMSE 0.0000 0.0010 0.0010 0.0010 0.0013 

NMSE 1.0000 0.9779 0.9788 0.9812 0.9679 

Spider 2 

RMSE 0.0000 0.0010 0.0010 0.0009 0.0012 

NMSE 1.0000 0.9697 0.9676 0.9736 0.9564 

Spider 1 

RMSE 0.0000 0.0008 0.0008 0.0008 0.0009 

NMSE 1.0000 0.9463 0.9462 0.9480 0.9317 
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Table 4.3: Statistical comparison of filtering and smoothing results for PM-E02. 

Statistical 

method 

Filtering method 

Raw Data 
Gaussian-

weighted 

Moving-

average 

Savitzky-

Golay 
Zero-phase 

Plate magnet 1 

RMSE 0.0000 0.0056 0.0040 0.0044 0.0036 

NMSE 1.0000 0.9879 0.9937 0.9925 0.9949 

Spider 4 

RMSE 0.0000 0.0027 0.0027 0.0022 0.0017 

NMSE 1.0000 0.9883 0.9889 0.9925 0.9955 

Spider 3 

RMSE 0.0000 0.0021 0.0020 0.0017 0.0013 

NMSE 1.0000 0.9895 0.9899 0.9934 0.9961 

Spider 2 

RMSE 0.0000 0.0012 0.0011 0.0010 0.0009 

NMSE 1.0000 0.9773 0.9789 0.9825 0.9865 

Spider 1 

RMSE 0.0000 0.0008 0.0009 0.0009 0.0008 

NMSE 1.0000 0.9526 0.9404 0.9441 0.9534 

 

It is important to note that whilst relatively high RMSE values were recorded for 

plate magnet 1 data compared with other spiders data for both ME instruments, this does 

not mean that the filtering techniques applied were less effective for plate magnet 1. It is 

worth noting that minimising the RMSE value was not the objective of this analysis, as 

this would indicate a perfect fit to noisy data (i.e. RMSE = 0). A similar situation was 

also observed for NMSE values (whereby NMSE = 1 would denote a perfect fit to noisy 

data) (MathWorks, 2019a). A satisfactory result was selected by closely inspecting the 

raw and smoothed data curves on the time-settlement plot after performing many 

iterations by changing parameters used in the methods. The purpose of calculating these 

statistical values was to quantitatively compare the cleaning quality of the four different 

filtering methods used. It can be seen from Tables 4.2 and 4.3 that all four have provided 

almost similar values. Therefore, it can be concluded all the methods were suitable for 

performing data cleaning.  
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For the purpose of the settlement data presented in this study, NMSE and RMSE 

values were sought to reflect noise removal by different filtering methods while capturing 

the underlying data trend. However, it must be emphasised that the quality of the 

smoothed data and associated NMSE and RMSE values highly depend on the soil 

conditions present, the structure being built and experienced geotechnical engineering 

judgement. 

4.4.6 Validation of cleaned data  

4.4.6.1 Validation by PCA model  

The cleaned dataset obtained by filtering and smoothing results can also be 

validated by projecting the data in the PCA model developed by the original ME data, 

and including them in the influence plot to analyse their distribution (Ballabio, 2015). 

The cleaned datasets were created by extracting best-fitted results for each ME probe. 

From the four filtering methods, the one whose NMSE was closest to 1 was considered 

as the best fit. It should be noted that the term ‘best-fitted results’ only refer to the results 

having the largest and lowest NMSE and RMSE values respectively. The aim of filtering 

to remove noisy data is not to attain a value zero for RMSE and value one for NMSE 

since achieving that would lead to overfitting, and the result would not be a smooth curve 

as desired. Figure 4.15 shows a Hotelling T2 and Q-statistic plot, whereby it can be 

observed that the distribution of time data points for cleaned datasets is within the 

confidence bounds. This suggests that the cleaning methods successfully captured the 

global settlement behaviour. This was expected since outliers were removed before 

proceeding to data cleaning by filtering methods. Moreover, it asserts that outlier removal 

improved the data cleaning process.  
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Figure 4.15: PCAs influence plot (original and cleaned dataset). Time data points of dataset 

obtained using filtering and smoothing are under confidence bound. 
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4.4.6.2 Validation with piezometer data  

To verify the data preprocessing approach, it is good practice to contrast changes 

in correlated measurements with values that are being filtered. Hence, if changes were 

observed in both the filtered and correlated variable values, this questions whether such 

data points were outliers. Given that pore water pressures within soils generally respond 

to compression associated with embankment construction, comparisons were also made 

with VWP datasets collected for Pegswood Moor embankment. It should be noted that 

VWP data was only available until 1st June 2016, whereas ME data collection continued 

after that, with the final measurement taken in January 2017. Therefore, ME data can only 

be compared with VWP data until 1st June 2016.  

Figures 4.16 and 4.17 present the VWP data collected for PM-P02 and PM-P01 

respectively, whereby comparisons in pore water pressure were made with settlement 

measurements recorded for spiders at corresponding depths within PM-E01 and PM-E02 

respectively. It should be noted that the pore water pressures recorded by both PM-P01 

and PM-P02 were not corrected with respect to the effect of the instruments settling with 

time due to embankment construction; the tips of these instruments were within 

compressible strata rather than rock or dense soils (as for PM-E01 and PM-E02).  
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Figure 4.16: Combined piezometer and extensometer data for (a and c) PM-P02 and (b and d) 

PM-E01. 

 

In Figures 4.16 and 4.17, it can generally be seen that during the earlier stages of 

embankment construction, pore water pressures increased at approximately the same time 

as individual fill levels being applied and the corresponding soil settlement response. For 

VWP sensor PM-P02B, pore water pressure measurements were largely negative – 

indicating suctions. This suggests that the soil was partially saturated, and that the local 

groundwater level was located at a depth lower than that for this particular sensor.  
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Figure 4.17: Combined piezometer and extensometer data for (a and c) PM-P01 and (b and d) 

PM-E02. 

 

For some stages of embankment filling, there was not a clear immediate 

settlement response. Hence, it has proved beneficial to use the VWP data for cross-

checking the timings of embankment fill layers being placed. However, in the later stages 

of embankment construction, sharp rises in pore water pressures became more 

suppressed. This can be explained by the presence of the PVDs beneath the embankment, 

which rapidly increased the rate of soil consolidation and dissipation of excess pore water 

pressures. Also, the effects of construction compaction and trafficking of site machinery 

further contributed towards the consolidation of the embankment and suppression of pore 

water pressures. Relatively few time lags were observed between the application of 
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embankment fill and settlement – pore water pressure responses, which were likely due 

to the effects of the soil’s low hydraulic conductivities.  

Although the ME and VWP instrumentation were only in operation during the 

construction of the Pegswood Moor embankment, the raw and filtered-smoothed ME data 

curves and VWP data suggest that primary consolidation and a large proportion of 

secondary consolidation had completed after the final embankment fill increment and 

during the final hold period.  

Whilst the comparison of VWP and settlement data is following good practice, 

the resolution of the VWP dataset alone was insufficient for identifying outliers in the 

settlement data. However, the VWP dataset was useful in confirming the timings of the 

settlement response. Aside from the settlement effects of embankment fill placement, 

construction activity such as trafficking and/or compaction plant often results in increased 

pore water pressures with no corresponding measurement in increased settlement. It 

would be interesting to understand how these outliers are determined through further 

research based on larger datasets.  

4.5 Concluding remarks  

This chapter has highlighted that data preprocessing is a vital activity for 

interpreting real-time settlement data collected for earth embankments. Outliers and noise 

in the data mask the underlying soil settlement behaviour and can ultimately lead to 

inappropriate decisions on site during the embankment construction (such as the duration 

of hold periods between filling increments). In addition, outliers and noise in the datasets 

can lead to unreliable data-driven models and compromises in their prediction 

capabilities.   

For this particular study, geotechnical knowledge of how the glacial soils beneath 

the embankment were formed and their mechanical behaviour meant that it was not 

possible for them to experience heave during embankment loading. However, cleaning 

data by removing all data points that suggest heave is an act of over-conservatism, 

whereby there would have been a risk of falsely removing correct data that is corrupted 



Chapter 4: Preprocessing of soil settlement data 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    128 

by high frequency noise. Therefore, PCA and filtering and smoothing methods were 

adopted for data preprocessing.  

Simple preprocessing methods including PCA provided a useful indicator of data 

outliers and noise in the embankment settlement. Initial data exploration by PCA 

confirmed that soil settlement values varied with changes in the embankment fill level. 

For both ME’s, the first principal component captured >95% of the total data variation, 

implying a strong correlation between embankment fillings and settlement. However, the 

amount of settlement depends on the soil layer depth, due to effects of overburden stress 

and degree of consolidation. PCA was effective in identifying and removing outliers, 

whereby the removed data was replaced by linear interpolation. Failure to remove 

outlying data points from the raw dataset significantly degrades the performance of the 

filtering.  

The four filtering and smoothing methods, i.e. moving average, Gaussian-

weighted moving average, Savitzky-Golay and zero-phase, were efficient for removing 

noise from the data. Results from commonly used cleaning, filtering and smoothing 

algorithms demonstrated that they well captured the overall expected and observed 

settlement behaviour of the Pegswood Moor embankment. Encouragingly, the data 

preprocessing results and smoothed settlement data curves produced appear to be of 

similarly good quality as those produced by Kelly et al. (2018) for a purpose built 

embankment which had a much denser VWP and ME sensor network. 

According to soil consolidation theory, it is expected that for any given vertical 

load applied to the soil, its settlement behaviour will be characterised by a smooth 

exponential curve (Smith, 2014). Moreover, based on soil material properties such as 

stiffness and permeability, there will be a maximum rate at which settlement will occur. 

Therefore, the variation in the raw data and filtered-smoothed data curves is due to 1) the 

presence of noise in the data after removal of outliers and 2) the resolution of the raw 

settlement data was 1 mm, whereas filtering results showed values with a higher level of 

resolution. Therefore, filtering results showed a smoother trend compared with the raw 

data and therefore more characteristic of field behaviour. 

It should be noted that this study only used simple smoothing based algorithms 

for data cleaning. This was motivated by the primary reasons of simplicity and usability. 
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If these algorithms are not suitable for other settlement datasets, more complex cleaning 

algorithms are available, but it would be more challenging to establish filtering 

parameters. Whilst the smoothing algorithms are transferable to processing settlement 

data for other earth embankments, the values assigned to filtering parameters for this 

study are not due to differences in soil conditions and instrumentation installation details.  

Although this study performed data cleaning for offline (i.e. non-real-time) data, 

the filtering algorithms also support online (i.e. real-time) data cleaning. Offline data 

cleaning is more straightforward than online as it does not require advanced software and 

hardware design. However, online requires computation standards that run algorithms to 

perform data cleaning tasks in a specified timeframe (Kuo, Lee and Tian, 2013). 

The removal of settlement outliers and data cleaning by filtering and smoothing 

methods is often not a straightforward process. The challenging issue is the risk of 

accidentally removing correct data points. Although this is sometimes inevitable, it can 

be minimised by maintaining human-in-the-loop to adjust filter parameters for an 

optimised result. Whilst the RMSE and NMSE metrics have proved to be useful for 

informing the filter performance, these are based on experienced engineering judgement.  

Due to natural spatial variations in ground conditions, it is common practice to 

collect as much data as possible from individual monitoring instruments and to invest in 

installing more of them – especially if the data generated is difficult to interpret. However, 

if interpretation can be improved this may assist in reducing and thereby optimising the 

number of instruments required. Based on the findings from this study, comparatively 

small-sized datasets generated from geotechnical site-based monitoring instruments 

provides an effective indication of embankment settlement. This negates the need to 

install extensive arrays of instrumentation across embankment structures and is a cost-

effective data-driven approach for long-term monitoring during the operational phase of 

embankment structures.  

Based on the results presented in this chapter, it is recommended that professional 

geotechnical engineers spend sufficient time understanding raw settlement data and adopt 

preprocessing and filtering methods for enhancing data quality. This would provide more 

detailed insights into subtle variations within embankment settlement data.   
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Chapter 5:  Short-term predictive modelling 

5.1 Chapter overview  

This chapter explores data-based modelling methods for the advancement of 

geotechnical site practices associated with monitoring earth embankment construction 

and predicting future behaviour. Polynomial curve fitting and TF methods will be 

demonstrated as novel, versatile and flexible approaches for forecasting short-term soil 

settlement in real-time on civil engineering construction sites. 

In-situ monitoring data obtained from instruments such as MEs installed on site 

for monitoring soil settlement behaviour are commonly utilised to determine ultimate 

settlement during the construction phase. Since it is difficult to replicate on-site ground 

conditions for making accurate settlement predictions using numerical and analytical 

approaches during the design stage, observational curve fitting methods using field 

monitoring data could provide reliable predictions for ultimate settlement. The use of 

monitoring instrumentation for predicting in-situ soil behaviour becomes more important 

on sites where: (i) the ground conditions comprise highly compressive soils and (ii) the 

construction process adopted for earth embankments generally involves incremental 

filling of engineered soil, along with the installation of PVDs to expedite consolidation 

(via excess pore water pressure dissipation) (Yu et al., 2020).  

Whilst datasets are primarily used for validating the ultimate settlement predicted 

at the design stage, MEs can also be used to forecast short-term settlement in real-time. 

Thus, the data can be further valorised by providing an indication of the rate of 

intermediate soil settlement.  

During the construction phase, it is important to confirm that foundation soils have 

achieved at least 90% consolidation to mitigate against serviceability and ultimate limit 

state failures once the embankment is in operation. Furthermore, short-term predictions 

can provide frequent feedback regarding soil settlement during embankment construction, 
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including the provision of advanced warnings of any data trends that may cross the 

expected threshold for permissible settlement. Short-term predictions can also assist in 

identifying deviations between predicted and measured settlement values, which in turn 

highlights potential errors in the instrumentation. Interventions can then be made to 

ensure that future construction decisions are not based on low quality data.  

Prior to applying polynomial curve fitting and TF modelling, a literature review 

was undertaken focussing on a wide range of observational curve fitting methods used 

for ultimate settlement predictions, with a view to determining their suitability for short-

term settlement prediction. It was determined that most of the available methods were not 

feasible as they required final settlement values derived from Terzaghi's method (Li, 

2014; Chen, Li and Xu, 2016; Benamghar and Boudjellal, 2017). The only exception to 

this was the hyperbolic approach, which as demonstrated by Yu et al. (2020) did not 

require the input of any theoretical final settlement values. However, for a very short 

time-period (e.g. 7-14 days), the hyperbolic function can be approximated by a straight 

line, similar to the first-order polynomial method.  

The following aspects were investigated by using settlement-time data obtained 

from Pegswood Moor embankment: (i) short-term soil settlement response to incremental 

earth embankment construction; (ii) the prospects of developing and implementing a data-

driven model for predicting short-term settlement trends using previous settlement values; 

(iii) the number of days of soil settlement measurements required to successfully forecast 

future behaviour, and (iv) the number of days into the future which would be sufficient 

to assist site engineers in predicting settlement during construction. 

In this chapter, the two ME (PM-E01 and PM-E02 installed on opposite sides of 

the embankment, through slightly different geological profiles) datasets used to 

demonstrate data cleaning were also used to study short-term embankment settlement 

behaviour. Although the dataset contained 10 months’ worth of measurements, only the 

last 6 months of data were primarily considered since there were 3 weeks’ worth of 

missing data points during the third month of embankment construction. This was done 

to avoid generating high irregularities in the dataset and subsequent analysis. For the other 

few missing data points present in the 6 months of data, the ‘nearest’ available data point 

was used rather than linear interpolation, given the 1 mm resolution of ME data. 
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Considering the final 6 months of data, fill levels and the number of days of data available 

for each fill level are given in the Table 5.1. 

 

Table 5.1: Stage filling of embankment and duration (Note: considering the final 6 months of 

data). 

Instrument 

reference 
Stage no. Fill level (mAOD) Fill level (m) Number of days data 

PM-E01 

1 57.4 0 11 

2 57.8 0.4 18 

3 58.41 1.01 2 

4 58.6 1.2 18 

5 59 1.6 1 

6 59.36 1.96 1 

7 60 2.6 119 

PM-E02 

1 56.4 0 3 

2 56.6 0.2 5 

3 57.3 0.9 2 

4 57.8 1.4 15 

5 58.3 1.9 4 

6 58.56 2.16 1 

7 58.6 2.2 1 

8 58.8 2.4 18 

9 59 2.6 1 

10 59.36 2.96 1 

11 60 3.6 117 

 

The last settlement measurements as part of the monitoring programme were 

taken for PM-E01 and PM-E02 on 19th July 2016 and 17th July 2016, respectively. Since 

the aim of installing MEs at the site was to verify ultimate settlement, the extensometers 

were left in-situ after the embankment was constructed to measure the final settlement on 
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31st January 2017, shortly prior to the opening of the Morpeth Northern Bypass highway 

for public use. 

The structure of this chapter is organised such that section 5.2 explores the 

approach for decision-making on time-window length for field measurements and 

prediction. Section 5.3 discusses the polynomial curve fitting model to interpret the trend 

of soil settlement in a given window length to forecast a set of future settlement values 

for the window length established in section 5.2. Section 5.4 discusses the TF for 

establishing a relationship between output and input (i.e. soil settlement and loads due to 

embankment fill level) to determine the trend of soil settlement to predict future soil 

settlement for the same window length established in section 5.2. Section 5.5 compares 

the two prediction models and discusses their applications and limitations for making 

predictions of soil settlement. Section 5.6 summarises the short-term prediction procedure 

in simple steps for easy understanding by potential users. Section 5.7 discusses the 

sensitivity of window length on predictions, polynomial order for the polynomial method 

and gain and time constant parameters for the TF method. It also includes validation of 

the proposed modelling approach, with a flowchart depicting the validation process. 

Lastly, section 5.8 discusses the results and presents concluding remarks.  

5.2 Time-window length estimation  

Estimation of window length was performed by optimising a first-order 

polynomial curve fitting over a particular window. Fitting was started with a window of 

5 days and incrementing it by 1 day until 14 days. 

5.2.1 Window length for measured data  

For each time window length, the MAE between the field measurement and curve 

fit were computed. Median values of MAE, kurtosis and skewness values of MAE 

distribution for each window length were determined for both PM-E01 and PM-E02, as 

presented in Table 5.2 for the initial 2 months of the 6-month dataset. 

The common acceptable ranges for normal distribution are -2 to +2 for skewness 

and +1 to +5 for kurtosis (Khosravi et al., 2018). For optimal window length, (q values 
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as shown in Figure 3.2), it was expected that MAE should be small and that errors should 

have a normal distribution. This would indicate that most of the error values are close to 

zero with low probabilities of recording large errors. Therefore, acceptable q values shall 

have skewness values close to 0 and kurtosis close to 3 (Boylan and Cho, 2012; Farrar 

and Worden, 2012; Hilas, Rekanos and Mastorocostas, 2013).  

 

Table 5.2: Statistical metrics to determine curve fit window length. 

Instrument reference PM-E01 PM-E02 

Statistical metrics 

M
ed

ia
n

 

(m
) 

S
k

ew
n

es
s 

K
u

rt
o

si
s 

M
ed

ia
n

 

(m
) 

S
k

ew
n

es
s 

K
u

rt
o

si
s 

Window 

length 

(days) 

5 0.0005 1.229 4.502 0.0008 0.676 2.859 

6 0.0006 0.728 2.706 0.001 0.272 2.333 

7 0.0007 0.771 2.855 0.0011 0.19 2.299 

8 0.0008 0.565 2.597 0.0014 0.076 2.432 

9 0.0009 0.411 2.447 0.0015 0.044 2.525 

10 0.0009 0.231 2.159 0.0015 0.14 2.465 

11 0.001 -0.101 2.05 0.0015 0.266 2.504 

12 0.001 -0.388 2.241 0.0016 0.37 2.294 

13 0.0011 -0.212 2.788 0.0017 0.468 2.063 

14 0.0011 0.554 3.2 0.0018 0.353 2.073 

 

From Table 5.2, the median of MAE progressively increased with curve fit 

window length for both PM-E01 and PM-E02. However, skewness and kurtosis values 

were not consistent for both extensometers. For PM-E01, the skewness values had a 

downward linear trend reaching a minimum value of -0.388 at 12 days, which rebounded 

from 13 to 14 days. The value closest to zero was -0.101 at 11 days. The desired kurtosis 

value close to 3 was achieved at 6-7 and 13-14 days. A similar trend of increasing median 

MAE was also evident for PM-E02. It should be noted that the errors measured within 

the PM-E02 dataset were larger than those recorded in the PM-E01 dataset, due to more 

settlement being experienced in the former. The skewness value initially decreased 
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towards a minimum value of 0.044 at 9 days, whereas kurtosis values close to 3 were 

achieved at 5 days. For PM-E02, kurtosis was less than 3 for all window lengths. Kurtosis 

and skewness observations for PM-E02 suggest that good fitting could be performed for 

up to 14 days of field measurements. However, median of MAE increased with window 

length. Hence, based on the skewness and kurtosis observations for both extensometers, 

7 days of linear soil behaviour can be considered as a moderately conservative window 

length estimate for the model.  

5.2.2 Prediction window length  

It was assumed that the 𝑞 value would give higher quality predictions for a time 

window of length 𝑟. Therefore, a q value of 7 was used to estimate an optimal r value 

ranging between 5 to 14 days. The same median of MAE, skewness and kurtosis metrics 

were used for estimating r. Table 5.3 lists the median, skewness and kurtosis of MAE 

between field measurement and predicted values (with curve fit window length fixed as 

7) for each time-window sliding over the same 2-month sample of data, as considered in 

Table 5.2.   

From Table 5.3, the general trend for the median of MAE is similar to that for 𝑞 

values. For PM-E01, skewness and kurtosis values gradually decreased until 11 and 10 

days respectively. Subsequently, a small rebound in their values was also observed. 

Skewness values were close to 0 between 9 and 12 days, reaching a minimum value of -

0.009 at 11 days. Kurtosis values ranged between 1.8 and 2.3. The value closest to 3 was 

2.275 at 5 days.  Contrastingly, for PM-E02 skewness and kurtosis values experienced 

marked changes as window lengths increased. A minimum skewness value of 0.505 was 

observed at 5 days, whereas a kurtosis value of 3 was recorded at 8 days.  
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Table 5.3: Statistical metrics to determine prediction window length. 

Instrument reference PM-E01 PM-E02 

Statistical metrics 
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5 0.0024 0.367 2.275 0.0044 0.505 2.275 

6 0.0027 0.264 2.249 0.0044 0.525 2.318 

7 0.0029 0.243 2.222 0.0046 0.648 2.649 

8 0.0034 0.147 2.109 0.0047 0.805 3.007 

9 0.0038 0.06 1.914 0.0052 0.855 3.245 

10 0.0042 -0.011 1.836 0.0056 0.926 3.451 

11 0.0044 -0.009 1.842 0.0057 1.054 3.811 

12 0.0045 0.092 1.874 0.0063 1.135 4.066 

13 0.0048 0.192 1.916 0.0068 1.211 4.189 

14 0.0046 0.285 1.943 0.0075 1.191 4.109 

 

5.2.3 Window length decision  

Based on the results presented in Tables 5.2 and 5.3, it was not possible to achieve 

optimal for median, skewness and kurtosis metrics together. Thus, a balance must be 

achieved across the combined metrics, whereby the criteria for defining such a balanced 

decision will depend on engineering judgement influenced by site specific circumstances. 

Furthermore, there is academic and practical merit for maintaining consistency in the 

settlement prediction window lengths for all extensometers installed across the same 

embankment structure.  

Given the evidence above, a settlement prediction window of 7 days was used for 

the Pegswood Moor embankment MEs. The predictive performance of the polynomial 

method has been investigated on the 6-month dataset, as described in the next section.  
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5.3 Moving time window polynomial model  

The PM-E01 and PM-E02 datasets comprised 170 and 168 data points, 

respectively. The first 7 days of data were used to make the first prediction from day 8 

onwards, where MAE values for this and subsequent windows were determined.  

5.3.1 Quantification of predictive performance by descriptive statistics  

5.3.1.1 Boxplot of MAE distribution  

Consecutive MAEs obtained for total and individual layer settlement predictions 

have been investigated to determine whether there is consistency in the prediction results 

as the time window moves forwards. The box plots presented in Figure 5.1 show the 

distribution of MAE values between predicted and field measurements for each magnetic 

spider and total settlement for PM-E01 and PM-E02. Each box plot shows the median of 

the sample (i.e. MAE values), interquartile range (IQR), upper and lower limits which 

extend to 1.5×IQR. Most of the box plots show a right-skewed distribution as most of the 

MAE values lie between the lower quartile and median; thereby representing low errors. 

Very few MAE values were beyond 1.5×IQR showing large errors, and were thereby 

recognised as MAE-outliers. There were a limited number of significant MAE-outliers 

which would have hindered the clear visualisation of MAE distribution by box plots. 

Therefore, these values are not shown in Figure 5.1 and are discussed further below. 

A few high MAE values within the box plots are likely due to the presence of 

errors in the field measurement, which would affect the curve-fitting process and thereby 

prediction results. The number of MAE-outliers for the polynomial method were in the 

ranges of 3 to 10 and 2 to 14 for PM-E01 and PM-E02 respectively, as presented in Table 

5.4. These account for less than 10% of the total number of MAEs. For PM-E01, MAE-

outliers for total settlement and the upper soil layers are more confined towards the 

whisker limit, whereas they are more dispersed for PM-E02. This is likely due to PM-

E02 experiencing more settlement and therefore had a higher signal to noise ratio 

compared with PM-E01. 

 



Chapter 5: Short-term predictive modelling 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    138 

 

 

Figure 5.1: MAE box plot depicting mean and interquartile range of MAE values between field 

measurement and prediction by first order polynomial for (a) PM-E01 and (b) PM-E02. 
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5.3.1.2 Kurtosis and skewness of MAE distribution  

To further evaluate the MAE results using kurtosis and skewness, MAE-outliers 

beyond 1.5×IQR were removed (<10% of total number of MAEs) since they could result 

in very high kurtosis and skewness values. As shown in Table 5.4, although kurtosis and 

skewness values do not indicate a perfectly normal distribution, they are within an 

acceptable range (Khosravi et al., 2018).  

 

Table 5.4: Kurtosis and skewness of MAE after removing very high errors (MAE > 1.5×IQR) – 

polynomial method. 
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Metrics 

Instrument sensor reference 

Total 

settlement 

Plate 

magnet 1 

Spider 

4 

Spider 

3 

Spider 

2 

Spider 

1 

PM-E01 

No. of 

outliers 
10 3 8 9 8 9 

Median 

(m) 
0.0012 0.0013 0.0009 0.0011 0.0008 0.0010 

Skewness 0.859 0.478 0.659 0.600 0.955 0.820 

Kurtosis 2.931 2.716 2.875 3.010 3.069 3.271 

PM-E02 

No. of 

outliers 
14 2 13 4 2 5 

Median 

(m) 
0.0018 0.0011 0.0009 0.0008 0.0010 0.0009 

Skewness 1.301 0.608 1.259 0.792 0.853 1.032 

Kurtosis 4.194 2.561 3.824 2.978 3.083 3.263 

 

5.3.2 Comparison of measured and predicted settlement over time  

5.3.2.1 Graphical comparison  

To understand the predicted time-settlement behaviour and the prediction 

capability of the models, time settlement graphs have been plotted for predicted total 
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settlement against field measurements in this section. The results of 7th day prediction 

were compared with field measurements, which are presented in the Figure 5.2. Field 

measurements also include the first time-window used for initial curve fitting.  

Although 7th day predictions had deviations from the field measurements, their 

trend followed the fill level change – whereby the onset of predicted soil settlement 

consistently coincides with each increment of embankment fill placement. In general, 

settlement prediction results for PM-E02 were better than those for PM-E01. Prediction 

results were of higher quality for PM-E02 compared with PM-E01 due to PM-E02 having 

a higher signal to noise ratio. Furthermore, PM-E02 was subject to more load changes 

than PM-E01, thereby providing richer data for model identification.  

 

 

 

 

 

 

 

 

 



Chapter 5: Short-term predictive modelling 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    141 

 

 

Figure 5.2: Time - total settlement of 7th day predictions plot by moving time-window 

polynomial curve fitting (pcf) method (a) PM-E01 (b) PM-E02. 

 

Based on the entire datasets for PM-E01 and PM-E02, the total settlement accrued 

at the end of the ME monitoring programme was approximately 70 mm and 150 mm, 

respectively (i.e. the total settlement for PM-E01 was approximately half that for PM-

E02). These measurements show a total settlement rate of 0.24 mm/day for PM-E01 and 
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0.53 mm/day for PM-E02, indicating that individual soil layers at PM-E01 experienced 

less deformation than at PM-E02.  

Since the lower soil layers experienced much less settlement compared with upper 

layers (due to higher levels of in-situ effective vertical stress and shear stiffness), there 

was a higher likelihood of errors being generated by manual measurements for spiders 1 

and 2 in PM-E01 and PM-E02. Therefore, any marked discrepancies between predicted 

and field measurements of settlement were primarily due to measurement errors for 

spiders placed in lower soil layers; highlighting that the polynomial prediction method is 

sensitive to data quality. 

It should be noted that the ME datasets were not preprocessed to remove outliers 

and noise, since the aim of this study was to develop a process for short-term forecasting 

in real-time. Decisions can be made on site based on prediction results. Unexpected and 

random prediction results can give warning signs of sudden change in soil behaviour, 

which can trigger actions such as inspection or even temporary suspension of the 

construction works on site. Moreover, a sudden change in prediction can also reflect 

errors in data collection and thereby give warning to improve data collection process (i.e. 

correct measurement of future data points) or resample to confirm the measurements. It 

can be observed in Figure 5.2(a) that after a few zero settlement values at the start, 

measurement shows sudden heave. This is the first heave prediction (rather than 

settlement). Hence, this indicates errors in taking measurements.  

5.3.2.2 Statistical comparison  

Figure 5.3 presents a scatter plot, which enables assessment of correlations 

between field measurements and 7th day predictions. Significant data clustering can be 

observed close to the identity line for total settlement. This, along with the R-squared 

values ( 0.89) suggest that the polynomial models provide a very good estimate of future 

settlement for PM-E01 and PM-E02. Whilst this finding is very encouraging, especially 

given that slightly different geological profiles were present for the two instruments, this 

was expected since the model is independent of soil heterogeneities and only dependent 

on the field settlement data for prediction.  
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Figure 5.3: Scatter plot between field measurement data and 7th day predictions by moving time-

window polynomial curve fitting (pcf) method for (a) PM-E01 and (b) PM-E02. 

 

A summary of R-squared values for the relationship between measured and 

predicted settlement values for total settlement and individual soil layers is summarised 

in Table 5.5. High R-squared values indicated a strong correlation between the predictions 

and field measurements. Low R-squared values suggested high underestimation and 

overestimation for 7th day settlement predictions. From Table 5.5, PM-E02 predictions 



Chapter 5: Short-term predictive modelling 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    144 

were generally better than those for PM-E01. As mentioned in section 5.3.2.1, this can be 

explained by the higher signal-to-noise ratio and larger settlement experienced by PM-

E02 compared with PM-E01. The first-order polynomial model was developed with the 

knowledge that soil settlement due to embankment filling would not show any 

fluctuations due to seasonal variations (i.e. swelling and shrinkage). It was established in 

section 4.2. However, low R-squared values suggested that the time-settlement data 

showed frequent fluctuations instead of a linear settlement trend in a short period. Thus, 

it could be deduced that those variations were due to measurement errors. 

The polynomial model performed very well for predicting total settlement, along 

with the settlement at plate magnet 1 for both extensometers. However, R-squared values 

were much lower for PM-E01 spiders 1 – 4, suggesting that there was a weak correlation 

between model predictions and field measurements. For PM-E02, the spider 4 layer had 

a very low R-squared value, whereas the layer beneath it (spider 3 layer) had a high R-

squared value. This occurrence might be due to the difference in the amount of settlement 

that occurred within these layers, owing to the difference in soil type; whereby spider 3 

was installed within a weaker, more plastic sandy silty clay and spider 4 was installed in 

sandy gravelly clay. Given that the settlement experienced by these spider probes was not 

major, any error in their dataset would have a significant adverse effect on the 7th day 

prediction.  

 

Table 5.5: R-squared for 7th day predictions of total settlement and individual soil layers – 

polynomial method. 

Total settlement and individual layers 

Polynomial method 

PM-E01 PM-E02 

Total settlement 0.8864 0.8992 

Plate magnet 1 0.7562 0.8875 

Spider 4 0.5623 0.0788 

Spider 3 0.0230 0.8985 

Spider 2 0.1499 0.4049 

Spider 1 0.3598 0.3234 
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5.3.3 Influence of data quality on polynomial method  

Discrepancies between predictions and field measurements can be attributed to 

the quality of manual data collection since the prediction results were solely dependent 

on past settlement values. Upon inspecting the raw settlement datasets for PM-E01 and 

PM-E02, a few fluctuations in settlement values (indicating occasional periods of soil 

heave) were observed during embankment construction, particularly for PM-E01. Whilst 

heave is a common response for heavily over-consolidated soils upon unloading due to 

excavation, such behaviour is generally not expected for normally or over-consolidated 

soils during incremental loading. 

Glacial tills located across North-East England are generally found to be heavily 

over-consolidated inorganic clays, whereby lower layers are more over-consolidated (i.e. 

stiffer, denser and of lower plasticity) than the upper layers (Clarke, Hughes and Hashemi, 

2008). Furthermore, based on design calculations for the Morpeth Northern Bypass 

project, radial consolidation was estimated to be more than 95% within a year, whereas 

vertical consolidation was estimated to only achieve 35% during the same period. As 

discussed in the previous chapter (Chapter 4), any observed short-term fluctuations were 

likely due to on-site measurement errors in combination with data resolution limitations.  

To validate the argument that the quality of collected data affects prediction 

results, the moving time-window polynomial method was also applied to the cleaned PM-

E01 data. The 7th day prediction results are shown in Figure 5.4, indicating that noise and 

errors in the dataset can affect prediction results. Improvements in data quality (e.g. using 

instrumentation that can provide higher resolution measurements) would improve the 

prediction results when using the moving time-window polynomial curve fitting method.  
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Figure 5.4: Time- total settlement plot of 7th day predictions for cleaned PM-E01 data by 

moving time-window polynomial curve fitting (pcf) method. 

 

5.4 Transfer function model  

5.4.1 Embankment fill stages and duration  

In the last 6 months of data, less embankment fill was placed over PM-E01, with 

fewer fill increments compared with PM-E02. Considering the first fill level as an initial 

point (i.e. 0), there were 6 filling increments at PM-E01 and 10 at PM-E02. Most of the 

embankment fill levels were maintained for at least a few days before the placement of 

the next layer of fill. The details are presented in the Table 5.1.  
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5.4.2 Transfer function modelling parameters  

5.4.2.1 Gain and time constant for first-order TF  

TF modelling by the computation of the gain (k) and time constant (τ) was not 

feasible for fill increments that were not maintained for a sufficient number of days (i.e., 

the time allowed to notice a change in gradient) to capture the considerable proportion of 

settlement behaviour of the soils, in response to embankment fill placement. Due to the 

limited richness of the dataset, it was essential to tailor the actions and consider more than 

one fill increment to enable more effective TF modelling.  

For the Pegswood Moor dataset, the number of data points between the first and 

second stages of embankment fill placement was insufficient to observe any clear trend 

over and above the noise in the soil settlement data. Therefore, multiple changes in 

embankment fill were considered to develop the TF model. A summary of the k and τ 

values used for the first four embankment fill placement increments (which represents 49 

and 25 days of data for PM-E01 and PM-E02 respectively) is presented in Table 5.6. 

Since more fill levels were available in the PM-E02 dataset, updated k and τ values by 

considering the four additional fill placement increments (represents 49 days of data) is 

also presented in Table 5.6. 

 

Table 5.6: Gain and time constant of transfer function model for total settlement. 

Instrument 

reference 
Fill level (m) 

Gain [k] 

(ms/mf)a 
Time constant [𝝉] (days) 

PM-E01 1.2 0.0094 2.6 

PM-E02 
1.4 0.0248 2.4 

2.4 0.0251 2.4 

(Note (a): ms – a change in soil settlement in metres, mf – a unit change in embankment fill 

placement in metres). 

 

Accordingly, k and τ values for individual layers were also computed for the first 

four embankment fill placement increments, which are presented in Table 5.7. Their 
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difference in values explain how each layer was influencing the total settlement. From 

Table 5.7, it is clear that the spider 4 layer in PM-E01 and spider 3 layer in PM-E02 had 

the greatest influence on the total settlement observed at these instruments.  

For PM-E01, spider 4 was installed within a soft laminated clay; whereas for PM-

E02, spider 3 was installed within a similar soft slightly sandy silty clay. The engineering 

field descriptions for these clayey soils is rather similar, whereby their similar fine silt – 

clay contents and soft consistencies are indicative of fluvio-glacial and glacial lake 

deposits. The presence of laminations within the clay encountered in PM-E01 further 

contribute towards the soil’s high plasticity, low shear strength and high compressibility. 

Hence, these clayey soils are very sensitive to the application of engineering loads and 

therefore expected to experience large settlements over a prolonged time period, due to 

creep. Hence, high τ values represent the long time period required to achieve steady state 

(i.e. completion of consolidation and associated settlement for an embankment fill 

placement increment).  

 

Table 5.7: Gain and time constant of transfer function model for settlement in individual layers. 

Instrument 

reference 

Fill level 

(m) 

Instrument sensor 

reference 

Gain [k] 

(ms/mf)a 

Time constant [𝝉] 

(days) 

PM-E01 1.2 

Plate magnet 1 0.0024 0.7 

Spider 4 0.0030 23.3 

Spider 3 0.0003 0.1 

Spider 2 0.0029 4.7 

Spider 1 0.0024 1.9 

PM-E02 1.4 

Plate magnet 1 0.0088 3.1 

Spider 4 0.0036 1.2 

Spider 3 0.0096 6.2 

Spider 2 0.0016 3.1 

Spider 1 0.0032 0.5 

(Note (a): ms – a change in soil settlement in metres, mf – a unit change in embankment fill 

placement in metres). 
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5.4.2.2 Prediction using first-order TF 

The k and τ values for the first four embankment filling increments given in Table 

5.6 were used in the TF model to predict 7 consecutive days of soil settlement, as shown 

in Figure 5.5. Good predictions were made for all loading stages except for the final 

loading stage, whereby the TF was unable to fully capture settlement behaviour beyond 

the final embankment filling increment.  

As shown in Figure 5.5, the first-order TF model underpredicts the total settlement 

recorded after mid-June 2016 in PM-E01; whereas the model overpredicts the initial 

response upon application of the final fill layer in PM-E02. These discrepancies occurred 

due to the different behaviour of soil settlement with each embankment fill placement.  

The prediction model considered the constant gain of 0.0094 m and 0.0248 m in 

PM-E01 and PM-E02, respectively, for each unit fill placement. However, the soil 

settlement behaviour was not consistent as it depended on how fast consolidation occurs 

in different soil layers. In PM-E01, the recorded settlement suggested that the rate of 

consolidation was consistent for each fill placement. However, the soil becomes fully 

consolidated much later after the final fill placement. In PM-E02, consolidation was faster 

in previous fill placement, which led to gradual settlement during the final increment of 

fill placement. It should be noted that the model overpredicts in both cases after the few 

days (start of April 2016) of placement of final fill. This suggested that in both cases, k 

values should have been decreased and τ should have been increased when more fill levels 

and settlement data were considered to update TF parameters. This would reflect 

settlement behaviour in later stages when foundation soils are slowly leading to their 

stable state. However, due to data limitations (i.e. insufficient data points for each load 

change due to rapid fill level changes in later stages), a constant set of TF parameters 

were demonstrated instead of updating them with every fill placement.  
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Figure 5.5: Time- total settlement plot for 7-th day predictions by transfer function fitting 

method with k and τ obtained by fitting the model to the data up to first four fill level (a) PM-

E01 (b) PME02. 
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5.4.2.3 Estimation of integrator gain  

In the raw settlement data, the foundation soils were observed to experience 

further settlement (associated with secondary consolidation) towards the end of the 

monitoring period, even when no further engineering fill had been placed on the 

embankment. Such behaviour was not observed during previous loading stages, since the 

rate of construction was too fast (i.e. only a few days of hold period) for this to be 

captured. This issue was resolved by combining the first-order TF model with an 

integrator, as an additive property. 

With the exception of the final embankment fill stage, given that the holding 

period for all embankment filling increments was too short to capture secondary 

consolidation behaviour, an integrator gain was used after the final increment of fill 

placement to capture the gradual settlement of soil after primary consolidation. Table 5.8 

summarises the integrator gain values using the settlement data for the period extending 

from the start of the final fill level (i.e. start of stage 7 and 11 for PM-E01 and PM-E02 

as presented in Table 5.1, respectively) to one month before the last data point of the 

dataset (i.e. mid-April to mid-June 2016). The last month of data was used to validate the 

30 days prediction by using a coupled TF-integrator model. As observed in Table 5.8, 

integrator gain values were much lower than the gain of first-order TF. This suggests that 

shear strains within the soil had almost stabilised and further settlement was negligible.   

 

 

 

 

 

 

 

 

 

 



Chapter 5: Short-term predictive modelling 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    152 

Table 5.8: Integrator gain at last stage of embankment fill. 

Instrument reference Instrument sensor reference Integrator gain (m/day) 

PM-E01 

Total settlement 1.8E-05 

Plate magnet 1 4.2E-06 

Spider 4 4.63E-06 

Spider 3 2.02E-06 

Spider 2 2.86E-06 

Spider 1 4.36E-06 

PM-E02 

Total settlement 3.29E-05 

Plate magnet 1 1.90E-05 

Spider 4 1.89E-06 

Spider 3 8.65E-06 

Spider 2 1.88E-06 

Spider 1 1.47E-06 

 

5.4.2.4 Prediction using coupled first-order TF-integrator  

As mentioned in the previous section, the last 30 days of the dataset were used to 

validate the first-order TF-integrator model. The integrator gain value represents the slope 

with which the soil will continue to settle gradually after the final fill placement during 

the hold period. These gain values (expressed in micrometres per day) suggest that 

secondary settlement would be very slow over time.   

Predictions for the final 30 days of data were obtained by combining the integrator 

gain values with the TF k and τ values given in Table 5.6 and Tables 5.7 and 5.8. The 

results for total settlement predictions are shown in Figure 5.6.  
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Figure 5.6: Last 30 days predictions at final fill stage by first-order transfer function-integrator 

model (a) PM-E01 (b) PM-E02. 

 

Soil settlement behaviour captured by the coupled first-order TF-integrator after 

the final fill increment were superior to those shown by the first-order TF. This can be 

quantified by the percentage error between the field measurement and the estimated 
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settlement values; whereby errors of 14.9% and 9% were measured for PM-E01 and PM-

E02, respectively, when the first-order TF was used during the final filling stage. This 

reduced to 5.9% and 3.7% for PM-E01 and PM-E02, respectively, when using the coupled 

first-order TF-integrator model. In summary, using coupled first-order TF-integrator 

model after the final stage showed an average reduction of 7% in errors compared to the 

first-order TF model.    

5.4.3 Quantification of predictive performance by descriptive statistics  

5.4.3.1 Boxplot of MAE distribution  

Soil settlement during the final filling increment was predicted using first-order 

TF-integrator model; whereas only a first-order TF model was used for the other filling 

stages. Due to the limited size of the datasets, the first-order TF model obtained for the 

first four increments of embankment fill placement (as given in the Table 5.6 and 5.7) 

was used to predict 7 consecutive days, as performed for the polynomial method. 

However, the moving time-window approach was not used for TF fitting, rather the fitting 

window was extended by 1 day after each set of 7-day predictions.  

The box plots presented in Figure 5.7 show the distribution of MAE values for 

predicted vs. field measurements for each magnetic spider and total settlement for PM-

E01 and PM-E02, respectively. Compared with the box plots obtained by the polynomial 

method, it is evident that the interquartile range was reduced. This suggests that the 

prediction error of consecutive 7-days predictions also reduced. Therefore, TF gave better 

short-term predictions.  

For PM-E02, consecutive 7-day predictions were also performed by updating the 

TF model parameters (k and τ), whose box plot of MAE distributions are presented in 

Figure 5.7(c). In Figures 5.7(b) and 5.7(c), the difference in the width of the interquartile 

range of MAEs for plate magnet 1 and spider 3 suggest that updating k and τ values by 

considering more data points for a further fill level improves the model performance. It 

is expected that the rate and extent of settlement would not be the same for further 

embankment fill increments, compared with those measured for existing increments. 
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Updated k and τ values would accommodate non-linear soil behaviour, i.e. decrease in 

the amount of soil settlement over time due to dissipation of pore water pressure. 
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Figure 5.7: MAE box plot depicting mean and interquartile range of MAE values between field 

measurement and consecutive 7-days predictions by transfer function model for (a) PM-E01 and 

(b) PM-E02 up to fill level 1.4 m (c) PM-E02 with updated k and τ when data was taken up to 

fill level 2.4 m.  

 

5.4.3.2 Skewness and kurtosis of MAE distribution  

Table 5.9 shows the median, skewness and kurtosis of MAEs for total settlement 

within PM-E01 and PM-E02, after removing MAEs greater than 1.5×IQR. It was 

observed that skewness and kurtosis values were adhered to recognised levels of 

acceptability. As mentioned in section 5.2.1, widely accepted ranges for normal 

(Gaussian) distribution are -2 to +2 for skewness and +1 to +5 for kurtosis (Khosravi et 

al., 2018). Labels (a) and (b) in Table 5.9 for PM-E02 represent the following: 

(a) Prediction by combined TF (using data up to fill level = 1.4 m) and TF-integrator 

model at the final embankment filling stage.  

(b) Prediction by combined TF (using data up to fill level = 2.4 m) and TF-integrator 

model at the final embankment filling stage.  
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Table 5.9: Kurtosis and skewness of MAE after removing very high errors (MAE > 1.5×IQR) – 

TF method. 
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Metrics 

Instrument sensor reference 

Total 

settlement 

Plate 

magnet 1 

Spider 

4 

Spider 

3 

Spider 

2 

Spider 

1 

PM-E01 

Outliers 2 0 18 8 8 14 

Median 

(m) 
0.0009 0.0008 0.0005 0.0007 0.0007 0.0008 

Skewness 0.498 0.595 0.443 0.101 0.194 0.166 

Kurtosis 2.715 2.490 3.053 2.395 2.674 2.811 

PM-E02 

Outliers (a) 2 1 17 21 5 0 

Median 

(m) (a) 
0.0014 0.0011 0.0005 0.0008 0.0007 0.0010 

Skewness 
(a) 

0.791 0.644 0.943 0.825 0.715 0.112 

Kurtosis 
(a) 

2.829 2.937 3.599 3.670 3.293 1.453 

Outliers (b) 2 0 14 2 7 0 

Median 

(m) (b) 
0.0013 0.0011 0.0005 0.0009 0.0007 0.0009 

Skewness 
(b) 

0.676 0.160 0.831 0.502 0.267 0.385 

Kurtosis 
(b) 

2.560 2.343 3.817 2.680 2.678 1.914 

 

5.4.4 Comparison of measured and predicted time-settlement  

5.4.4.1 Graphical comparison  

The time-settlement plots for the 7th day prediction using combined first-order TF 

and first-order TF-integrator models are presented in Figure 5.8 (the circled area 
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highlights the transition area of prediction from first-order TF to first-order TF with 

integrator). 

 

 

 

Figure 5.8: Time- total settlement plot for 7th day predictions by transfer function fitting method 

for fill levels prior to last fill and by transfer function with integrator at the last fill stage (a) PM-

E01 (b) PME02. The black circle highlights the transition of prediction from transfer function to 

transfer function with integrator. 
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When performing short-term settlement predictions using TFs, the user needs to 

determine the circumstances for when an integrator is required. Once the predicted time-

settlement curve reaches a steady state, this needs to be compared with field 

measurements. If there are large discrepancies, the TF model can be updated by 

incorporating an integrator. For a particular embankment filling stage where an integrator 

is required for the model, the user should iteratively determine the integrator gain value 

until it fits all available field measurement data for predicting the next 𝑟 days of 

settlement. As new field measurement data becomes available, either the integrator gain 

would require regular updates to ensure best fitting of the model, or the model would only 

require a first-order TF with long time constant when soil settlement ultimately 

approaches asymptotic behaviour.  

As shown in Figure 5.8, the original first-order TF model transitioned to becoming 

a first-order TF model with an integrator when at least 7 days of data were available to fit 

the model for the final stage of embankment fill placement. Since the TF model fitting 

was initially started with a 7-day time window, it was assumed that at least 7 days of data 

were required to perform TF-integrator model fitting. The integrator gain values used to 

develop the first order TF-integrator model are summarised in Table 5.8.  

The model successfully captured the gradual settlement of the soil layers, even 

when no further load was applied. The choice of a first-order TF-integrator model for the 

final fill stage highly depends on the type of soil layers and their long-term behaviour. 

For instance, sandy soil is likely to reach final settlement values quicker than clayey soils 

due to faster dissipation of pore water pressure. In heterogeneous (glacial) soil, the first-

order TF-integrator model may be required to predict a long period of gradual settlement 

after final fill placement. The model may also be required for intermediate increments of 

fill placement if the hold period for each fill placement is long. Long hold periods might 

be required when no PVDs are installed at the site to expedite the consolidation process. 

If the time between fill increments is short, the impact of very slow and gradual settlement 

cannot be observed to inform the use of an integrator.  
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5.4.4.2 Statistical comparison  

A scatter plot comparing the field measurement against the 7th day prediction is 

shown in Figure 5.9. Compared with the polynomial model, the TF results are closer to 

the identity line (red diagonal line) for total settlement.  

 

 

 

Figure 5.9: Scatter plot between field measurement data and 7th day predictions by transfer 

function method (transfer function for fill stage prior to last fill and transfer function in parallel 

with integrator for last fill stage for (a) PM-E01 and (b) PM-E02.  
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A summary of R-squared values for total settlement and individual soil layers is 

presented in Table 5.10. Similar to the decrease in R-squared values observed for Spider 

1 - 4 for the polynomial method (Table 5.5), the TF method also showed the same 

variation (Table 5.10). This confirmed the reason described in section 5.3.2.2, that it was 

due to the varying amount of settlement occurring within those layers due to the different 

soil types. For PM-E02, the spider 3 layer had a higher R-squared value than the spider 4 

layer. The soil type at spider 3 was a sandy-silty clay, which was more prone to 

experiencing settlement. Whereas, the spider 4 was installed within a sandy-gravelly clay 

layer, which was expected to experience less settlement. Since there was no substantial 

movement in the Spider 4 layer, any error in the data would considerably affect the 7th 

day prediction. The same reason would apply to lower R-squared values in PM-E01 than 

in PM-E02. Overall, the settlement in PM-E01 was approximately half that of PM-E02, 

indicating that each soil layer encountered at PM-E01 experienced less soil settlement. 

Therefore, any minor measurement errors in the data could cause a deviation in the 

settlement trend. Moreover, the likelihood of taking incorrect readings by manual 

measurements for deeper layers is high. 

 

Table 5.10: R-squared for 7th day predictions of total settlement and individual soil layers – TF 

method. 

Total settlement and individual layers 

Transfer function method 

PM-E01 PM-E02 

Total settlement 0.9801 0.9846 

Plate magnet 1 0.8623 0.9660 

Spider 4 0.8143 0.6196 

Spider 3 0.3116 0.8892 

Spider 2 0.5408 0.7380 

Spider 1 0.7353 0.4228 

 

However, as shown in Table 5.10 and Figure 5.9, the R-squared values for the TF model 

( 0.98) were higher (by approximately 10%) compared with the polynomial model ( 
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0.89), as given in Table 5.5 and Figure 5.3. Moreover, their values for individual layers 

were better than the polynomial method. This suggests that errors in the dataset did not 

have much adverse effect on the 7th day prediction results, as seen in the results by the 

polynomial method for layers in which settlement was not significant. It should be noted 

that the R-squared value for the TF model without the integrator (as discussed in section 

5.4.2.2) was 0.96. Therefore, incorporating an integrator with first-order TF after the final 

stage of the embankment fill showed a 2% improvement in 7th day predictions. 

5.5 Comparison of the proposed methods  

The polynomial approach was developed based on the assumption that soil 

settlement behaviour was linear for the short period of time under consideration. 

Contrastingly, the TF model was developed on the basis that a linear relationship exists 

between embankment fill placement and the resulting soil settlement. To model and 

predict soil settlement behaviour after the final stage of embankment filling, a TF model 

was extended to include an integrator that captures secondary consolidation if it is 

encountered.  

Based on the prediction results presented for the polynomial and TF approaches, 

the quality of predictions is dependent on the quality of the raw monitoring data supplied. 

However, no geotechnical field monitoring dataset is perfect, whereby it is inevitable that 

varying degrees of noise will be present. Such noise can affect the fitting of polynomial 

model curves to the data, which can be worsened if the settlement within the individual 

soil layers is of a small magnitude (i.e. <1 mm). Findings by Farnsworth (2018) 

corroborate those from this study, whereby it is difficult to identify the end of primary 

consolidation due to inaccuracies associated with ME measurements.  

The median of MAEs presented in Tables 5.4 and 5.9 for polynomial and TF 

models, respectively, demonstrate better prediction results for the TF model over the 

polynomial model. The median of MAEs was reduced for both PM-E01 and PM-E02 by 

using the TF method. However, predictions by TF method for plate magnet 1, spider 3, 

and spider 1 for PM-E02 did not show improvement compared with using the polynomial 

method. As established in Figure 5.4, using higher quality raw data would result in better 

predictions when adopting the polynomial method. Therefore, the results signify that 
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neither method was superior given that plate magnet 1 and spider 3 measurements 

possessed high signal-to-noise ratios. However, when upper quartiles (75th percentile) of 

MAEs were compared, the TF method showed a reduction in their values (Table 5.11), 

indicating that 75% of MAEs were found to have lower values for the TF method 

compared to the polynomial method. For PM-E02, as spider 1 was installed in a firm to 

stiff clay, it did not undergo any major settlement. Figure 4.1(b) shows that their time-

settlement plot was almost horizontal. As there was no exponential trend in the spider 1 

data and it did not show significant effects due to loadings as input, TF method did not 

show any improvement. 

 

Table 5.11: Values of upper quartiles of MAE as shown in box plots in Figures 5.1 and 5.7.  

Methods 

In
st

ru
m

en
t 

re
fe

re
n

ce
 Instrument sensor reference 

Total 

settlement 

Plate 

magnet 1 

Spider 

4 

Spider 

3 

Spider 

2 

Spider 

1 

Polynomial  
PM-E01 0.0022 0.0020 0.0017 0.0019 0.0016 0.0015 

PM-E02 0.0038 0.0020 0.0022 0.0014 0.0019 0.0017 

Transfer 

function  

PM-E01 0.0014 0.0012 0.0008 0.0009 0.0010 0.0009 

PM-E02 0.0023 0.0018 0.0011 0.0013 0.0012 0.0022 

 

Mean absolute percentage error (MAPE) for consecutive 7-7 days predictions 

provided indications regarding the percentage efficiency of both TF and polynomial 

models. For the TF method, the median of MAPEs for total settlement was 3.9% and 

1.8% for PM-E01 and PM-E02, respectively, for consecutive time windows. Therefore, 

the TF model showed an efficiency of 97% for total soil settlement predictions. For 

individual layers, these medians of MAPEs had variations similar to their R-squared 

values for 7th day predictions (see Table 5.10). On average, the TF model was 

approximately 86% efficient for consecutive 7-7 days predictions of individual layers. 

For the polynomial method, the MAPE metric showed an average efficiency of 96% for 

total and 81% for individual soil layers. It should be noted that herein TF model included 

TF-integrator at the final stage of embankment. Median of MAPEs for total soil 
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settlement without incorporation of integrator (as discussed in section 5.4.2.2) was 7% 

indicating 93% efficiency. Therefore, integrator at final stage improved efficiency by 4%. 

Whilst the polynomial approach was very capable at predicting future settlement 

for most of the embankment construction period, the TF approach provided more accurate 

predictions and was better able to handle ME dataset issues such as: 1) irregular time 

intervals at which data points were recorded, and 2) recorded errors in settlement 

measurements.  

However, the TF approach has the limitation whereby it cannot be applied to 

embankment settlement design scenarios unless there is a load change, and that a 

sufficient number of data points are available to capture the soil’s short-term and long-

term consolidation behaviour by determining appropriate values for k and τ. Therefore, 

approximation of future settlement during the initial phase needs to be obtained by the 

polynomial method.  

In terms of window length for curve fit, it does not increase with the number of 

data points available for the polynomial method; rather it remains fixed and only 

considers the previous ‘q’ days of data to predict future ‘r’ days of settlement. It was 

assumed that the data prior to the curve fit time window was not required and that the 

fixed time window for curve fitting was sufficient to predict short-term future values. In 

fact, making the window length for curve fitting too long by considering previous data 

may have a negative impact on the quality of the short-term prediction results. However, 

for the TF model presented, the data points collected prior to the curve fitting window 

used for the polynomial method would also be required to ensure a high-quality prediction 

is produced.  

5.6 Summary of short-term prediction procedure 

Set out below is a user-friendly step-by-step procedure intended for use by 

geotechnical practitioners for implementing the short-term settlement prediction 

framework developed in this research: 

Step 1: Estimate the number of days of data suitable for modelling and the number 

of future days for forecasting. Estimates can be made in three different 
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ways: 1) statistically (see sections 3.4.2.2 and 3.4.2.3), 2) using experienced 

engineering judgement, or 3) based on site requirements. 

Step 2: Collect the number of data points based on window length.   

Step 3: Use the polynomial curve fitting method to fit the current data in an 

optimised way, ensuring that it is not underfitting or overfitting the data. 

Step 4: Use the curve fit model to extrapolate the future set of settlements for a 

window estimated in step 1. 

Step 5: Collect the next day of data, move the curve fit window 1-day ahead and 

repeat steps 3 and 4 to produce another set of future predictions. 

Step 6: Wait until the next stage of embankment fill to use the TF model. Once the 

next fill stage has been completed, use the embankment fill load as input 

and settlement as output from the available set of data to develop a TF 

model. 

Step 7: Use the TF model to predict the future set of settlements for a window 

estimated in step 1. 

Step 8: Collect the next day of data (settlement and fill level) and repeat step 7 to 

predict the consecutive set of future settlement values by moving the 

prediction window 1-day ahead.  

5.7 Validation and sensitivity analysis 

5.7.1 Effect of curve fit window lengths 

The sensitivity analysis approach used by Javadi, Rezania and Nezhad (2006) was 

considered herein to examine the effect of curve fit window length on the quality of 7-

day predictions. As given in section 3.4.2.3, window lengths were varied from 5 to 14 

days to determine the most appropriate window length for curve fit. The prediction 

window was further estimated by varying prediction lengths while keeping the curve fit 
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window fixed. Finally, a curve fit and prediction window length of 7 days was used to 

check the prediction performance of the models.  

To check how the 7-7 days predictions would change when the curve fit window 

length (number of days of input data) was changed from 5 to 14 days, here prediction 

window was fixed as 7 days while changing curve fit window length. This would allow 

understanding of the variation in curve fit window length on predictions. MAEs between 

consecutive 7-7 days predictions and field measurements were determined for different 

curve fit window lengths. Their median, kurtosis and skewness are presented in Table 

5.12, whereby it can be seen that kurtosis and skewness were within acceptable ranges 

(see section 5.2.1). Furthermore, the median of MAEs for predictions using a curve fit of 

7 days showed a minimum value, confirming the validity of the assumption made in 

section 5.2.2 that 7 days would give higher quality predictions. 

 

Table 5.12: Statistical metrics for different curve fit window length with a fixed prediction 

window length of 7 days. 

Instrument reference PM-E01 PM-E02 

Statistical metrics 

M
ed
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n

 

(m
) 

S
k

ew
n

es
s 

K
u

rt
o
si

s 

M
ed

ia
n

 

(m
) 

S
k

ew
n

es
s 

K
u

rt
o
si

s 

Curve fit 

window 

length (days) 

5 0.0031 0.438 2.140 0.0050 1.059 3.674 

6 0.0029 0.428 2.201 0.0047 0.729 2.805 

7 0.0029 0.243 2.222 0.0046 0.648 2.649 

8 0.0032 0.039 2.019 0.0049 0.670 2.581 

9 0.0030 0.077 1.819 0.0054 0.609 2.495 

10 0.0031 0.119 2.117 0.0055 0.452 2.370 

11 0.0030 0.245 2.213 0.0049 0.398 2.270 

12 0.0030 0.460 2.686 0.0048 0.454 2.267 

13 0.0031 0.668 3.142 0.0047 0.493 2.167 

14 0.0029 0.816 3.750 0.0048 0.420 1.903 
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5.7.2 Justification for first-order polynomial  

As discussed in section 3.4.2.1, the nature of polynomial functions used depends 

on data characteristics; whereby using higher order functions for improving the fit could 

lead to overfitting. To justify the appropriate use of a first-order polynomial function for 

curve fitting in this case study, the first order polynomial was replaced by a second-order 

polynomial to estimate window length for the ME datasets, as mentioned in section 5.2.1. 

Similarly, the median of MAEs for each window length was tabulated and presented in 

Table 5.13, which also includes the previously determined median of MAEs for each 

window length using first-order polynomial curve fitting. 

 

Table 5.13: Median of MAEs between curve fit (using 1st order and 2nd order polynomials) and 

field measurement. 

Instrument 

reference 
PM-E01 PM-E02 

Statistical 

metrics 

Median (m) – 

1st order 

Median (m) – 

2nd order 

Median (m) – 

1st order 

Median (m) – 

2nd order 

Window 

length 

(days) 

5 0.0005 0.0003 0.0008 0.0006 

6 0.0006 0.0004 0.001 0.0007 

7 0.0007 0.0005 0.0011 0.0008 

8 0.0008 0.0006 0.0014 0.0010 

9 0.0009 0.0006 0.0015 0.0011 

10 0.0009 0.0007 0.0015 0.0011 

11 0.001 0.0008 0.0015 0.0012 

12 0.001 0.0008 0.0016 0.0012 

13 0.0011 0.0008 0.0017 0.0013 

14 0.0011 0.0009 0.0018 0.0014 

 

It was observed that median values of MAEs for the second-order polynomial 

were lower than for the first-order polynomial. This suggested that second-order 

polynomial should have been used for curve fitting. However, this showed data 
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overfitting and would not provide a better prediction. To demonstrate this, 7th day 

predictions were also made using higher-order polynomials, namely second-order and 

third-order polynomials. 

Furthermore, R-squared values (as presented in section 5.3.2.2) were calculated 

to compare their prediction performance. Comparing R-squared values for 7th day 

predictions by different polynomial orders showed their values decreased drastically for 

higher-order polynomials (Figure 5.10). This indicated that higher-order polynomials 

were overfitting the data, leading to poor quality predictions.  

  

 

Figure 5.10: Comparison of R-squared for 7th day predictions by first-, second-, and third-order 

polynomials. 

 

The influence of polynomial orders on prediction results was also checked by 

plotting 7th day predictions using a higher degree of polynomials to fit the data and further 

prediction based on the curve fit. The results are shown in Figure 5.11. It can be seen that 

higher-order polynomial functions were heavily affected by the noise and provided very 

high variations in predicted values.  
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Figure 5.11: Comparison of 7th day predictions by different degree of polynomials with field 

measurements. PM-E01 – (a) field measurement, (b) 1st order, (c) 2nd order, (d) 3rd order; PM-

E02 – (e) field measurement, (f) 1st order, (g) 2nd order, (h) 3rd order.   
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5.7.3 Sensitivity of TF parameters 

For TF models, the sensitivity analysis approach used by Rezania and Javadi 

(2007) was considered wherein one variable was varied while keeping others fixed to see 

its effect on the model. Similarly, a sensitivity analysis of the TF's parameters, i.e. gain 

and time constant, was undertaken to understand how their values affect the prediction 

and which parameter is more sensitive for the accuracy of prediction results. It should be 

noted that the first-order TF method was only considered (i.e. TF without integrator), 

since it had both gain and a time constant, whereas the integrator only had a gain 

parameter. These parameters were varied by increasing and decreasing their values by 

±20% and ±50%.  

For comparison, MAEs between predictions and field measurements for 

consecutive 7-7 days were determined, and their median values were plotted as a bar 

graph. The bar graphs of the median of MAEs for ±20% and ±50% variation in parameters 

are shown in Figure 5.12. The red dotted lines show the median of MAEs for optimised 

gain and time constant (given in Table 5.6), which was determined by the subspace 

Gauss-Newton least-squares search optimisation method (mentioned in section 3.4.3.2).  

  From Figure 5.12, the model was more sensitive to gain values, whereas 

variations in the time constant did not affect the median of MAEs. Since gain represented 

the amount of change in settlement for a unit change in embankment fill loading, changing 

its value by ±20% or ±50% resulted in a ±20% or ±50% increase or decrease in soil 

settlement. The time constant represents the number of days required for soil settlement 

to achieve a steady state. Therefore, varying it would only result in a ±20% and ±50% lag 

in predictions, while the amount of soil settlement would be the same. Since soil 

settlement was expected to be slow during the hold periods and show a linear or constant 

trend during a couple of days, this was replicated in the analysis result shown in Figure 

5.12.  
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Figure 5.12: Median of MAEs between predictions and field measurements for ±20% and ±50% 

variation in gain and time constant parameters. 

 

5.7.4 Validation of proposed modelling approach 

This research proposes a modelling approach that can be applied to geotechnical 

embankments of any dimensions. However, it does not provide a generalised model with 

fixed parameters. Therefore, the parameters would change depending on the dataset (i.e. 

site-specific). The parameter optimisation of the models to fit the data is part of the 

modelling approach. Herein, linear least-squares and subspace Gauss-Newton least-

squares search optimisation methods were used for first-order polynomial and TF models, 

respectively. This part of modelling approach would be required to apply to different 
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datasets collected from various embankments, which would allow checks to be made 

regarding how efficiently (in terms of time and computation) the model finds optimised 

parameters to make good predictions. This would also enable the determination of a value 

range for the modelling parameters, which would help validate the parameters for other 

datasets considered in future studies.  

This research did not include validation using different embankment datasets, due 

to the lack of data available. This is highlighted as an area for future works. In this 

research, the modelling approach was validated by applying it to two ME datasets (PM-

E01 and PM-E02). It was found that the modelling approach effectively made predictions 

for both datasets. However, as anticipated – the values used for model parameters varied 

as the soils encountered at each ME instrument experienced different settlement 

behaviour. To determine how model parameters are affected by the data input, a 

sensitivity analysis is required, which was discussed in the previous sections.  

To understand the performance of the time-series models, the moving window 

approach was considered. Consecutive 7-7 days settlement values were predicted through 

a moving time window, whereby their MAEs between predictions and field 

measurements were determined to test how well models performed on data that were 7 

steps ahead of the current point of time. Therefore, validation of the modelling approach 

was achieved by predicting 7-day future data and comparing them with the field 

measurement.  

Since the ME datasets were small, the aim was to find approaches that were not 

too complicated for the dataset. Initially, suitable algorithms for time-series data were 

explored before selecting a model. Through literature review, only those data analysis 

modelling approaches were considered (namely regression, linear dynamic system 

methods such as TF and state-space, observational curve fitting method for soil 

settlement), which would be suitable for a small dataset. Other algorithms that generally 

require a large dataset were not considered, such as a nonlinear autoregressive network 

with exogenous inputs (NARX). The modelling approaches used in this research 

represented a primary data-driven approach, which could valorise currently available 

datasets. Therefore, validating the models in this study with other existing models in the 

literature would not be suitable since most of the recent studies used nonlinear machine 



Chapter 5: Short-term predictive modelling 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    173 

learning modelling approaches. Validation of these methods with existing models in the 

literature would be an area of future works when modelling approaches could use 

relatively large datasets. Different algorithms suitable for time-series data are discussed 

in Chapter 6 in section 6.3.  

Since model selection followed Occam’s razor principle, the first-order 

polynomial function was used as the initial approach. This type of modelling is one of the 

simplest approaches for time-series forecasting. Therefore, they were simply validated 

through the moving window approach. It should be noted that window length was 

estimated using only the first two months of data. Therefore, validation of the modelling 

approach using a moving window over the whole dataset was justified. The polynomial 

modelling approach was also validated by further studying them on noise-free data 

(Figure 5.4), i.e. cleaned data obtained in Chapter 4, and by considering higher order 

polynomials and comparing their 7th day predictions with the first-order polynomial 

function (Figure 5.11).  

The TF was validated against the previous polynomial model by comparing their 

R-squared values between the field measurements and 7th day predictions, which provided 

an indication of its effectiveness in generating high quality predictions from noisy raw 

ME data.  

The results of the 7th day predictions plotted against time were also compared with 

other existing literature, which dealt with settlement over time, to validate the trend of 7th 

day predictions by the model used in this research. The results showed a similar trend, 

which was observed by Ma et al. (2011); Cai et al. (2018); Chan, Poon and Perera (2018); 

Kelly et al. (2018) and Yu et al. (2020).  

The flowchart in Figure 5.13 describes the validation approach considered in this 

study. It also includes how the modelling approach would be validated using settlement 

datasets from other embankment construction projects, which would form a part of future 

works.  
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Figure 5.13: Validation flowchart. 

 

5.8 Concluding remarks  

In this chapter, first-order polynomial curve fitting and TF models were developed 

as a versatile computationally efficient geotechnical tool to make short-term predictions 

of soil settlement for the Pegswood Moor embankment. The two models presented have 

shown promising results for consideration as simple user-friendly tools for undertaking 

short-term monitoring and forecasting of soil settlement during the construction of an 

earth embankment.  

Monitoring settlement behaviour within multi-layered foundation soils beneath an 

embankment during its construction is required to ensure both the stability of the structure 

and the successful management of the overall project. In-situ monitoring and forecasting 

also assists site and design engineers in preparing for any unexpected significant 
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settlement during the construction phase, especially when laboratory tests informed 

predictions are not available (Farnsworth, Bartlett and Lawton, 2013).  

Short-term forecasting of time-settlement behaviour can enable validation of the 

predicted soil settlement from theoretical calculations against in-situ monitoring data and 

enable early detection of anomalies in the rate of settlement. Any unexpected prediction 

results can suggest either an error in data collection or provide an early warning to 

unexpected changes in soil settlement response, which could ultimately lead to bearing 

capacity failures. This can allow for timely mitigation by modifying the construction 

schedule based on the in-situ soil behaviour – for example modification of hold periods 

and the amount of fill placed during each stage of embankment construction. 

The models provided high-quality short-term predictions, which were in good 

agreement with the field settlement measurement data. However, the polynomial method 

was more sensitive to data quality than the TF method, due to a combination of their 

fundamentally different modelling approaches and the assumptions made. Whilst the TF 

approach would be considered preferable for making short-term settlement predictions, 

the polynomial method is slightly superior for the initial embankment fill placement when 

there is insufficient data to build the former model. Therefore, using both the TF and 

polynomial approaches together should be considered to capture as many components of 

real-time soil settlement behaviour as possible.  

For these predictions to be of technical value, site and design engineers are 

required to draw upon their expertise for defining data quality rules, interpreting real-time 

field monitoring data and confirming the prediction results. Although this study focussed 

on providing predictions one week in advance based on previous data, the time window 

length predictions can be varied depending on the requirements of the project, quality of 

the data and the underlying linearity assumption. 

Whilst probabilistic or stochastic models have been widely used for generating 

short-term predictions in civil engineering case studies such as groundwater level (X. 

Wang et al., 2018; Wei et al., 2021), the associated computational processes and data 

interpretation are complex. In contrast, models such as those presented in this chapter can 

be more easily understood without the need for expert knowledge in data science.  
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Chapter 6:  Discussion 

6.1 Comparison of theoretical prediction with field observation  

By comparing the final settlement value predicted at the design stage with that 

recorded by the ME installed at Pegswood Moor embankment, there is a significant 

difference. Furthermore, both hand calculations (IZD) and FEA performed by AECOM 

predicted much higher settlement values than field measurements, whereby the maximum 

settlement at the end of construction estimated by IZD was 40% more than the 450-500 

mm estimated by FEA. Conversely, field measurements were significantly less than FEA 

predictions (57 mm for PM-E01 and 148 mm for PM-E02). This overprediction could be 

due to AECOM’s use of the relatively complex Modified Cam Clay model for FEA. Cam 

Clay models are generally suitable for modelling the behaviour of soft soils under loading 

(Wood, 2004). Although AECOM’s justification for selecting Modified Cam Clay is 

unknown, a possible explanation for not using simpler constitutive models (e.g. Mohr-

Coulomb) was to avoid over conservativism. Nevertheless, although FEA has been an 

efficient tool for settlement prediction, field measurements are crucial for detecting 

unexpected in-situ soil behaviour, which may not be able to be predicted by FEA.  

Similar discrepancies between predicted and observed settlement of embankments 

was also identified for the Pacific highway project in New South Wales (Australia) (Kelly 

et al., 2018). However, the level of discrepancy observed is often impacted by a 

combination of the underpinning assumptions made for certain model parameters and the 

constitutive model used for predicting soil behaviour. FEA alone is not sufficiently 

accurate for on-site decision making during the construction phase.  

Accurate predictions of ground behaviour using constitutive modelling rely on the 

use of extensive and high-quality laboratory and field testing data. Since the collection of 

such datasets is often expensive (Ameratunga, Sivakugan and Das, 2016), there is a 

tendency to rely on assumptions and empirical correlations rather than taking 

measurements for ‘advanced’ (and yet crucial) model parameters. These assumptions are 
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generally conservative and often result in more expensive overdesigned geotechnical 

structures. Hence, the installation and use of field instrumentation enables mitigations to 

be made against uncertainties in soil behaviour and reduce levels of conservatism.  

The adoption of a data observation approach combined with FEA could reduce 

uncertainties associated with assumptions made for soil parameters for a wide range of 

geotechnical structure modelling. For large-scale construction projects of regional and 

national importance, denser networks of monitoring instrumentation are more widely 

used to complement and ratify FEA predictions made during the detailed design stage. If 

discrepancies are identified during the construction phase, the field monitoring data can 

be used as a reliable source for updating FEA models to increase their capability and 

reliability (Kelly and Huang, 2015; Müthing et al., 2018; Zheng et al., 2018). Whereas 

for smaller scale and lower budget construction projects, short-term prediction methods 

using simple data analysis could be adopted, which would provide information by 

valorising data collected from affordable (and yet of sufficiently high-quality) 

instruments used in these projects. The data-driven modelling framework proposed in this 

research involving the use of field measurements is an alternative approach to using 

simplified less informed and / or complex FEA models, which has the following benefits: 

(a) More computationally efficient; 

(b) Predictions are based on real soil behaviour; 

(c) More efficient in terms of time required to obtain values for constitutive model 

parameters and time to complete FEA model.  

For data-driven methods, the values for control parameters (also known as 

hyperparameters) such as window length require ‘tuning’ under user supervision to 

ensure accurate analysis and interpretation.  The window length parameter, which 

represents the number of data points considered at any given time is one of the most 

important parameters that requires tuning, as it can affect the quality of cleaning and 

short-term predictions (Lu et al., 2020). There are numerous studies which have focussed 

on methods to optimise window length. For instance, Lu et al. (2020) considered six 

statistical metrics, including MAE, and Chen et al. (2017) used a Fourier transform (FFT) 

to study the energy consumption of dam intake towers and the dynamic response of the 

bridge, respectively. Irrespective of the engineering application, a common requirement 

has been that it is crucial to determine an optimal window length.  
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During cleaning of the Pegswood Moor embankment settlement data through 

filtering and smoothing, the initial window length was determined heuristically, which 

was updated iteratively to obtain a satisfactory result. This was appropriate since it was 

performed offline on the entire dataset. However, for a short-term prediction, this study 

aimed to predict settlement values during a period of 7 to 14 days. Therefore, a statistical 

method was adopted – namely kurtosis and skewness of errors and residuals between the 

field measurement and fitted (and predicted) data. This was also based on an easy-to-

understand concept, i.e. the distribution of errors for a particular window length should 

be normal and more confined around the mean value of zero. 

Although instrumentation was installed in October 2015, monitoring data was not 

collected daily during the first three months. As a consequence, there were many missing 

datapoints, whereby the longest time gap between measurements was three weeks. Thus, 

the first three months of data were discarded for making short-term predictions, and the 

study was performed from the half-way point of construction assuming that the first data 

point showed zero settlement. Furthermore, after mid-July 2016 – by which time the 

Pegswood Moor embankment had been completed, only two more settlement 

measurements were collected in September 2016 and in January 2017 before the 

instruments were abandoned. Therefore, short-term predictions could not be established 

for the periods of initial primary settlement and the onset of secondary consolidation 

followed by the end of primary consolidation. It was also not possible to fully understand 

embankment settlement during the first fill increment and the final hold period. Therefore, 

an integrator was used in combination with a first-order TF to capture creep behaviour in 

the foundation soils. If more data had been collected, the integrator gain values used 

would need to have been changed since the rate of creep observed up to mid-July 2016 

was not constant but decreased. This can be seen in Figure 6.1, whereby the last two 

settlement measurements have also been included with the short-term prediction results 

as shown in Figure 5.8. When the embankment soil did not experience any further 

settlement, the integrator gain would ultimately approach zero as the gradient of the time-

settlement graph would start approaching zero. It suggests that the integrator gain values 

used would not have been required, and the first-order TF with a long time constant would 

have been sufficient. From Figure 6.1, the settlement curve approached its asymptote in 

2017, which is in agreement with the theoretical knowledge and the observations for the 

earlier stages of embankment construction.  
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It should be noted that since the purpose of instrumentation during the 

construction of the embankment was to verify observed ultimate soil settlement with 

maximum predicted settlement at the design stage, data collection had been planned 

accordingly. Therefore, taking two data points after the final hold period and before 

initiation of road surfacing was appropriate for verifying final settlement before further 

construction. However, developing data-driven models to approximate secondary or 

creep settlement into the future was not possible with this dataset due to lack of 

information. Creep in soft soil can occur for very long time periods, continuing for years 

post construction. The structure of the data-driven model proposed in this research will 

be adequate for estimating secondary or creep settlement after the construction of 

embankments and establishing highway pavements. However, it cannot be demonstrated 

in this study due to the limited size of the dataset. The limitations related to this research 

and in terms of the proposed framework are presented in the next section.  
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Figure 6.1: Predicted time-settlement plot including field measurements until the removal of 

instruments in January 2017.   
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6.2 Limitations of the proposed framework  

Based on the results presented in this study, a number of ‘general’ limitations can 

be identified, which include: 

• Data-driven modelling was limited to the construction phase of the Pegswood Moor 

embankment, since no post-construction monitoring was planned; 

• Although the modelling approaches were established in such a way that they would 

be suitable for short-term prediction in real-time, they were only demonstrated on 

historical data. More research would be required to demonstrate the use of the 

modelling approaches in real-time. Furthermore, the possibility of industrial 

implementation would require further validation involving the use of different in-situ 

embankment datasets.   

In terms of data preprocessing and short-term prediction modelling, this study had 

the following limitations: 

• For data preprocessing, control parameters (i.e. hyperparameters) for filtering and 

smoothing were performed in a manual iterative manner by visually comparing the 

time-settlement plot of raw and cleaned data to find their optimal values. 

• A preprocessed ME dataset could not be used for long-term predictive modelling 

during embankment operation since no data was available post-construction. 

• Short-term models could not be used to make predictions since the start of the 

monitoring period due to a large number of missing days in the first three months. 

• For short-term modelling, no outlier or noise check was performed, and preprocessing 

was limited to only handling missing and duplicate data. It should be noted that 

defining outliers or noise for one to two weeks of data was impractical. 

• The polynomial model was limited to using settlement data which was not influenced 

by seasonal swelling and shrinkage due to changes in soil moisture contents. 

• For TF modelling, the input data included more than one fill increment for 

determining gain and time constant parameters. This was due to frequent fill 

increments being completed during the initial phase of embankment construction, 
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which did not allow for collection of sufficient data points to observe a hyperbolic 

settlement trend. 

• Only the embankment fill load was considered as an input for TF modelling. Due to 

limited VWP data availability, pore water pressure could not be used as input data for 

TF modelling. 

6.3 Implications and future applications of framework in ground 

engineering  

The proposed framework, which follows Occam's razor principle, starts with the 

use of a simple procedure before moving to a more complicated process if required in 

further enriching the information from the data. Accordingly, data preprocessing started 

with PCA, which allowed extraction of useful settlement information through 

simplification of the dataset and visualisation of patterns / trends in the data. This in turn 

provided insights into data quality and enabled outlier identification. Filtering was also 

initiated with moving average and Gaussian-weighted moving average algorithms and 

later Savitzky-Golay and zero-phase were also explored.  

The same simplistic principle was followed for making short-term predictions, 

whereby the polynomial method for curve fitting and prediction was initially used.  In 

cases where the settlement behaviour was more complex, a TF was used which represents 

a linear time-invariant system described by differential equation as a rational function. 

Both the numerator and denominators were polynomials with coefficients equal to the 

coefficients of derivatives. The denominator corresponded to additional input data (i.e. 

embankment fill level) that was not used in the polynomial curve fitting method.  

From first-order polynomial and TF methods, soil settlement was successfully 

modelled and predicted by assuming the system to be linear. However, when there are 

non-linear aspects in geotechnical datasets, (i.e. the previous data point cannot be used to 

predict the next data point), the use of ML models can potentially be explored. However, 

based on the scope of this study and the relatively small size of the settlement dataset for 

Pegswood Moor embankment, the future use of advanced ML algorithms is not 

recommended. A much larger dataset would have been required to facilitate ML model 

training, testing and validation.  
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Depending on the amount and type of data, the choice of algorithms for analysing 

time series datasets would widen. AR (autoregressive), ARIMA (autoregressive 

integrated moving average), and SARIMA (seasonal autoregressive integrated moving 

average) are common stochastic/probabilistic models used for predicting stationary and 

non-stationary time series datasets (Kumar et al., 2020; Xie et al., 2020), which can 

therefore be applied to soil settlement monitoring data. Other probabilistic methods and 

algorithms that could be used for modelling are Kalman filtering, long short term memory 

neural network (LSTM), random forest, k-nearest neighbour (kNN) and nonlinear 

autoregressive network with exogenous inputs (NARX) (Krkač et al., 2017; Nguyen and 

Goulet, 2018; Wunsch, Liesch and Broda, 2018; Yanguang Cai et al., 2018; Thapa et al., 

2020). Multivariate Bayesian dynamic linear models (which are a particular form of state-

space models), proposed by Khazaeli, Nguyen and Goulet (2021) for long-term structural 

health monitoring is also an important method to consider for predictive modelling. 

Moreover, the signal processing concept is also suitable for predictive modelling. 

However, caution must be applied in choosing the algorithm to avoid overfitting during 

modelling. 

For the Pegswood Moor embankment settlement dataset, discrepancies between 

the observed and predicted values could not be resolved by adopting complex methods 

but required improvement in data collection methods. However, the current focus should 

be mainly on how data can be turned into useful information by obtaining appropriate 

data analysis framework. This study supports this argument by proposing a new 

framework that can be adopted for earth embankments. Short-term prediction using TF is 

more appropriate than other advanced methods in handling limited data, due to the 

following reasons:  

a) It is in accordance with basic soil consolidation theory, whereby settlement 

behaviour is expected to be characterised by a smooth exponential curve for any 

given vertical load applied to the soil; 

b) It highlights the underlying engineering knowledge regarding the dynamics of 

embankment settlement, i.e. settlement trends, as different soils will have different 

rates of consolidation for the same loading conditions due to the difference in their 

geomechanical properties. 
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This study proposes an approach that can efficiently use limited settlement data 

and solve prediction problems based purely on field measurements, without the need of 

any previous computer simulations, laboratory or field testing data. Moreover, such a 

simple prediction framework can be easily understood and implemented by a wide range 

of professionals on live construction sites. Although MATLAB was used as the platform 

for performing preprocessing and short-term prediction analysis for this study, this 

framework can easily be implemented in other open-source platforms such as Python 

(Bennetts et al., 2018) and R. This is highly advantageous as it would lead to widespread 

adoption across the ground engineering industry. Therefore, this study has important 

implications for developing data-driven approaches for use by the industry. The proposed 

framework would be suitable for the vast majority of construction sites, especially those 

which are underlain by complex soil stratification which could be defined by unexpected 

and inconsistent geomechanical behaviour.   

Although the short-term prediction models proposed in this study were assessed 

on offline data, they are suitable for real-time data series if the data collection planning is 

done as per the modelling requirement. Therefore, a further study with more focus on 

short-term prediction in real-time is suggested. It should be noted that TFs would require 

hold periods between each fill level increment that are sufficiently long enough to fully 

capture the settlement behaviour. This would allow proper estimation of k and τ 

parameters for making predictions. Further validation of this method on other datasets 

needs to be explored for implementation in other historic, active and / or future 

construction projects.  

For short-term prediction, data cleaning was not performed since the model was 

proposed for real-time applications, meaning that it was not possible to identify outliers 

or noise with confidence for short periods of time (up to 7 days). However, short-term 

prediction modelling is a self-updating process, whereby prediction results get updated 

and improved as new settlement measurements become available. The data cleaning 

methods proposed in this study are applicable for long-term predictive models. By 

omitting outliers and noise, a smooth data trend can be established and used as a baseline 

or training sample for the models (Cernuda, 2019). The extent to which the cleaned data 

results can be used maybe explored by producing a time-settlement curve similar to 

performance curves suggested by Briggs, Dijkstra and Glendinning (2019), with a view 
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to evaluating the performance of long linear (geotechnical) assets (LLA). This in turn 

would support asset management frameworks / strategies for CEI.  

Whilst the proposed TF model only uses a single input (i.e. embankment filling 

increments), they can be extended to consider multiple inputs. If other parameters that 

influence soil settlement behaviour (e.g. pore water pressure, temperature, rainfall) were 

collected, their influence could also be incorporated into the TF to more accurately predict 

settlement (Aljoumani et al., 2018).  

Whilst VWP data was available for the Pegswood Moor embankment, they were 

not collected from the boreholes with same soil profile as the MEs. Based on the soil 

profiles for extensometers PM-E01 and PM-E02, it was evident that ground conditions 

can vary spatially over relatively short distances. Quantitatively incorporating a pore 

water pressure dataset that was not collected from the borehole with the same soil profile 

could adversely affect the reliability of the model. However, if pore water pressure data 

had been taken from the same soil profile (or even the same borehole) as ME 

instrumentation, both pore water pressure and fill levels could be used as inputs to predict 

settlement behaviour. Nevertheless, VWP data was used to qualitatively validate the data 

cleaning results of settlement data for soil layers whose soil types were the same as those 

encountered in the nearest installed VWP.  

The ground engineering industry has generally seen a slow adoption of modern 

data processing / analytical technologies. Based on the case study of the Surtees Bridge, 

the types of extensometers that are currently being used have been in circulation for the 

past four decades (Jones, Stewart and Danilewicz, 2008). Therefore, it would be prudent 

to consider replacing conventional MEs with higher-resolution extensometers (section 

A.3.3) to significantly improve the quality of field measurements, the data collection 

approach and therefore the quality of settlement predictions (Chan, Poon and Perera, 

2018). However, further work is required to establish the applicability of high-quality 

instruments at sites. 

High quality and robust instrumentation can be used for short-term settlement 

monitoring due to embankment filling during construction, but also for long-term 

monitoring during the operational phase. Such instrumentation would enrich datasets by 

providing essential settlement behavioural data during embankment operation under 

varying traffic and other environmental loads. Dynamic transportation loads and cracks 
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induced by weather events can lead to settlement in built embankments and their 

foundation soil (Yu et al., 2021). Degradation can also be observed in embankment slope 

due to changes in soil properties such as stiffness and shear strength, caused by repeated 

wetting-drying and freeze-thaw cycles leading to changes in soil fabric (Hughes, Stirling 

and Glendinning, 2019). These phenomena can have adverse effects on embankment 

stability. In urban settings, where many CEIs are located in close proximity to each other, 

monitoring and mitigating settlement risk becomes important as damage in one structure 

can affect the performance of others in close proximity (Luo et al., 2021).   

A long-term predictive model for settlement of the Pegswood Moor embankment 

cannot be produced or tested in this research due to data limitations – namely no installed 

instruments or data collection after construction, and that data was recorded only twice in 

the last 6 months before abandoning instruments. Since the data was only available during 

the embankment construction, no model for post-construction monitoring and prediction 

has been proposed. If long-term settlement data was available for the operation phase for 

Pegswood Moor embankment, understanding of the behaviour of other geomechanical 

properties of soft soils could be established, especially since parameters such as pre-

consolidation stress and 𝑐𝑢 are affected by the rate of strain (Kelly et al., 2018). Relating 

the predictions to soil properties including permeability and stiffness is also outside the 

scope of this study. Further studies, which take these variables into account, shall require 

more data and parameters for modelling and will also likely require different analysis 

approaches.  

It is clear that climate change has adverse effects on the integrity of CEIs, with 

extreme events becoming more frequent. There are numerous examples of geotechnical 

asset failures, as presented by Fuggini et al. (2016), Stark, Ricciardi and Sisk (2020), and 

Mair (2021). Thus, it is essential to identify and mitigate against the risk of these failures 

(Fuggini et al., 2016; Briggs, Loveridge and Glendinning, 2017). This has been 

investigated in the UK in the CLIFFS and ACHILLES projects, whereby industry and 

academia together are studying potential impacts of climate change on slope stability 

(Dijkstra and Dixon, 2010; Postill, 2019; Rouainia et al., 2020). Adopting a data-driven 

framework would be favourable for long-term prediction scenarios when geotechnical 

structures are prone to failure due to extreme weather events (De Guzman et al., 2020). 

Studying short-term behaviour during the construction phase is essential since the degree 
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of foundation soil exposure to mechanical disturbance and weather is high. Therefore, 

ground improvement can be proactively performed, which would be a better approach 

than ground restoration in the case of total failure of geotechnical structures, such as 

embankments. Furthermore, it would be a sustainable approach to provide 

instrumentation since ground improvement and restoration methods have associated 

carbon dioxide emissions and embodied energy (Shillaber, Mitchell and Dove, 2016a, 

2016b).  

6.4 Industrial application and standardisation of proposed framework  

There are numerous engineering standards and technical documents used in the 

UK to provide technical guidance on geotechnical monitoring programmes, such as ICE 

manual of geotechnical engineering, Eurocode 7 and BS 5930 (BSI, 2004, 2015; John et 

al., 2012). It should be noted that all of standards and technical documents in the UK are 

related and broadly provide the similar guidance. The ICE manual of geotechnical 

engineering expands the recommendations provided in the Eurocode 7, whereas BS 5930 

recommends steps for monitoring plan and instrumentation in accordance with ICE 

manual and Eurocode respectively.  

Accordingly, the monitoring programme adopted by AECOM for data collection 

at Pegswood Moor embankment followed the guidelines as suggested by these standards. 

The dataset included ground deformations, value of actions as fill level changes, and pore 

water pressures, in accordance with Clause 4.5(4) in Eurocode 7. Moreover, the 

requirements of monitoring programmes given in Clause 4.5(1) were also followed, 

which mandates validation of observed final settlement with the design stage predictions 

to ensure that the structure would be satisfactory during operation. As the observed 

settlement was considerably less than the predictions made by IZD and SIGMA/W, the 

requirement was fulfilled. 

Although instrumentation was decommissioned after the construction of 

Pegswood Moor embankment, Clause 4.5(6) of Eurocode 7 does recommend post-

construction monitoring. Uncertain ground behaviour due to climate change can be 

identified by long-term monitoring. It would also reduce the amount of time and financial 

expenditure required to be invested on the physical inspection of assets. For the Surtees 
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Bridge over River Tees, Jones, Stewart and Danilewicz (2008) reported large settlement 

for the approach embankment post-construction, which suggested that the settlement 

monitoring programme should have been extended to the long term. Moreover, as PVDs 

were not installed to expedite the consolidation process, consolidation would have been 

much slower – especially in glacial soils, whereby it was estimated that it would take 28 

years to achieve 95% consolidation (Jones, Stewart and Danilewicz, 2008).  

Although these standards briefly provide guidance about different instruments and 

data handling for monitoring programmes, they do not provide any suggestion regarding 

different methods to perform data analysis. This is understandable as there is currently no 

single recognised method of data analysis in the ground engineering industry. The 

proposed framework in this study could serve as a recommendation for industrial 

application, especially as it is based on industrial data.  

Preprocessing of construction data can be used as a baseline for long-term 

monitoring. The BS 5930 recommends the preparation of geotechnical baseline reporting 

(GBR) for anticipated geotechnical properties, which can be compared with that 

encountered on site to update the construction. Likewise, observed settlement baseline 

reports can be recommended during construction, which can help in estimating changes 

in soil behaviour during their operation for the long-term data-driven monitoring and 

management.  

Throughout this research, it has become clear that better interpretability can be 

achieved by using good quality instruments. The ICE manual of geotechnical engineering 

emphasises that improving data interpretation is an ongoing process and further improves 

as more data is collected. However, data quality also requires improvement, which can 

be achieved by adopting advanced and cost-effective instrumentation. Advanced 

instrumentation can allow digital recording of data such that it can reduce human errors. 

Currently, BS EN ISO 18674-2 (BSI, 2016) recommends conventional extensometers 

such as in-place, probe, and tape extensometer for monitoring settlement, whose readings 

are taken manually. However, the ICE manual of geotechnical engineering suggests the 

use of fibre optics (Dunnicliff, 2012). Nevertheless, their implementation has not been 

widely observed, which is likely due to the lack of standardisation.  

This research has also highlighted how data analysis methods are dependent on 

the amount and frequency of data collection. Very few data points can be problematic and 
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cannot be used for proper interpretation. Contrastingly, datasets comprising very large 

volumes of data can present other challenges such as long time periods needed to manage 

and prepare data. Whilst standards and technical documents provide guidance and 

highlight the importance of optimum frequencies for data collection, technical guidance 

and recommendations need to be made for data analysis to provide more insights into data 

frequency decision and planning.  

This research has followed the suggestions and recommendations made by UK 

geotechnical guidance documents. Therefore, the proposed framework could be easily 

incorporated in the guidance for standardisation. The current guidance suggests that initial 

data interpretation should be performed in such way that it provides rapid assessment of 

data, followed by the correlation of field measurements with other factors, such as loads, 

representing a ‘cause-and-effect’ relationship. A similar approach has been adopted in 

this study, namely PCA for initial data exploration and outlier detection. Furthermore, the 

short-term prediction method has been proposed in the similar manner – polynomial curve 

fitting for initial rapid settlement assessment and TFs for short-term modelling by 

correlating fill level with settlement to predict future trends. Similarly, the framework 

follows the recommendations and suggestions provided in the Eurocode 7 and ICE 

manual of geotechnical engineering (BSI, 2004; John et al., 2012), namely: 

(1) Clause 2.7(2) of Eurocode 7 states that the acceptable limit of actual behaviour 

must be identified in the early stages and in short intervals to allow for 

contingency plans. This can be addressed by the polynomial curve fitting method 

in predicting future trends as early as within one week of data collection. Eurocode 

7 also recommends fast analysis, which is achievable by the simple and 

computational efficient method proposed herein.  

(2) Clause 4.5(6) of Eurocode 7 recommends post-construction monitoring. This was 

highlighted in this study by proposing an approach to prepare the data by 

preprocessing, which can serve as a baseline for post-construction monitoring.  

(3) Clause 11.7(2) of Eurocode 7 suggests monitoring structures for developing 

knowledge on the rate of movement, which can provide warning of any impending 

danger. This can be achieved by the TFs parameters (gain and time constant), as 

demonstrated for the short-term predictions. The gain and time constant 

parameters represent the magnitude and rate of settlement, respectively.  
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(4) Chapter 94 of the ICE manual suggests that factors such as loads and temperature 

(weather) that would influence measured data (e.g. pore water pressure and soil 

settlement data) should also be monitored. This would allow determination of the 

credibility and characteristics of the data before data preprocessing. By PCA 

analysis, the ‘cause-and-effect’ relationship of load and settlement were explored 

to ensure that the settlement data and loading information were correctly 

collected. Moreover, the UK rainfall data was checked (UK and regional series - 

Met Office, 2021), which assisted in understanding the probability of soil heave 

due to rainfall.   

(5) Chapter 94 of the ICE manual also suggests procedures to establish data correction 

by comparing consistency between pore water pressure and soil settlement. This 

has been adopted to check the consistency of data cleaning results of soil 

settlement, which was validated by comparing them with the pore water pressure 

data.  

Whilst the civil engineering industry has been adopting field monitoring practices 

for many decades in accordance with engineering standards, further development is 

required in the standards. Such developments need to embrace technical advances for 

producing high quality data that can be transformed into information and knowledge with 

appropriate data analysis. In addition, monitoring programmes are mostly planned for a 

short time period during construction, and deployment during the operational phase when 

problems are suspected or encountered. The rationale behind this approach is likely due 

to financial restrictions such as client budgets, which in turn does not allow for more 

investment in monitoring that would reduce the risk of future asset failure. Hence, the 

civil engineering industry’s current business models do not incentivise the adoption of 

data-driven monitoring programmes. Looking ahead, there are pressures to make CEIs 

more sustainable and intelligent. One way to increase the sustainability of CEIs would be 

to invest in adopting data-driven approaches as part of asset management. For example, 

for the UK’s upcoming High Speed 2 project, it was estimated that cost savings of up to 

£67 million could be made by reducing the frequency of physical inspections to assess 

asset conditions. In response to this, organisations such as Dendra systems have been 

working with HS2 Ltd in the use of digital technologies to monitor signs of soil erosion 

and provide early warning of scour and slope failure (Cooke and Hewlett, 2020).   
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In summary, the framework proposed in this research can be used as a basis for 

developing a standardised approach for data-driven management of geotechnical 

structures, both during and after their construction. Standardisation and their inclusion in 

technical guidance documents would allow practitioners across the ground engineering 

industry to easily analyse their monitoring data, reducing effort and time to explore a 

suitable data analysis approach for a given data. Similar to CIRIA documentation for FEA 

analysis (O’Brien and Higgins, 2020), a document describing the framework for effective 

data-driven approaches can be prepared that can be used by practicing engineers. This 

would allow the success of the monitoring programme by proper interpretation of the 

data, as stated by Dunnicliff, Marr and Standing (2012); whereby “many monitoring 

programmes have failed because the collected data were never used. If there is a clear 

sense of purpose for a monitoring programme, the method of data interpretation will be 

guided by that sense of purpose”.   
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Chapter 7:  Conclusion 

7.1 Summary and main contributions  

The purpose of this research was to evaluate the suitability and applicability of 

data analytics to settlement data from a highway embankment, and thereby present a data-

driven framework to gain insights from site-based geotechnical data. This was facilitated 

through the provision of settlement data for Pegswood Moor embankment in 

Northumberland (UK), kindly provided by AECOM and Northumberland County 

Council. The analysis was undertaken with the aim to address the current engineering 

challenge of interpreting a small amount of data collected manually from non-digital 

traditional instruments during the construction. Based on a rationale for establishing a 

simple and usable data-based approach, the following data analysis methods were 

successfully demonstrated as part of the framework: 

(a) PCA and filtering and smoothing methods for data preprocessing; 

(b) Polynomial curve fitting and TF for short-term prediction of settlement. 

The main findings of this research are summarised below: 

• Data preprocessing plays a vital role in converting raw data into a usable format for 

further analysis. Outliers and noise in settlement data that obscured underlying soil 

settlement behaviour were removed to obtain a smoothed time-settlement curve. 

Moreover, it has highlighted that preprocessed data could be used as a reference point 

for identifying anomalies in the post-construction settlement behaviour. 

• PCA was useful to visualise the influence of embankment filling (i.e. incremental 

loading) on settlement to gain confidence in the capability of MEs for data 

measurement, and to provide an indication of data outliers and noise. Whereas 

filtering and smoothing algorithms were appropriate for capturing the overall 

expected and observed settlement behaviour by removing noise in the data. The 

responses of preprocessed settlement data and their correlated variable (i.e. pore water 
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pressure) to incremental embankment fill placement were well coordinated. This 

verified the adequacy of the preprocessing approach.  

• Notwithstanding the relatively limited dataset, the accuracies of the short-term 

prediction models were in good agreement with field settlement measurement data. 

The results indicated that the short-term prediction methods used could offer valuable 

insights and provide functional information for decision-making on site. The models 

were validated by comparing the values of consecutive 7-7 days predictions through 

the moving time window approach with field measurements. On average, the median 

of MAPEs between predicted and measured values for consecutive 7-7 days were 4% 

and 3% for polynomial curve fitting and TF models, respectively, indicating 96% and 

97% effectiveness in total settlement predictions. Furthermore, the R-squared value 

between 7th day predictions (i.e. the farthest data point in the moving window) and 

field measurements were 0.89 and 0.98, indicating a 10% improvement in 7th day 

predictions by the TF method.  

• The TF model, which was developed on the basis that a linear relationship exists 

between embankment fill placement and the resulting soil settlement, was effective 

for predicting settlement during the staged construction of Pegswood Moor 

embankment as indicated by the R-squared metric for 7th day predictions. This value 

was 10% higher compared to the R-squared value obtained for the polynomial curve 

fitting model. The TF model was extended to include an integrator for modelling and 

predicting soil settlement behaviour after the final stage of embankment filling, which 

showed an increment in the R-squared value from 0.96 to 0.98, thereby indicating a 

2% improvement.  

• The polynomial approach had a slight advantage over TF for capturing settlement 

behaviour during the initial embankment fill placement when there was insufficient 

fill data to build the TF model; since it was developed based on the assumption that 

soil settlement behaviour was linear for a short period under construction.   

• Both data-driven prediction methods successfully captured the settlement behaviour 

of the Pegswood Moor embankment. Using TF and polynomial curve fitting methods 

simultaneously would be feasible to capture global soil settlement behaviour and 

therefore result in more accurate forecasting.  
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This research also provided a comprehensive assessment of a relatively small 

settlement dataset, which contained various errors due to the manual method of data 

collection and poor levels of quantisation. This contributes to the appropriate utilisation 

of commonly used settlement instrumentation, indicating that data from simple 

instruments such as MEs is also rich in information and can be valorised through 

appropriate data-driven methods. The applied methods herein are appropriate for datasets 

that range in size from small to large and of varying quality, whereby the concepts upon 

which they are based are well-established and simple to understand. 

For the majority of commercial civil engineering projects involving embankment 

construction, it is very rare for large and high-quality settlement datasets to be collected 

from a large number of instruments due to limited budgets allocated to field monitoring. 

Moreover, the application of data analysis is not a common approach adopted in the 

ground engineering sector for studying the consolidation behaviour of embankment 

structures using ME data. The resulting analysis would provide confidence to 

geotechnical engineers for making informed judgements regarding soil response due to 

embankment construction on site. The proposed framework will be useful in expanding 

the ground engineering sectors’ understanding of how a data-driven approach can be 

implemented in real-world projects and applied commercially to site-collected data from 

a complex geotechnical engineering system.  

Whilst there is a wealth of literature that focusses on the importance of long-term 

settlement modelling to predict ultimate settlement for embankments, short-term 

predictive modelling is less studied but equally important when assessing ground 

responses during the construction phase. Collectively, being aware of the dynamics of the 

‘soil system’ in real-time and addressing any unexpected changes in ground behaviour in 

a timely manner is necessary to ensure that embankment construction can progress safely, 

on time and budget. Such vigilance would also assist in addressing errors and outliers in 

the field measurement datasets that could adversely affect long-term predictive 

modelling. This will reduce the amount of time required for comprehensive data cleaning. 

To re-emphasise the impact of this study, the data analysis strategy proposed is a 

cost-effective approach to provide assistance to practicing geotechnical engineers 

regarding the provision of short-term information for embankment settlement dynamics. 
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Without this, the scope of small datasets collected using current instruments is only 

limited to determining ultimate settlement. 

7.2 Recommendations  

7.2.1 Framework for implementation 

The natural progression of this work is to implement the proposed framework to 

analyse historic ME datasets from other embankment sites to gain more insights into the 

capability of these approaches. This would build the evidence base for the broader 

applicability of the prediction methods, thereby enabling the deployment of this proof of 

concept to future construction projects. The proposed framework has been developed 

based on a site whose ground conditions are dominated by glacial soils. Therefore, it 

would be prudent to apply the predictive methods at different sites in the UK where 

different soil profiles exist.  

The ways in which the models have been developed are not specific to the 

Pegswood Moor embankment system studied, but are more versatile such that they are 

applicable for analysing data collected from other embankments. However, model 

parameters (e.g. window length) will vary between different embankment sites and 

geometries. Therefore, the estimation of model configuration parameters will be required. 

Further research should be undertaken to explore how different configuration parameters 

for the data-driven algorithms are impacted by variations in embankment geometries and 

underlying soil profiles. More research using controlled test embankments is also needed 

to determine optimal window lengths for the models. 

The provision of high-resolution data will enhance modelling quality and reduce 

errors in prediction. Data quality could be improved due to recent developments in 

sensors for monitoring geotechnical assets as part of CEI networks. High quality 

instruments can not only provide more precise data, but also allow remote data collection. 

Although the collection of ‘perfect’ datasets containing no noise is overly optimistic, 

online data cleaning approaches can be explored and applied once data can be accessible 

in real time. More effective signal processing concepts are applicable for online data 

cleaning due to the increased logging frequency, providing improved information for 
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short-term predictions. A greater focus on high quality data could produce a richer and 

more reliable source of information to site engineers. 

Finally, a long-term recommendation would be to produce a technical guidance 

document and / or engineering standard for promoting the use of these innovative data 

analytics practices across the ground engineering industry, once a large knowledge base 

on these data-driven approaches is established. To achieve this, establishing a technical 

steering group comprising industrial and academic experts from across the ground 

engineering and data science disciplines is recommended. Industrial practitioners are 

generally risk-averse to ensure the safety of CEI network users, therefore the adoption of 

such new data processing and modelling methods may be slow. Hence, it is recommended 

that incremental changes are made to data processing approaches, rather than 

implementing a single transformational change across the ground engineering industry. 

This could be achieved with the incremental inclusion of data-driven methods with 

traditional numerical modelling techniques. A balanced approach would be to share the 

reliance on FEA with data analytics 

7.2.2 Future works 

This study has examined the ME data, which leads to the proposition of data 

preprocessing and short-term prediction. Furthermore, it forms the basis for future 

research into post-construction monitoring and data analysis. As the Pegswood Moor 

embankment dataset used in this research was only available for the construction phase, 

it was not possible to demonstrate the use of data for a post-construction predictive model. 

However, by discussing their benefits, this research has highlighted many areas in need 

of further investigation. A further study should assess the long-term monitoring 

programme for the development of a post-construction data-driven framework. These 

frameworks will have important implications for future practice.  

Further research also needs to examine the links between pore water pressure and 

soil settlement data more closely. To do so, piezometers and extensometers would need 

to be installed in boreholes located very close to each other to ensure they have similar 

soil profiles. Moreover, the addition of permeability (i.e. permeability measurement) and 

/ or drainage factors to TF could be explored. These studies would highlight several 
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courses of action for developing practical guidance for applying different approaches to 

analyse different types of geotechnical site monitoring datasets. By enhancing data 

variety, short-term prediction research can be expanded by exploring machine learning 

models. 

Moreover, by using construction data as a baseline, pattern recognition and ML 

techniques could be implemented on the post-construction data to evaluate changes in the 

condition of the infrastructure assets over time. Therefore, the predictive capabilities of 

ML models can then be utilised to evaluate the life expectancy of the CEI network.  

Since it is important to remove outliers and errors in datasets to avoid bias and 

overfitting while developing and training a ML model, further research is also 

recommended to automate data cleaning. This research demonstrated the use of offline 

data cleaning methods with a manual update of filtering parameters. A database of many 

filtering results can be used to develop a ML model for data cleaning for future 

instrumentation data. This would improve the efficiency of data cleaning and reduce 

human intervention. 

Improved monitoring systems are also highly recommended for future 

infrastructure projects. These will allow the remote collection of good quality data in real-

time, thereby allowing better real-time predictions to be made. Remote monitoring and 

assessment of assets is preferable when sites are remote and / or inaccessible, due to 

restrictions associated with physical access and even public health (e.g. Covid-19). 

However, a balanced decision on the monitoring approach is required while considering 

the following factors: (i) time and cost of instrument installation and (ii) their added value 

in risk mitigation. Therefore, an understanding of their short- and long-term benefits are 

required to be investigated.  

The role of data-driven approaches in achieving environmental and financial 

sustainability is of great interest and warrants further research. Efforts are needed to fully 

understand the implications of data-driven approaches in terms of embodied carbon 

footprint and cost-effectiveness. The scope of reducing the need for manual data 

measurement and physical asset inspections by using remote data collection and 

management can be explored for geotechnical components of CEI networks, such as 

embankments, retaining walls and foundations. The key research focusses would be: (i) 

methods of obtaining data from the geotechnical infrastructure that can be sustained over 
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the long design life of the infrastructure to enable monitoring and interpretation both 

during and after construction; and (ii) the influence of the sensing system (i.e. data 

acquisition and communication systems) on embodied carbon footprints when compared 

with physical inspections of built infrastructure.  



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    199 

References 

Abraham, M. T. et al. (2020) ‘IoT-Based Geotechnical Monitoring of Unstable Slopes 

for Landslide Early Warning in the Darjeeling Himalayas’, Sensors . doi: 

10.3390/s20092611. 

Al-Moadhen, M. M., Clarke, B. G. and Chen, X. (2018) ‘The permeability of composite 

soils’, in Environmental Geotechnics. ICE Publishing, pp. 478–490. doi: 

10.1680/jenge.18.00030. 

Al-Shamrani, M. A. (2005) ‘Applying the hyperbolic method and Cα/Cc concept for 

settlement prediction of complex organic-rich soil formations’, Engineering Geology, 

77(1), pp. 17–34. doi: https://doi.org/10.1016/j.enggeo.2004.07.004. 

Alavi, A. H. et al. (2017) ‘Fatigue cracking detection in steel bridge girders through a 

self-powered sensing concept’, Journal of Constructional Steel Research. Elsevier, 128, 

pp. 19–38. doi: 10.1016/J.JCSR.2016.08.002. 

Alavi, A. H. and Gandomi, A. H. (2017) Big data in civil engineering, Automation in 

Construction. Elsevier. Available at: 

https://www.sciencedirect.com/science/article/pii/S0926580516305246 (Accessed: 14 

February 2019). 

Aljoumani, B. et al. (2018) ‘Transfer Function and Time Series Outlier Analysis: 

Modelling Soil Salinity in Loamy Sand Soil by Including the Influences of Irrigation 

Management and Soil Temperature’, Irrigation and Drainage. John Wiley and Sons Ltd, 

67(2), pp. 282–294. doi: 10.1002/ird.2187. 

Ameratunga, J., Sivakugan, N. and Das, B. M. (2016) Correlations of Soil and Rock 

Properties in Geotechnical Engineering. 1st edn. New Delhi: Springer. doi: 

https://doi.org/10.1007/978-81-322-2629-1. 

Asaoka, A. (1978) ‘Observational procedure of settlement prediction.’, Soils and 

Foundations. Elsevier BV, 18(4), pp. 87–101. doi: 10.3208/sandf1972.18.4_87. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    200 

Åström, K. J. and Murray, R. M. (2021) Feedback Systems: An Introduction for Scientists 

and engineers. Second. Princeton University Press. Available at: 

https://press.princeton.edu/books/ebook/9780691213477/feedback-systems (Accessed: 5 

March 2021). 

Atkinson, J. (2000) Soil Mechanics - Consolidation, GeotechniCAL. Available at: 

http://environment.uwe.ac.uk/geocal/SoilMech/consol/index.htm. 

Atkinson, J. (2007) The Mechanics of Soils and Foundations. 2nd edn. CRC Press. 

Avci, O. et al. (2021) A review of vibration-based damage detection in civil structures: 

From traditional methods to Machine Learning and Deep Learning applications, 

Mechanical Systems and Signal Processing. Academic Press. doi: 

10.1016/j.ymssp.2020.107077. 

Ballabio, D. (2015) ‘A MATLAB toolbox for Principal Component Analysis and 

unsupervised exploration of data structure’, Chemometrics and Intelligent Laboratory 

Systems. Elsevier, 149, pp. 1–9. doi: 10.1016/j.chemolab.2015.10.003. 

Balmforth, D. (2020) Toddbrook Reservoir Independent Review Report. Available at: 

www.gov.uk/government/publications (Accessed: 12 February 2022). 

Batenipour, H. et al. (2014) ‘Deformations and ground temperatures at a road 

embankment in northern Canada’, Canadian Geotechnical Journal. National Research 

Council of Canada, 51(4), pp. 260–271. doi: 10.1139/cgj-2012-0425. 

Bell, J. (2014) Machine learning : hands-on for developers and technical professionals. 

Benamghar, A. and Boudjellal, M. (2017) ‘Comparative study of four consolidation 

settlement estimation methods of a railway embankment’, in MATEC Web of 

Conferences. EDP Sciences, p. 06002. doi: 10.1051/matecconf/201712006002. 

Bennetts, J. et al. (2018) ‘Using data to explore trends in bridge performance’, 

Proceedings of the Institution of Civil Engineers - Smart Infrastructure and Construction.  

Thomas Telford Ltd , 171(1), pp. 14–28. doi: 10.1680/jsmic.17.00022. 

Bilal, M. et al. (2016) ‘Big Data in the construction industry: A review of present status, 

opportunities, and future trends’, Advanced Engineering Informatics. Elsevier, 30(3), pp. 

500–521. doi: 10.1016/J.AEI.2016.07.001. 

Binti Sa’adin, S. et al. (2016) ‘Risks of Climate Change with Respect to the Singapore-



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    201 

Malaysia High Speed Rail System’, Climate. Multidisciplinary Digital Publishing 

Institute, 4(4), p. 65. doi: 10.3390/cli4040065. 

Bizzego, A. et al. (2019) ‘pyphysio: A physiological signal processing library for data 

science approaches in physiology’, SoftwareX. Elsevier, 10, p. 100287. doi: 

10.1016/J.SOFTX.2019.100287. 

Bowers, K. et al. (2018) Smart Infrastructure - Getting more from strategic assets. 

Available at: https://www-

smartinfrastructure.eng.cam.ac.uk/system/files/documents/the-smart-infrastructure-

paper.pdf (Accessed: 10 May 2021). 

Boylan, G. L. and Cho, B. R. (2012) ‘The Normal Probability Plot as a Tool for 

Understanding Data: A Shape Analysis from the Perspective of Skewness, Kurtosis, and 

Variability’, Quality and Reliability Engineering International. John Wiley & Sons, Ltd, 

28(3), pp. 249–264. doi: 10.1002/qre.1241. 

Bradley, A. et al. (2016) ‘BIM for infrastructure: An overall review and constructor 

perspective’, Automation in Construction, 71, pp. 139–152. doi: 

https://doi.org/10.1016/j.autcon.2016.08.019. 

Brandt, S. and Cowan, G. (2014) Data Analysis - Statistical and Computational Methods 

for Scientists and Engineers. Switzerland: Springer International Publishing. doi: 

10.1007/978-3-319-03762-2. 

Briggs, K. M., Dijkstra, T. A. and Glendinning, S. (2019) ‘Evaluating the deterioration 

of geotechnical infrastructure assets using performance curves’, in International 

Conference on Smart Infrastructure and Construction 2019, ICSIC 2019: Driving Data-

Informed Decision-Making. ICE Publishing, pp. 429–435. doi: 10.1680/icsic.64669.429. 

Briggs, K. M., Loveridge, F. A. and Glendinning, S. (2017) ‘Failures in transport 

infrastructure embankments’, Engineering Geology. Elsevier B.V., 219, pp. 107–117. 

doi: 10.1016/j.enggeo.2016.07.016. 

Bro, R. and Smilde, A. K. (2014) ‘Principal component analysis’, Anal. Methods. The 

Royal Society of Chemistry, 6(9), pp. 2812–2831. doi: 10.1039/C3AY41907J. 

Brown, R. (2020) What is Human-in-the-Loop Machine Learning: Why & How HITL 

Used in AI?, Medium. Available at: https://cogitotech.medium.com/what-is-human-in-



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    202 

the-loop-machine-learning-why-how-hitl-used-in-ai-87623fc04b4b (Accessed: 22 

October 2020). 

Broyd, T. et al. (2016) Transforming infrastructure with technology. Available at: 

https://www.ice.org.uk/ICEDevelopmentWebPortal/media/Events/Conferences/Autodes

k_ICE_Whitepaper.pdf. 

BSI (1990a) BS 1377-5:1990. BSI. Available at: 

https://bsol.bsigroup.com/Bibliographic/BibliographicInfoData/000000000000211981 

(Accessed: 10 May 2021). 

BSI (1990b) BS 1377-6:1990. BSI. Available at: 

https://bsol.bsigroup.com/Bibliographic/BibliographicInfoData/000000000000227786 

(Accessed: 10 May 2021). 

BSI (2004) BS EN 1997-1:2004. British Standards Institution. Available at: 

https://shop.bsigroup.com/products/eurocode-7-geotechnical-design-general-

rules?pid=000000000030272167. 

BSI (2009) BS 6031:2009. BSI. Available at: https://shop.bsigroup.com/products/code-

of-practice-for-earthworks/standard. 

BSI (2015) BS 5930:2015. BSI. Available at: 

https://bsol.bsigroup.com/Bibliographic/BibliographicInfoData/000000000030400754. 

BSI (2016) BS EN ISO 18674-2:2016. British Standards Institution. 

Buggy, F. and Kissane, P. (2016) ‘The Performance of Road Embankments on Glacial 

Deposits in Ireland’, in Procedia Engineering. Elsevier Ltd, pp. 1443–1450. doi: 

10.1016/j.proeng.2016.06.170. 

Burgos, D. A. T. et al. (2020) ‘Damage identification in structural health monitoring: A 

brief review from its implementation to the use of data-driven applications’, Sensors 

(Switzerland). MDPI AG, 20(3), p. 733. doi: 10.3390/s20030733. 

Burland, J. B. (1990) ‘On the compressibility and shear strength of natural clays’, 

Géotechnique, 40(3), pp. 329–378. doi: 10.1680/geot.1990.40.3.329. 

Burland, J. and Chapman, T. (2012) ‘Chapter 2 Foundations and other geotechnical 

elements in context – their role’, in ICE manual of geotechnical engineering: Volume I, 

pp. 5–10. doi: 10.1680/moge.57074.0005. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    203 

Butler, L. J. et al. (2016) ‘Integrated Fibre-Optic Sensor Networks as Tools for 

Monitoring Strain Development in Bridges during Construction’, in 19th IABSE 

Congress. Stockholm: International Association for Bridge and Structural Engineering 

(IABSE). Available at: https://core.ac.uk/download/83938590.pdf. 

Cai, Yuanqiang et al. (2018) ‘A combined method to predict the long-term settlements of 

roads on soft soil under cyclic traffic loadings’, Acta Geotechnica. Springer Verlag, 13(5), 

pp. 1215–1226. doi: 10.1007/s11440-017-0616-3. 

Cai, Yanguang et al. (2018) ‘A K-nearest neighbor locally search regression algorithm 

for short-term traffic flow forecasting’, in Proceedings of 2017 9th International 

Conference On Modelling, Identification and Control, ICMIC 2017. Institute of Electrical 

and Electronics Engineers Inc., pp. 624–629. doi: 10.1109/ICMIC.2017.8321530. 

Cain, J. W. (2018) ‘Mathematics of Fitting Scientific Data BT  - Molecular Life Sciences: 

An Encyclopedic Reference’, in Wells, R. D. et al. (eds). New York, NY: Springer New 

York, pp. 668–673. doi: 10.1007/978-1-4614-1531-2_560. 

Carri, A. et al. (2021) ‘Advantages of IoT-Based Geotechnical Monitoring Systems 

Integrating Automatic Procedures for Data Acquisition and Elaboration’, Sensors . doi: 

10.3390/s21062249. 

Carter, M. and Bentley, S. P. (2016) Soil Properties and their Correlations: Second 

Edition, Soil Properties and their Correlations: Second Edition. Chichester, UK: wiley. 

doi: 10.1002/9781119130888. 

Catbas, F. N. and Malekzadeh, M. (2016) ‘A machine learning-based algorithm for 

processing massive data collected from the mechanical components of movable bridges’, 

Automation in Construction. Elsevier, 72, pp. 269–278. doi: 

10.1016/J.AUTCON.2016.02.008. 

Cavanaugh, J. E. and Neath, A. A. (2019) ‘The Akaike information criterion: 

Background, derivation, properties, application, interpretation, and refinements’, Wiley 

Interdisciplinary Reviews: Computational Statistics. John Wiley & Sons, Ltd, 11(3), p. 

e1460. doi: 10.1002/WICS.1460. 

CDM (2015) Managing health and safety in construction - Construction (Design and 

Management) Regulations 2015. London: Health and Safety Executive. Available at: 

https://www.hse.gov.uk/pubns/priced/l153.pdf. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    204 

Cernuda, C. (2019) ‘On the relevance of preprocessing in predictive maintenance for 

dynamic systems’, in Predictive Maintenance in Dynamic Systems: Advanced Methods, 

Decision Support Tools and Real-World Applications. Springer International Publishing, 

pp. 53–92. doi: 10.1007/978-3-030-05645-2_3. 

Chambers, J. (2020) How can we speed up digital transformation in our industry? | 

Institution of Civil Engineers, ICE. Available at: https://www.ice.org.uk/news-and-

insight/the-civil-engineer/february-2020/speeding-up-digital-transformation-in-our-

industry (Accessed: 20 January 2022). 

Chan, K. F., Poon, B. M. and Perera, D. (2018) ‘Prediction of embankment performance 

using numerical analyses – Practitioner’s approach’, Computers and Geotechnics. 

Elsevier Ltd, 93, pp. 163–177. doi: 10.1016/j.compgeo.2017.07.012. 

Chen, C. L. P. and Zhang, C. Y. (2014) ‘Data-intensive applications, challenges, 

techniques and technologies: A survey on Big Data’, Information Sciences. Elsevier, 275, 

pp. 314–347. doi: 10.1016/J.INS.2014.01.015. 

Chen, J. G. et al. (2017) ‘Video Camera–Based Vibration Measurement for Civil 

Infrastructure Applications’, Journal of Infrastructure Systems, 23(3), p. B4016013. doi: 

10.1061/(ASCE)IS.1943-555X.0000348. 

Chen, R., Li, D. and Xu, Y. (2016) ‘Analysis and Improvement of Fitting Models for 

Predicting Subsidence Under High-Speed Railway Lines’, Geotechnical and Geological 

Engineering. Springer International Publishing, 34(1), pp. 29–35. doi: 10.1007/s10706-

015-9926-0. 

Chu, X. et al. (2016) ‘Data cleaning: Overview and emerging challenges’, in Proceedings 

of the ACM SIGMOD International Conference on Management of Data. Association for 

Computing Machinery, pp. 2201–2206. doi: 10.1145/2882903.2912574. 

Cielen, D., Meysman, A. D. D. and Ali, M. (2016) Introducing Data Science (Big Data, 

machine learning and more, using Python tools). Manning Publications. Available at: 

https://www.manning.com/books/introducing-data-science (Accessed: 21 April 2021). 

Ciont, N., Cadar, R. and Iliescu, M. (2015) ‘A Polynomial Short-Term Traffic Flow 

Prediction Model’, in. 

Clarke, B. (2015) ‘Chapter 31 Glacial soils’, ICE manual of geotechnical engineering: 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    205 

Volume I, pp. 363–389. doi: 10.1680/moge.57074.0363. 

Clarke, B. G. (2018) ‘The engineering properties of glacial tills’, Geotechnical Research. 

ICE Publishing, 5(4), pp. 262–277. doi: 10.1680/jgere.18.00020. 

Clarke, B. G., Hughes, D. B. and Hashemi, S. (2008) ‘Physical characteristics of 

subglacial tills’, Geotechnique.  Thomas Telford Ltd , 58(1), pp. 67–76. doi: 

10.1680/geot.2008.58.1.67. 

Clarke, B., Middleton, C. and Rogers, C. (2016) ‘The future of geotechnical and structural 

engineering research’, Proceedings of the Institution of Civil Engineers: Civil 

Engineering. ICE Publishing, 169(1), pp. 41–48. doi: 10.1680/jcien.15.00029. 

Clarke, D. and Smethurst, J. A. (2010) ‘Effects of climate change on cycles of wetting 

and drying in engineered clay slopes in England’, Quarterly Journal of Engineering 

Geology and Hydrogeology. Geological Society of London, 43(4), pp. 473–486. doi: 

10.1144/1470-9236/08-106. 

Coates, A. (2021) ‘Viewpoint: Embracing probability: could big data spell the end of 

safety factors as we know them? - Probabilistic structural monitoring’, The Institution of 

Structural Engineers, 31 March. Available at: 

https://www.istructe.org/journal/volumes/volume-99-(2021)/issue-4/viewpoint-

embracing-probability/ (Accessed: 10 June 2021). 

Cooke, J. and Hewlett, B. (2020) ICE Strategy Session: Asset management in the age of 

climate change, online | Institution of Civil Engineers, Institution of Civil Engineers. 

Available at: https://www.ice.org.uk/eventarchive/ice-strategy-asset-management-

climate-online (Accessed: 15 December 2020). 

Coop, M., Wan, M. and Standing, J. (2021) Measured ground response to EPBM 

tunnelling in London Clay, webinar | Institution of Civil Engineers, Institution of Civil 

Engineers. Available at: https://www.ice.org.uk/eventarchive/measured-ground-

response-to-epbm-tunnelling (Accessed: 4 June 2021). 

Cryer, J. D. and Chan, K. (2008) ‘Time series analysis: with applications in R’. New 

York: Springer. 

CSIC (2014) Transforming construction: innovative fibre optics sensors deployed on a 

variety of Crossrail sites | Cambridge Centre for Smart Infrastructure and Construction. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    206 

Available at: https://www-smartinfrastructure.eng.cam.ac.uk/projects-and-case-

studies/2014-case-studies/transforming-construction-innovative-fibre-optics (Accessed: 

6 September 2021). 

Deakin, M. and Reid, A. (2018) ‘Smart cities: Under-gridding the sustainability of city-

districts as energy efficient-low carbon zones’, Journal of Cleaner Production. Elsevier, 

173, pp. 39–48. doi: 10.1016/J.JCLEPRO.2016.12.054. 

Dean, J. (2014) Big Data, Data Mining, and Machine Learning. Hoboken, NJ, USA: John 

Wiley & Sons, Inc. doi: 10.1002/9781118691786. 

DeGroot, D. J. et al. (2019) ‘Engineering properties of low to medium overconsolidation 

ratio offshore clays’, AIMS Geosciences 2019 3:535. American Institute of Mathematical 

Sciences (AIMS), 5(3), pp. 535–567. doi: 10.3934/GEOSCI.2019.3.535. 

Deisenroth, M. P., Faisal, A. A. and Ong, C. S. (2020) Mathematics for Machine 

Learning. Cambridge: Cambridge University Press. doi: DOI: 10.1017/9781108679930. 

Digimap (2020). Available at: https://digimap.edina.ac.uk/ (Accessed: 8 April 2020). 

Dijkstra, T. et al. (2014) ‘Forecasting infrastructure resilience to climate change’, 

Proceedings of the Institution of Civil Engineers: Transport. Thomas Telford Services 

Ltd, 167(5), pp. 269–280. doi: 10.1680/tran.13.00089. 

Dijkstra, T. A. and Dixon, N. (2010) ‘Climate change and slope stability in the UK: 

Challenges and approaches’, Quarterly Journal of Engineering Geology and 

Hydrogeology. Geological Society of London, 43(4), pp. 371–385. doi: 10.1144/1470-

9236/09-036. 

Din-Houn Lau, F. et al. (2018) ‘Real-time statistical modelling of data generated from 

self-sensing bridges’, Proceedings of the Institution of Civil Engineers - Smart 

Infrastructure and Construction, 171(1), pp. 3–13. doi: 10.1680/jsmic.17.00023. 

Dixon, N. et al. (2019) ‘In situ measurements of near-surface hydraulic conductivity in 

engineered clay slopes’, Quarterly Journal of Engineering Geology and Hydrogeology. 

Geological Society of London, 52(1), pp. 123–135. doi: 10.1144/qjegh2017-059. 

Doherty, J. P. et al. (2018) ‘A novel web based application for storing, managing and 

sharing geotechnical data, illustrated using the national soft soil field testing facility in 

Ballina, Australia’, Computers and Geotechnics. Elsevier Ltd, 93, pp. 3–8. doi: 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    207 

10.1016/j.compgeo.2017.05.007. 

Doshi, J. et al. (2013) Guiding Principles of Asset Management: Realising a World Class 

Infrastructure. London: Institution of Civil Engineers. Available at: 

https://www.ice.org.uk/knowledge-and-resources/best-practice/realising-a-world-class-

infrastructure. 

Dunnicliff, J. (2012) ‘Chapter 95 Types of geotechnical instrumentation and their usage’, 

in ICE manual of geotechnical engineering: Volume II, pp. 1379–1403. doi: 

10.1680/moge.57098.1379. 

Dunnicliff, J., Marr, W. A. and Standing, J. (2012) ‘Chapter 94 Principles of geotechnical 

monitoring’, in ICE manual of geotechnical engineering: Volume II, pp. 1363–1377. doi: 

10.1680/moge.57098.1363. 

Extensometer: Types, How It Works, Applications (2020) Encardio rite. Available at: 

https://www.encardio.com/blog/extensometer-types-how-it-works-applications/ 

(Accessed: 11 August 2021). 

Farnsworth, C. (2018) ‘Evaluation of curve fitting techniques for estimating time of 

surcharge release in embankment construction over soft soils’, in Construction Research 

Congress 2018: Infrastructure and Facility Management - Selected Papers from the 

Construction Research Congress 2018. American Society of Civil Engineers (ASCE), pp. 

540–550. doi: 10.1061/9780784481295.054. 

Farnsworth, C. B., Bartlett, S. F. and Lawton, E. C. (2013) ‘Estimation of Time Rate of 

Settlement for Multilayered Clays Undergoing Radial Drainage’, Transportation 

Research Record: Journal of the Transportation Research Board. SAGE 

PublicationsSage CA: Los Angeles, CA, 2363(1), pp. 3–11. doi: 10.3141/2363-01. 

Farrar, C. R. and Worden, K. (2012) Structural Health Monitoring: A Machine Learning 

Perspective, Structural Health Monitoring: A Machine Learning Perspective. Chichester, 

UK. doi: 10.1002/9781118443118. 

Feng, Q. et al. (2018) ‘A feasibility study on real-time evaluation of concrete surface 

crack repairing using embedded piezoceramic transducers’, Measurement. Elsevier, 122, 

pp. 591–596. doi: 10.1016/J.MEASUREMENT.2017.09.015. 

Feng, Q., Kong, Q. and Song, G. (2016) ‘Damage detection of concrete piles subject to 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    208 

typical damage types based on stress wave measurement using embedded smart 

aggregates transducers’, Measurement. Elsevier, 88, pp. 345–352. doi: 

10.1016/J.MEASUREMENT.2016.01.042. 

Ferdinand, P. (2014) ‘The evolution of optical fiber sensors technologies during the 35 

last years and their applications in structural health monitoring’, in 7th European 

Workshop on Structural Health Monitoring, EWSHM 2014 - 2nd European Conference 

of the Prognostics and Health Management (PHM) Society, pp. 914–929. Available at: 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84939439160&partnerID=40&md5=cf7344af905df445ab6c4a9fb34cf681. 

Figueiredo, E. and Santos, A. (2018) ‘Machine Learning Algorithms for Damage 

Detection’, in, pp. 1–39. doi: 10.1142/9781786344977_0001. 

Flynn, D. et al. (2016) ‘Forecasting Ground Temperatures under a Highway Embankment 

on Degrading Permafrost’, Journal of Cold Regions Engineering. American Society of 

Civil Engineers (ASCE), 30(4), p. 04016002. doi: 10.1061/(asce)cr.1943-5495.0000106. 

Freitag, S. et al. (2018) ‘Recurrent neural networks and proper orthogonal decomposition 

with interval data for real-time predictions of mechanised tunnelling processes’, 

Computers & Structures, 207, pp. 258–273. doi: 10.1016/j.compstruc.2017.03.020. 

Fuggini, C. et al. (2016) ‘Innovative Approach in the Use of Geotextiles for Failures 

Prevention in Railway Embankments’, in Transportation Research Procedia. Elsevier 

B.V., pp. 1875–1883. doi: 10.1016/j.trpro.2016.05.154. 

Gandomi, A. H. et al. (2016) ‘Genetic programming for experimental big data mining: A 

case study on concrete creep formulation’, Automation in Construction. Elsevier, 70, pp. 

89–97. doi: 10.1016/J.AUTCON.2016.06.010. 

Ghaleini, E. N. et al. (2018) ‘A combination of artificial bee colony and neural network 

for approximating the safety factor of retaining walls’, Engineering with Computers 2018 

35:2. Springer, 35(2), pp. 647–658. doi: 10.1007/S00366-018-0625-3. 

Gharehbaghi, V. R. et al. (2020) ‘Supervised damage and deterioration detection in 

building structures using an enhanced autoregressive time-series approach’, Journal of 

Building Engineering. Elsevier Ltd, 30, p. 101292. doi: 10.1016/j.jobe.2020.101292. 

Giron-Sierra, J. M. (2017) Digital Signal Processing with Matlab Examples, Volume 1. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    209 

Singapore: Springer Singapore (Signals and Communication Technology). doi: 

10.1007/978-981-10-2534-1. 

Glendinning, S., Dijkstra, T. and Court, R. (2022) ACHILLES, Loughborough University. 

Available at: https://www.achilles-grant.org.uk/. 

Golser, J. and Steiner, W. (2021) ‘International and European standards for geotechnical 

monitoring and instrumentation’, Geomechanics and Tunnelling. Ernst und Sohn, 14(1), 

pp. 63–77. doi: 10.1002/geot.202000047. 

Gong, Y. and Chok, Y. H. (2018) ‘Predicted and measured behaviour of a test 

embankment on Ballina clay’, Computers and Geotechnics. Elsevier Ltd, 93, pp. 178–

190. doi: 10.1016/j.compgeo.2017.06.003. 

Gordan, B. et al. (2018) ‘Estimating and optimizing safety factors of retaining wall 

through neural network and bee colony techniques’, Engineering with Computers 2018 

35:3. Springer, 35(3), pp. 945–954. doi: 10.1007/S00366-018-0642-2. 

Goulet, J.-A. (2020) Probabilistic Machine Learning for Civil Engineers. 

Guilhot, D. et al. (2021) ‘Internet-of-Things-Based Geotechnical Monitoring Boosted by 

Satellite InSAR Data’, Remote Sensing . doi: 10.3390/rs13142757. 

Gulgec, N. S. et al. (2017) ‘Current Challenges with BIGDATA Analytics in Structural 

Health Monitoring’, in. Springer, Cham, pp. 79–84. doi: 10.1007/978-3-319-54109-9_9. 

Guo, W., Chu, J. and Nie, W. (2018) ‘Design chart for the modified hyperbolic method’, 

Soils and Foundations. Japanese Geotechnical Society, 58(2), pp. 511–517. doi: 

10.1016/j.sandf.2018.02.014. 

De Guzman, E. M. et al. (2020) ‘Performance of Highway Embankments in the Arctic 

Corridor Constructed under Winter Conditions’, Canadian Geotechnical Journal. 

Canadian Science Publishing. doi: 10.1139/cgj-2019-0121. 

Han, B. et al. (2015) ‘Smart concretes and structures: A review’, Journal of Intelligent 

Material Systems and Structures. SAGE Publications Ltd STM, 26(11), pp. 1303–1345. 

doi: 10.1177/1045389X15586452. 

Hannan, M. A., Hassan, K. and Jern, K. P. (2018) ‘A review on sensors and systems in 

structural health monitoring: current issues and challenges’, Smart Structures and 

Systems. Techno-Press, 22(5), pp. 509–525. doi: 10.12989/SSS.2018.22.5.509. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    210 

Hansbo, S. (1979) ‘Consolidation of clay by band-shaped prefabricated drains’, Ground 

Engineering, 12(5), pp. 16–25. 

Hastie, T., Tibshirani, R. and Friedman, J. (2009) The Elements of Statistical Learning - 

Data Mining, Inference, and Prediction. 2nd Editio. New York: Springer. doi: 

https://doi.org/10.1007/978-0-387-84858-7. 

Heras, A. D. Las, Luque-Sendra, A. and Zamora-Polo, F. (2020) ‘Machine learning 

technologies for sustainability in smart cities in the post-covid era’, Sustainability 

(Switzerland). MDPI AG, 12(22), pp. 1–25. doi: 10.3390/su12229320. 

Hilas, C. S., Rekanos, I. T. and Mastorocostas, P. A. (2013) ‘Change point detection in 

time series using higher-order statistics: A heuristic approach’, Mathematical Problems 

in Engineering, 2013. doi: 10.1155/2013/317613. 

Hoang, N.-D. (2018) ‘An Artificial Intelligence Method for Asphalt Pavement Pothole 

Detection Using Least Squares Support Vector Machine and Neural Network with 

Steerable Filter-Based Feature Extraction’, Advances in Civil Engineering. Edited by M. 

Grzywinski. Hindawi, 2018, p. 7419058. doi: 10.1155/2018/7419058. 

Hoang, N.-D., Nguyen, Q.-L. and Tran, V.-D. (2018) ‘Automatic recognition of asphalt 

pavement cracks using metaheuristic optimized edge detection algorithms and 

convolution neural network’, Automation in Construction. Elsevier, 94, pp. 203–213. doi: 

10.1016/J.AUTCON.2018.07.008. 

Hong, C. Y. et al. (2017) ‘Recent progress of using Brillouin distributed fiber optic 

sensors for geotechnical health monitoring’, Sensors and Actuators, A: Physical. Elsevier 

B.V., pp. 131–145. doi: 10.1016/j.sna.2017.03.017. 

Horgan, R. (2022) ‘New Civil Engineer February 2022’, New Civil Engineer . Available 

at: https://emap.onreptile.com/new-civil-engineer/new-civil-engineer-february-

2022/news-comment-analysis/inside-track-geotechnical (Accessed: 4 February 2022). 

Hoult, N. et al. (2009) ‘Wireless sensor networks: creating “smart infrastructure”’, 

Proceedings of the Institution of Civil Engineers - Civil Engineering, 162(3), pp. 136–

143. doi: 10.1680/cien.2009.162.3.136. 

Hu, Y. et al. (2016) ‘A statistical training data cleaning strategy for the PCA-based chiller 

sensor fault detection, diagnosis and data reconstruction method’, Energy and Buildings. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    211 

Elsevier Ltd, 112, pp. 270–278. doi: 10.1016/j.enbuild.2015.11.066. 

Huang, H. wei et al. (2017) ‘Field data-based probabilistic assessment on degradation of 

deformational performance for shield tunnel in soft clay’, Tunnelling and Underground 

Space Technology. Elsevier Ltd, 67, pp. 107–119. doi: 10.1016/j.tust.2017.05.005. 

Hughes, P., Stirling, R. and Glendinning, S. (2019) ‘Laboratory Assessment of the Impact 

of Freeze-Thaw-Cycling on Sandy-Clay Soil’, in XVII European Conference on Soil 

Mechanics and Geotechnical Engineering 2019, pp. 1–8. doi: 10.32075/17ECSMGE-

2019-1014. 

Hyndman, R. J. and Athanasopoulos, G. (2018) Forecasting: Principles and Practice. 

2nd edn. OTexts. Available at: https://otexts.com/fpp2/ (Accessed: 9 March 2021). 

Iannacci, J. (2017) ‘Microsystem based Energy Harvesting (EH-MEMS): Powering 

pervasivity of the Internet of Things (IoT) – A review with focus on mechanical 

vibrations’, Journal of King Saud University - Science. Elsevier. doi: 

10.1016/J.JKSUS.2017.05.019. 

Indraratna, B. (2015) ‘Recent Advances in Soft Soil Consolidation’, Ground 

Improvement Case Histories: Embankments with Special Reference to Consolidation and 

Other Physical Methods. Butterworth-Heinemann, pp. 3–32. doi: 10.1016/B978-0-08-

100192-9.00001-6. 

Indraratna, B. and Redana, I. W. (2000) ‘Numerical modeling of vertical drains with 

smear and well resistance installed in soft clay’, Canadian Geotechnical Journal. NRC 

Can, 37(1), pp. 132–145. doi: 10.1139/t99-115. 

Irvine, T. (2000) ‘An introduction to frequency response functions’, Rapport, College of 

Engineering and Computer Science. Citeseer, 2000. 

Janert, P. (2010) Data Analysis with Open Source Tools, A hands-on guide for 

programmers and data scientists. O&apos;Reilly Media, Incorporated. Available at: 

http://books.google.co.kr/books?id=mTXnXCLXJYgC&amp;printsec=frontcover&amp

;dq=data+analysis+with+open+source+tools&amp;hl=&amp;cd=1&amp;source=gbs_a

pi (Accessed: 11 March 2020). 

Janusz, A. and Ślęzak, D. (2020) ‘Analytics over Multi-sensor Time Series Data – A 

Case-Study on Prediction of Mining Hazards’, in Springer Series in Geomechanics and 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    212 

Geoengineering. Springer, pp. 815–830. doi: 10.1007/978-3-030-32029-4_69. 

Javadi, A. A. and Rezania, M. (2009) ‘Applications of artificial intelligence and data 

mining techniques in soil modeling’, Geomechanics and Engineering. Techno Press, 1(1), 

pp. 53–74. doi: 10.12989/gae.2009.1.1.053. 

Javadi, A. A., Rezania, M. and Nezhad, M. M. (2006) ‘Evaluation of liquefaction induced 

lateral displacements using genetic programming’, Computers and Geotechnics, 33(4), 

pp. 222–233. doi: https://doi.org/10.1016/j.compgeo.2006.05.001. 

Jeon, Y. and McCurdy, T. (2017) ‘Time-Varying Window Length for Correlation 

Forecasts’, Econometrics. MDPI AG, 5(4), p. 54. doi: 10.3390/econometrics5040054. 

John, B. et al. (2012) ICE manual of geotechnical engineering: Volume II. Edited by B. 

John et al. Thomas Telford Ltd. doi: 10.1680/moge.57074. 

Jones, C. A., Stewart, D. I. and Danilewicz, C. J. (2008) ‘Bridge distress caused by 

approach embankment settlement’, Proceedings of the Institution of Civil Engineers: 

Geotechnical Engineering.  Thomas Telford Ltd , 161(2), pp. 63–74. doi: 

10.1680/geng.2008.161.2.63. 

Kagoda, P. A. et al. (2010) ‘Application of radial basis function neural networks to short-

term streamflow forecasting’, Physics and Chemistry of the Earth. Pergamon, 35(13–14), 

pp. 571–581. doi: 10.1016/j.pce.2010.07.021. 

Karkouch, A. et al. (2016) ‘Data quality in internet of things: A state-of-the-art survey’, 

Journal of Network and Computer Applications. Academic Press, 73, pp. 57–81. doi: 

10.1016/J.JNCA.2016.08.002. 

Kelly, R. B. et al. (2018) ‘Outcomes of the Newcastle symposium for the prediction of 

embankment behaviour on soft soil’, Computers and Geotechnics. Elsevier Ltd, 93, pp. 

9–41. doi: 10.1016/j.compgeo.2017.08.005. 

Kelly, R. and Huang, J. (2015) ‘Bayesian updating for one-dimensional consolidation 

measurements’, Canadian Geotechnical Journal. National Research Council of Canada, 

52(9), pp. 1318–1330. doi: 10.1139/cgj-2014-0338. 

Kennedy, C. (2021a) ‘Future of Rail | Getting to grips with the weather ’, New Civil 

Engineer. Available at: https://www.newcivilengineer.com/the-future-of/future-of-rail-

getting-to-grips-with-the-weather-24-02-2021/ (Accessed: 4 February 2022). 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    213 

Kennedy, C. (2021b) ‘National Highways develops automation and digital strategy for 

roads and road projects ’, New Civil Engineer. Available at: 

https://www.newcivilengineer.com/innovative-thinking/national-highways-develops-

automation-and-digital-strategy-for-roads-and-road-projects-26-11-

2021/?utm_source=Bibblio&utm_medium=Recommendation&utm_campaign=Recom

mended_Articles (Accessed: 4 February 2022). 

Khazaeli, S., Nguyen, L. H. and Goulet, J. A. (2021) ‘Anomaly detection using state-

space models and reinforcement learning’, Structural Control and Health Monitoring. 

John Wiley & Sons, Ltd, 28(6), p. e2720. doi: 10.1002/STC.2720. 

Khosravi, K. et al. (2018) ‘Quantifying hourly suspended sediment load using data 

mining models: Case study of a glacierized Andean catchment in Chile’, Journal of 

Hydrology. Elsevier B.V., 567, pp. 165–179. doi: 10.1016/j.jhydrol.2018.10.015. 

Klein, A. and Lehner, W. (2009) ‘Representing data quality in sensor data streaming 

environments’, Journal of Data and Information Quality, 1(2), pp. 1–28. doi: 

10.1145/1577840.1577845. 

Klinc, R. and Turk, Ž. (2019) ‘CONSTRUCTION 4.0 - DIGITAL TRANSFORMATION 

OF ONE OF THE OLDEST INDUSTRIES’, Economic and Business Review for Central 

and South - Eastern Europe. Ljubljana: University of Ljubljana, Faculty of Economics, 

21(3), pp. 393–410, 496. doi: http://dx.doi.org/10.15458/ebr.92. 

Kobayashi, K. and Kaito, K. (2017) ‘Big data-based deterioration prediction models and 

infrastructure management: towards assetmetrics’, Structure and Infrastructure 

Engineering. Taylor & Francis, 13(1), pp. 84–93. doi: 10.1080/15732479.2016.1198407. 

Kochovski, P. and Stankovski, V. (2018) ‘Supporting smart construction with dependable 

edge computing infrastructures and applications’, Automation in Construction. Elsevier 

B.V., 85, pp. 182–192. doi: 10.1016/j.autcon.2017.10.008. 

Koopialipoor, M. et al. (2019) ‘The use of new intelligent techniques in designing 

retaining walls’, Engineering with Computers 2019 36:1. Springer, 36(1), pp. 283–294. 

doi: 10.1007/S00366-018-00700-1. 

Kottegoda, N. T., Rosso, R. and Kottegoda, N. T. (2008) Applied statistics for civil and 

environmental engineers. Blackwell Pub. Available at: https://www.wiley.com/en-

gb/Applied+Statistics+for+Civil+and+Environmental+Engineers-p-9781405179171 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    214 

(Accessed: 1 April 2019). 

Kouretzis, G. (2018) Fundamentals of Foundation Engineering and their Applications - 

Scientific Figure on ResearchGate. Available at: 

https://www.researchgate.net/figure/Outline-of-immediate-primary-consolidation-and-

secondary-consolidation-settlement_fig138_323256947. 

Kouroussis, G., Vogiatzis, K. E. and Connolly, D. P. (2017) ‘A combined 

numerical/experimental prediction method for urban railway vibration’, Soil Dynamics 

and Earthquake Engineering. Elsevier Ltd, 97, pp. 377–386. doi: 

10.1016/j.soildyn.2017.03.030. 

Krishnan, S. et al. (2016) ‘Towards reliable interactive data cleaning: A user survey and 

recommendations’, in HILDA 2016 - Proceedings of the Workshop on Human-In-the-

Loop Data Analytics. New York, New York, USA: Association for Computing 

Machinery, Inc, pp. 1–5. doi: 10.1145/2939502.2939511. 

Krkač, M. et al. (2017) ‘Method for prediction of landslide movements based on random 

forests’, Landslides, 14(3), pp. 947–960. doi: 10.1007/s10346-016-0761-z. 

Kubat, M. (2017) An Introduction to Machine Learning. Cham: Springer International 

Publishing. doi: 10.1007/978-3-319-63913-0. 

Kumar, P. et al. (2020) ‘Predictions of Weekly Soil Movements Using Moving-Average 

and Support-Vector Methods: A Case-Study in Chamoli, India’, in Springer Series in 

Geomechanics and Geoengineering. Springer, pp. 393–405. doi: 10.1007/978-3-030-

32029-4_34. 

Kuo, S. M. (Sen-M., Lee, B. H. and Tian, W. (2013) ‘Introduction to Real-Time Digital 

Signal Processing’, in Real-time digital signal processing : fundamentals, 

implementations and applications. 3rd Editio. Chichester: John Wiley & Sons. Available 

at: https://www.wiley.com/en-

gb/Real+Time+Digital+Signal+Processing%3A+Fundamentals%2C+Implementations+

and+Applications%2C+3rd+Edition-p-9781118414323 (Accessed: 15 February 2022). 

Lak, M. A., Degrande, G. and Lombaert, G. (2011) ‘The effect of road unevenness on the 

dynamic vehicle response and ground-borne vibrations due to road traffic’, Soil Dynamics 

and Earthquake Engineering. Elsevier, 31(10), pp. 1357–1377. doi: 

10.1016/j.soildyn.2011.04.009. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    215 

Levermore, G. (2020) ‘Time constants for understanding building dynamics’, Building 

Services Engineering Research and Technology. SAGE Publications Ltd, 41(3), pp. 234–

246. doi: 10.1177/0143624419892224. 

Li, C. (2014) ‘A simplified method for prediction of embankment settlement in clays’, 

Journal of Rock Mechanics and Geotechnical Engineering. Chinese Academy of 

Sciences, 6(1), pp. 61–66. doi: 10.1016/j.jrmge.2013.12.002. 

Li, M. et al. (2019) ‘A new distributed time series evolution prediction model for dam 

deformation based on constituent elements’, Advanced Engineering Informatics. Elsevier 

Ltd, 39, pp. 41–52. doi: 10.1016/j.aei.2018.11.006. 

Liang, Y. et al. (2018) ‘Civil Infrastructure Serviceability Evaluation Based on Big Data 

BT  - Guide to Big Data Applications’, in Srinivasan, S. (ed.). Cham: Springer 

International Publishing, pp. 295–325. doi: 10.1007/978-3-319-53817-4_12. 

Lin, Z. and Beck, M. B. (2007) ‘Understanding complex environmental systems: a dual 

approach’, Environmetrics. John Wiley & Sons, Ltd, 18(1), pp. 11–26. doi: 

10.1002/ENV.799. 

Liu, P. et al. (2016) ‘Development of a “stick-and-detect” wireless sensor node for fatigue 

crack detection’, Structural Health Monitoring. SAGE Publications, 16(2), pp. 153–163. 

doi: 10.1177/1475921716666532. 

López, I., Passeggi, M. and Borzacconi, L. (2015) ‘Validation of a simple kinetic 

modelling approach for agro-industrial waste anaerobic digesters’, Chemical Engineering 

Journal. Elsevier, 262, pp. 509–516. doi: 10.1016/j.cej.2014.10.003. 

Lu, H. et al. (2020) ‘Short-term prediction of building energy consumption employing an 

improved extreme gradient boosting model: A case study of an intake tower’, Energy. 

Elsevier Ltd, 203, p. 117756. doi: 10.1016/j.energy.2020.117756. 

Luo, C. et al. (2021) ‘Study on Settlement and Deformation of Urban Viaduct Caused by 

Subway Station Construction under Complicated Conditions’, Advances in Civil 

Engineering. Edited by J. Yuan, 2021, pp. 1–16. doi: 10.1155/2021/6625429. 

Ma, L. et al. (2011) ‘Field evaluation on the strength increase of marine clay under staged 

construction of embankment’, Marine Georesources and Geotechnology.  Taylor & 

Francis Group , 29(4), pp. 317–332. doi: 10.1080/1064119X.2011.554965. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    216 

Ma, Y. and Guo, G. (2020) ‘Intelligent algorithm of geotechnical test data based on 

Internet of Things’, Computer Communications. Elsevier B.V., 158, pp. 32–38. doi: 

10.1016/j.comcom.2020.04.028. 

Magnetic Probe Extensometer - Soil Instruments (2013). Available at: 

https://soilinstruments.com/products/extensometers/magnetic-probe-extensometer/ 

(Accessed: 10 March 2020). 

Maheshwari, M. et al. (2019) ‘Fiber Bragg Grating (FBG) based magnetic extensometer 

for ground settlement monitoring’, Sensors and Actuators, A: Physical. Elsevier B.V., 

296, pp. 132–144. doi: 10.1016/j.sna.2019.06.053. 

Mair, R. (2021) A Review of Earthworks Management. London. Available at: 

https://www.networkrail.co.uk/wp-content/uploads/2021/03/Network-Rail-Earthworks-

Review-Final-Report.pdf. 

Mair, R. J. (2016) ‘Briefing: Advanced sensing technologies for structural health 

monitoring’, in Proceedings of the Institution of Civil Engineers - Forensic Engineering. 

Thomas Telford Ltd, pp. 46–49. doi: 10.1680/jfoen.16.00013. 

Makridakis, S., Spiliotis, E. and Assimakopoulos, V. (2018) ‘Statistical and Machine 

Learning forecasting methods: Concerns and ways forward’, PLOS ONE. Public Library 

of Science, 13(3), p. e0194889. doi: 10.1371/JOURNAL.PONE.0194889. 

Mangalathu, S. and Jeon, J.-S. (2018) ‘Classification of failure mode and prediction of 

shear strength for reinforced concrete beam-column joints using machine learning 

techniques’, Engineering Structures. Elsevier, 160, pp. 85–94. doi: 

10.1016/J.ENGSTRUCT.2018.01.008. 

Martín-Garín, A. et al. (2018) ‘Environmental monitoring system based on an Open 

Source Platform and the Internet of Things for a building energy retrofit’, Automation in 

Construction. Elsevier B.V., 87, pp. 201–214. doi: 10.1016/j.autcon.2017.12.017. 

Martin, I. A. and Irani, R. A. (2021) ‘Dynamic modeling and self-tuning anti-sway control 

of a seven degree of freedom shipboard knuckle boom crane’, Mechanical Systems and 

Signal Processing. Academic Press, 153, p. 107441. doi: 10.1016/j.ymssp.2020.107441. 

Masse, F. et al. (2021) ‘IoT and Big Data in Geotechnical Construction: Connecting Drill 

Rigs to the Cloud’, GeoStrata Magazine Archive. American Society of Civil Engineers, 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    217 

25(3), pp. 30–35. doi: 10.1061/GEOSEK.0000031. 

Mathworks (2019) MATLAB version 9.7.0.1319299 (R2019b) Update 5, Massachusetts, 

U.S.A. Natick, Massachusetts. 

MathWorks (2019a) MATLAB goodnessOfFit, The MathWorks Inc. Available at: 

https://uk.mathworks.com/help/ident/ref/goodnessoffit.html (Accessed: 31 March 2020). 

MathWorks (2019b) Savitzky-Golay filtering - MATLAB sgolayfilt, The MathWorks Inc. 

Available at: https://uk.mathworks.com/help/signal/ref/sgolayfilt.html (Accessed: 29 

April 2020). 

MathWorks (2019c) Smooth noisy data - MATLAB smoothdata, The MathWorks Inc. 

Available at: https://uk.mathworks.com/help/matlab/ref/smoothdata.html#bvhejau-

method%5D (Accessed: 12 March 2020). 

MathWorks (2019d) Smooth response data - MATLAB smooth, The MathWorks Inc. 

Available at: https://uk.mathworks.com/help/curvefit/smooth.html#mw_ad6b65fd-4dac-

46c4-a649-a7a0b301eb80 (Accessed: 12 March 2020). 

MathWorks (2019e) Zero-phase digital filtering - MATLAB filtfilt, The MathWorks Inc. 

Available at: https://uk.mathworks.com/help/signal/ref/filtfilt.html (Accessed: 12 March 

2020). 

McFarlane, D. et al. (2017) Intelligent assets for tomorrow’s infrastructure: Guiding 

Principles. London: Institution of Civil Engineers. 

Mendoza, E. A. et al. (2015) ‘Fiber optic acousto-ultrasound condition monitoring system 

for advanced structures’, in SHMII 2015 - 7th International Conference on Structural 

Health Monitoring of Intelligent Infrastructure. Available at: 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84978656631&partnerID=40&md5=db1e3ed54d54b3bddc64bbf4a01e755a. 

Meyerhof, G. G. (1965) ‘Shallow Foundations’, Journal of the Soil Mechanics and 

Foundations Division. American Society of Civil Engineers, 91(2), pp. 21–31. doi: 

10.1061/JSFEAQ.0000719. 

Mezzanzanica, M. et al. (2015) ‘A model-based evaluation of data quality activities in 

KDD’, Information Processing and Management. Elsevier Ltd, 51(2), pp. 144–166. doi: 

10.1016/j.ipm.2014.07.007. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    218 

Moreu, F. et al. (2018) ‘Technical Specifications of Structural Health Monitoring for 

Highway Bridges: New Chinese Structural Health Monitoring Code’, Frontiers in Built 

Environment. Frontiers, 4, p. 10. doi: 10.3389/fbuil.2018.00010. 

Morgenroth, J., Khan, U. T. and Perras, M. A. (2019) ‘An overview of opportunities for 

machine learning methods in underground rock engineering design’, Geosciences 

(Switzerland). MDPI AG, p. 504. doi: 10.3390/geosciences9120504. 

Moulat, M. El et al. (2018) ‘Monitoring System Using Internet of Things For Potential 

Landslides’, Procedia Computer Science, 134, pp. 26–34. doi: 

https://doi.org/10.1016/j.procs.2018.07.140. 

Mujica, L. et al. (2011) ‘Q-statistic and T2-statistic PCA-based measures for damage 

assessment in structures’, Structural Health Monitoring: An International Journal. SAGE 

PublicationsSage UK: London, England, 10(5), pp. 539–553. doi: 

10.1177/1475921710388972. 

Mustafa, M. R. et al. (2012) ‘Prediction of pore-water pressure using radial basis function 

neural network’, Engineering Geology. Elsevier, 135–136, pp. 40–47. doi: 

10.1016/j.enggeo.2012.02.008. 

Müthing, N. et al. (2018) ‘Settlement prediction for an embankment on soft clay’, 

Computers and Geotechnics. Elsevier Ltd, 93, pp. 87–103. doi: 

10.1016/j.compgeo.2017.06.002. 

Naser, M. Z. and Kodur, V. K. R. (2018) ‘Cognitive infrastructure - a modern concept for 

resilient performance under extreme events’, Automation in Construction. Elsevier B.V., 

90, pp. 253–264. doi: 10.1016/j.autcon.2018.03.004. 

Ness, D. et al. (2015) ‘Smart steel: New paradigms for the reuse of steel enabled by digital 

tracking and modelling’, Journal of Cleaner Production. Elsevier Ltd, 98, pp. 292–303. 

doi: 10.1016/j.jclepro.2014.08.055. 

Nguyen, L. H. and Goulet, J.-A. (2018) ‘Anomaly detection with the Switching Kalman 

Filter for structural health monitoring’, Structural Control and Health Monitoring. John 

Wiley and Sons Ltd, 25(4), p. e2136. doi: 10.1002/stc.2136. 

Nise, N. S. (2011) ‘Control systems engineering ’. Chichester; Hoboken, N.J : Wiley. 

O’Brien, A. S. and Higgins, K. G. (2020) CIRIA C791 - The management of advanced 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    219 

numerical modelling in geotechnical engineering: good practice. London: CIRIA. 

Available at: www.ciria.org. 

de Oliveira, M. et al. (2018) ‘Use of Savitzky–Golay Filter for Performances 

Improvement of SHM Systems Based on Neural Networks and Distributed PZT Sensors’, 

Sensors. MDPI AG, 18(2), p. 152. doi: 10.3390/s18010152. 

Omar, T. and Nehdi, M. L. (2016) ‘Data acquisition technologies for construction 

progress tracking’, Automation in Construction. Elsevier, 70, pp. 143–155. doi: 

10.1016/J.AUTCON.2016.06.016. 

Pearl, J. (2018) ‘Theoretical Impediments to Machine Learning With Seven Sparks from 

the Causal Revolution’, arXiv. arXiv. Available at: http://arxiv.org/abs/1801.04016 

(Accessed: 16 April 2021). 

Pham, B. T., Nguyen, M. D., Bui, K.-T. T., et al. (2019) ‘A novel artificial intelligence 

approach based on Multi-layer Perceptron Neural Network and Biogeography-based 

Optimization for predicting coefficient of consolidation of soil’, CATENA. Elsevier, 173, 

pp. 302–311. doi: 10.1016/J.CATENA.2018.10.004. 

Pham, B. T., Nguyen, M. D., Dao, D. Van, et al. (2019) ‘Development of artificial 

intelligence models for the prediction of Compression Coefficient of soil: An application 

of Monte Carlo sensitivity analysis’, Science of The Total Environment. Elsevier, 679, 

pp. 172–184. doi: 10.1016/J.SCITOTENV.2019.05.061. 

Pham, H. (2019) ‘A New Criterion for Model Selection’, Mathematics 2019, Vol. 7, Page 

1215. Multidisciplinary Digital Publishing Institute, 7(12), p. 1215. doi: 

10.3390/MATH7121215. 

Piezometers — Geotechnical Observations (2019). Available at: http://www.geo-

observations.com/piezometers (Accessed: 15 August 2021). 

Postill, H. (2019) Cooling Prize Paper: Clay cut slope deterioration, climate change and 

maintenance | Ground Engineering, Ground Engineering. Available at: 

https://www.geplus.co.uk/technical-paper/cooling-prize-paper-clay-cut-slope-

deterioration-climate-change-maintenance-13-06-2019/ (Accessed: 4 June 2021). 

Powrie, W. (2012) ‘Chapter 16 Groundwater flow’, in ICE manual of geotechnical 

engineering: Volume I. Thomas Telford Ltd (ICE Manuals), pp. 167–174. doi: 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    220 

doi:10.1680/moge.57074.0167. 

Puzrin, A. M., Iten, M. and Fischli, F. (2019) ‘Monitoring of ground displacements using 

borehole-embedded distributed fibre optic sensors’, Quarterly Journal of Engineering 

Geology and Hydrogeology. Geological Society of London, 53(1), pp. 31–38. doi: 

10.1144/qjegh2018-166. 

Rahardjo, H. et al. (2007) ‘Factors Controlling Instability of Homogeneous Soil Slopes 

under Rainfall’, Journal of Geotechnical and Geoenvironmental Engineering. American 

Society of Civil Engineers, 133(12), pp. 1532–1543. doi: 10.1061/(ASCE)1090-

0241(2007)133:12(1532). 

Reich, Y. (1997) ‘Machine Learning Techniques for Civil Engineering Problems’, 

Computer-Aided Civil and Infrastructure Engineering. John Wiley & Sons, Ltd, 12(4), 

pp. 295–310. doi: https://doi.org/10.1111/0885-9507.00065. 

Rezania, M. (2008) Evolutionary polynomial regression based constitutive modelling and 

incorporation in finite element analysis. University of Exeter. Available at: 

https://ethos.bl.uk/OrderDetails.do?did=1&uin=uk.bl.ethos.519415. 

Rezania, M. et al. (2018) ‘Numerical analysis of Ballina test embankment on a soft 

structured clay foundation’, Computers and Geotechnics. Elsevier Ltd, 93, pp. 61–74. 

doi: 10.1016/j.compgeo.2017.05.013. 

Rezania, M. and Javadi, A. A. (2007) ‘A new genetic programming model for predicting 

settlement of shallow foundations’, Canadian Geotechnical Journal. NRC Research 

Press, 44(12), pp. 1462–1473. doi: 10.1139/T07-063. 

Rodenas-Herráiz, D. et al. (2016) Wireless Sensor Networks for Civil Infrastructure 

Monitoring: A Best Practice Guide. Edited by D. Rodenas-Herráiz et al. ICE Publishing. 

doi: 10.1680/wsncim.61514. 

Rodenas Herráiz, D. et al. (2016) ‘Overview of wireless sensor network technology’, in 

Wireless Sensor Networks for Civil Infrastructure Monitoring. ICE Publishing 

(Cambridge Centre for Smart Infrastructure & Construction), pp. 1–6. doi: 

doi:10.1680/wsncim.61514.001. 

Rouainia, M. et al. (2020) ‘Deterioration of an infrastructure cutting subjected to climate 

change’, Acta Geotechnica. Springer Science and Business Media Deutschland GmbH, 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    221 

15(10), pp. 2997–3016. doi: 10.1007/s11440-020-00965-1. 

Sadeghioon, A. et al. (2014) ‘SmartPipes: Smart Wireless Sensor Networks for Leak 

Detection in Water Pipelines’, Journal of Sensor and Actuator Networks, 3(1), pp. 64–

78. doi: 10.3390/jsan3010064. 

Salehi, H. and Burgueño, R. (2018) ‘Emerging artificial intelligence methods in structural 

engineering’, Engineering Structures. Elsevier, 171, pp. 170–189. doi: 

10.1016/J.ENGSTRUCT.2018.05.084. 

Samui, P. (2020) ‘Application of Artificial Intelligence in Geo-Engineering BT  - 

Information Technology in Geo-Engineering’, in Correia, A. G. et al. (eds). Cham: 

Springer International Publishing, pp. 30–44. 

Sánchez-Silva, M. et al. (2016) ‘Maintenance and Operation of Infrastructure Systems: 

Review’, Journal of Structural Engineering, 142(9), p. F4016004. doi: 

10.1061/(ASCE)ST.1943-541X.0001543. 

Saputro, S. A., Muntohar, A. S. and Liao, H. J. (2018) ‘Ground settlement prediction of 

embankment treated with prefabricated vertical drains in soft soil’, in MATEC Web of 

Conferences. EDP Sciences. doi: 10.1051/matecconf/201819503014. 

Schilling, R. J. and Harris, S. L. (2011) Introduction to Digital Signal Processing Using 

MATLAB. Cengage Learning. Available at: 

https://books.google.co.uk/books?id=29RfYgEACAAJ. 

Schooling, J., Enzer, M. and Broo, D. G. (2021) ‘Flourishing systems: re-envisioning 

infrastructure as a platform for human flourishing’, Proceedings of the Institution of Civil 

Engineers - Smart Infrastructure and Construction. Thomas Telford Ltd., pp. 1–9. doi: 

10.1680/jsmic.20.00023. 

Schultze, E. and Sherif, G. (1973) ‘Prediction of settlements from evaluated settlement 

observations for sand’, in 8th International Conference on Soil Mechanics and 

Foundation Engineering (Moscow). Moscow, Russia, pp. 225–230. 

Sen, D. et al. (2019) ‘Data-driven semi-supervised and supervised learning algorithms for 

health monitoring of pipes’, Mechanical Systems and Signal Processing. Academic Press, 

131, pp. 524–537. doi: 10.1016/j.ymssp.2019.06.003. 

Shahin, M., Jaksa, M. and Maier, H. (2001) ‘Artificial Neural Network Applications in 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    222 

Geotechnical Engineering’, Australian Geomechanics, 36, pp. 49–62. 

Shalev-Shwartz, S. and Ben-David, S. (2014) Understanding Machine Learning: From 

Theory to Algorithms. Cambridge: Cambridge University Press. doi: DOI: 

10.1017/CBO9781107298019. 

Shang, Q. et al. (2016) ‘Short-term traffic flow prediction model using particle swarm 

optimization–based combined kernel function-least squares support vector machine 

combined with chaos theory’, Advances in Mechanical Engineering. SAGE Publications 

Inc., 8(8), p. 168781401666465. doi: 10.1177/1687814016664654. 

Shao, Y. et al. (2019) ‘Time-Series-Based Leakage Detection Using Multiple Pressure 

Sensors in Water Distribution Systems’, Sensors. MDPI AG, 19(14), p. 3070. doi: 

10.3390/s19143070. 

Sharma, S. et al. (2021) ‘A survey on applications of artificial intelligence for pre-

parametric project cost and soil shear-strength estimation in construction and 

geotechnical engineering’, Sensors (Switzerland). MDPI AG, pp. 1–44. doi: 

10.3390/s21020463. 

Shi, G. et al. (2019) ‘Early soil consolidation from magnetic extensometers and full 

resolution SAR interferometry over highly decorrelated reclaimed lands’, Remote Sensing 

of Environment. Elsevier Inc., 231, p. 111231. doi: 10.1016/j.rse.2019.111231. 

Shillaber, C. M., Mitchell, J. K. and Dove, J. E. (2016a) ‘Energy and Carbon Assessment 

of Ground Improvement Works. I: Definitions and Background’, Journal of Geotechnical 

and Geoenvironmental Engineering. American Society of Civil Engineers (ASCE), 

142(3), p. 04015083. Available at: 

http://ascelibrary.org/doi/10.1061/%28ASCE%29GT.1943-5606.0001410 (Accessed: 10 

May 2020). 

Shillaber, C. M., Mitchell, J. K. and Dove, J. E. (2016b) ‘Energy and Carbon Assessment 

of Ground Improvement Works. II: Working Model and Example’, Journal of 

Geotechnical and Geoenvironmental Engineering. American Society of Civil Engineers 

(ASCE), 142(3), p. 04015084. Available at: 

http://ascelibrary.org/doi/10.1061/%28ASCE%29GT.1943-5606.0001411 (Accessed: 10 

May 2020). 

Shin, H. S. (2001) Neural network based constitutive models for finite element analysis. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    223 

University of Wales Swansea, UK. 

Sigtryggsdóttir, F. G., Snæbjörnsson, J. T. and Grande, L. (2018) ‘Statistical Model for 

Dam-Settlement Prediction and Structural-Health Assessment’, Journal of Geotechnical 

and Geoenvironmental Engineering. American Society of Civil Engineers (ASCE), 

144(9), p. 04018059. doi: 10.1061/(ASCE)GT.1943-5606.0001916. 

Singh, D. and Reddy, C. K. (2015) ‘A survey on platforms for big data analytics’, Journal 

of Big Data. Springer International Publishing, 2(1), p. 8. doi: 10.1186/s40537-014-0008-

6. 

Sirca, G. F. and Adeli, H. (2012) ‘System identification in structural engineering’, 

Scientia Iranica. No longer published by Elsevier, pp. 1355–1364. doi: 

10.1016/j.scient.2012.09.002. 

Site | COSMOS-UK (2021). Available at: https://cosmos.ceh.ac.uk/sites/COCLP 

(Accessed: 12 January 2022). 

Smarsly, K., Hartmann, D. and Law, K. H. (2013) ‘An integrated monitoring system for 

life-cycle management of wind turbines’, Smart Structures and Systems, 12(2), pp. 209–

233. doi: 10.12989/sss.2013.12.2.209. 

Smith, C. (2020) ‘Repairs to A86 embankment to get underway this week | New Civil 

Engineer’, New Civil Engineer. Available at: 

https://www.newcivilengineer.com/latest/repairs-to-a86-embankment-to-get-underway-

this-week-04-05-2020/ (Accessed: 18 August 2021). 

Smith, I. (2014) Smith’s elements of soil mechanics, 9th ed. Chichester: Wiley-Blackwell. 

Soibelman, L. et al. (2008) ‘Management and analysis of unstructured construction data 

types’, Advanced Engineering Informatics, 22(1), pp. 15–27. doi: 

https://doi.org/10.1016/j.aei.2007.08.011. 

Standard Piezometers | GEOKON (2021). Available at: 

https://www.geokon.com/content/manuals/4500/index.html#t=topics%2F04_installation

.htm (Accessed: 11 August 2021). 

Stark, T. D., Ricciardi, P. J. and Sisk, R. D. (2020) ‘Highway Embankment Failure on 

Soft Clay: Bad Input = Bad Output’, GeoStrata Magazine Archive. American Society of 

Civil Engineers, 24(3), pp. 40–47. doi: 10.1061/GEOSEK.0000076. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    224 

Steinberg, M. D., Tkalčec, B. and Steinberg, I. M. (2016) ‘Towards a passive contactless 

sensor for monitoring resistivity in porous materials’, Sensors and Actuators B: 

Chemical. Elsevier, 234, pp. 294–299. doi: 10.1016/J.SNB.2016.04.169. 

Stirling, R. A. et al. (2020) ‘Weather-driven deterioration processes affecting the 

performance of embankment slopes’, Géotechnique. Thomas Telford Ltd., pp. 1–13. doi: 

10.1680/jgeot.19.sip.038. 

Stocks, C. (2020) ‘Should dam inspections become more periodic?’, NS Energy . 

Available at: https://www.nsenergybusiness.com/features/dam-inspection-periodic/ 

(Accessed: 12 February 2022). 

Sullivan, J. (2013) The walls have ears: Princeton researchers develop walls that can 

listen, and talk, Office of Engineering Communications (Princeton University). 

Sun, H. et al. (2003) ‘Use of Local Linear Regression Model for Short-Term Traffic 

Forecasting’, Transportation Research Record: Journal of the Transportation Research 

Board. National Research Council, 1836(1), pp. 143–150. doi: 10.3141/1836-18. 

Sung, Y.-C. and Chen, C.-C. (2019) ‘Z-Transferred Discrete-Time Infinite Impulse 

Response Filter as Foundation–Soil Impedance Function for SDOF Dynamic Structural 

Response Considering Soil–Structure Interaction’, Earthquake Spectra. Earthquake 

Engineering Research Institute, 35(2), pp. 1003–1022. doi: 10.1193/110117EQS225EP. 

Swider, A. and Pedersen, E. (2019) ‘Comparison of delayless digital filtering algorithms 

and their application to multi-sensor signal processing’, Transactions of the Institute of 

Measurement and Control. SAGE Publications Ltd, 41(8), pp. 2338–2351. doi: 

10.1177/0142331218799148. 

Tan, S.-A. and Chew, S.-H. (1996) ‘Comparison of the Hyperbolic and Asaoka 

Observational Method of Monitoring Consolidation with Vertical Drains’, Soils and 

Foundations. Elsevier BV, 36(3), pp. 31–42. doi: 10.3208/sandf.36.3_31. 

Terzaghi, K., Peck, R. B. and Mesri, G. (1996) Soil Mechanics in Engineering Practice. 

3rd Editio. John Wiley & Sons. 

Thapa, S. et al. (2020) ‘Snowmelt-Driven Streamflow Prediction Using Machine 

Learning Techniques (LSTM, NARX, GPR, and SVR)’, Water . doi: 

10.3390/w12061734. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    225 

Tien Bui, D., Nhu, V.-H. and Hoang, N.-D. (2018) ‘Prediction of soil compression 

coefficient for urban housing project using novel integration machine learning approach 

of swarm intelligence and Multi-layer Perceptron Neural Network’, Advanced 

Engineering Informatics. Elsevier, 38, pp. 593–604. doi: 10.1016/J.AEI.2018.09.005. 

Tiwari, K. A., Raisutis, R. and Samaitis, V. (2017) ‘Signal processing methods to improve 

the Signal-to-noise ratio (SNR) in ultrasonic non-destructive testing of wind turbine 

blade’, Procedia Structural Integrity, 5, pp. 1184–1191. doi: 

https://doi.org/10.1016/j.prostr.2017.07.036. 

Tomlinson, M. J. and Boorman, R. (2001) Foundation Design and Construction. 7th edn. 

Essex: Pearson Education Limited. Available at: 

https://www.pearson.com/uk/educators/higher-education-

educators/program/Tomlinson-Foundation-Design-and-Construction-7th-

Edition/PGM521364.html?tab=contents. 

Tschuchnigg, F. and Schweiger, H. F. (2018) ‘Embankment prediction and back analysis 

by means of 2D and 3D finite element analyses’, Computers and Geotechnics. Elsevier 

Ltd, 93, pp. 104–114. doi: 10.1016/j.compgeo.2017.05.012. 

Tseranidis, S., Brown, N. C. and Mueller, C. T. (2016) ‘Data-driven approximation 

algorithms for rapid performance evaluation and optimization of civil structures’, 

Automation in Construction. Elsevier, 72, pp. 279–293. doi: 

10.1016/J.AUTCON.2016.02.002. 

UK and regional series - Met Office (2021). Available at: 

https://www.metoffice.gov.uk/research/climate/maps-and-data/uk-and-regional-series 

(Accessed: 5 May 2021). 

Urzua, A., Ladd, C. C. and Christian, J. T. (2016) ‘New Approach to Analysis of 

Consolidation Data at Early Times’, Journal of Geotechnical and Geoenvironmental 

Engineering. American Society of Civil Engineers (ASCE), 142(10), p. 06016009. doi: 

10.1061/(asce)gt.1943-5606.0001523. 

Vardanega, P. J. and Bolton, M. D. (2011) ‘Predicting shear strength mobilization of 

London clay’, in Proceedings of the 15th European Conference on Soil Mechanics and 

Geotechnical Engineering. IOS Press, pp. 487–492. doi: 10.3233/978-1-60750-801-4-

487. 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    226 

Vertical Drains (2021) Cofra Ltd. Available at: 

https://cofra.com/solutions/consolidation/vertical-drains.html. 

Vitola, J. et al. (2017) ‘A Sensor Data Fusion System Based on k-Nearest Neighbor 

Pattern Classification for Structural Health Monitoring Applications’, Sensors. MDPI 

AG, 17(2), p. 417. doi: 10.3390/s17020417. 

W9 Vibrating Wire Piezometer - Soil Instruments (2015). Available at: 

https://soilinstruments.com/products/water-monitors-piezometers-meters/vibrating-

wire-piezometer/ (Accessed: 10 March 2020). 

Wan, H.-P. and Ni, Y.-Q. (2018) ‘Bayesian Modeling Approach for Forecast of Structural 

Stress Response Using Structural Health Monitoring Data’, Journal of Structural 

Engineering. American Society of Civil Engineers (ASCE), 144(9), p. 04018130. doi: 

10.1061/(ASCE)ST.1943-541X.0002085. 

Wang, L., Chen, F. and Yin, H. (2016) ‘Detecting and tracking vehicles in traffic by 

unmanned aerial vehicles’, Automation in Construction. Elsevier B.V., 72, pp. 294–308. 

doi: 10.1016/j.autcon.2016.05.008. 

Wang, S. et al. (2020) ‘Two spatial association–considered mathematical models for 

diagnosing the long-term balanced relationship and short-term fluctuation of the 

deformation behaviour of high concrete arch dams’, Structural Health Monitoring. SAGE 

Publications Ltd, 19(5), pp. 1421–1439. doi: 10.1177/1475921719884861. 

Wang, T. et al. (2018) ‘Big Data Reduction for a Smart City’s Critical Infrastructural 

Health Monitoring’, IEEE Communications Magazine. Institute of Electrical and 

Electronics Engineers Inc., 56(3), pp. 128–133. doi: 10.1109/MCOM.2018.1700303. 

Wang, X. et al. (2018) ‘Short-term prediction of groundwater level using improved 

random forest regression with a combination of random features’, Applied Water Science. 

Springer Science and Business Media LLC, 8(5), p. 125. doi: 10.1007/s13201-018-0742-

6. 

Wang, X. and Wang, C. (2020) ‘Time Series Data Cleaning: A Survey’, IEEE Access. 

Institute of Electrical and Electronics Engineers Inc., 8, pp. 1866–1881. doi: 

10.1109/ACCESS.2019.2962152. 

Wang, Y. et al. (2020) ‘Short Term Traffic Flow Prediction of Urban Road Using Time 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    227 

Varying Filtering Based Empirical Mode Decomposition’, Applied Sciences. MDPI AG, 

10(6), p. 2038. doi: 10.3390/app10062038. 

Wei, X. et al. (2021) ‘Machine learning for pore-water pressure time-series prediction: 

Application of recurrent neural networks’, Geoscience Frontiers. Elsevier B.V., 12(1), 

pp. 453–467. doi: 10.1016/j.gsf.2020.04.011. 

What is Smart Infrastructure? | Cambridge Centre for Smart Infrastructure and 

Construction (2021). Available at: https://www-

smartinfrastructure.eng.cam.ac.uk/system/files/documents/the-smart-infrastructure-

paper.pdf (Accessed: 16 August 2021). 

Wong, K.-Y. (2007) ‘Design of a structural health monitoring system for long-span 

bridges’, Structure and Infrastructure Engineering, 3(2), pp. 169–185. doi: 

10.1080/15732470600591117. 

Wood, D. M. (2004) Geotechnical Modelling. 1st Editio. London: CRC Press. doi: 

https://doi.org/10.1201/9781315273556. 

Woodhead, R., Stephenson, P. and Morrey, D. (2018) ‘Digital construction: From point 

solutions to IoT ecosystem’, Automation in Construction, 93, pp. 35–46. doi: 

https://doi.org/10.1016/j.autcon.2018.05.004. 

Worldsensing (2020) Geotechnical monitoring of the Eppenberg Tunnel. Available at: 

https://www.worldsensing.com/wp-content/uploads/2020/11/Success-Story-

Geotechnical-monitoring-of-the-Eppenberg-Tunnel-as-of-Jan-5-2022.pdf. 

Wunsch, A., Liesch, T. and Broda, S. (2018) ‘Forecasting groundwater levels using 

nonlinear autoregressive networks with exogenous input (NARX)’, Journal of 

Hydrology. Elsevier, 567, pp. 743–758. doi: 10.1016/J.JHYDROL.2018.01.045. 

Xie, J. et al. (2020) ‘Systematic Literature Review on Data-Driven Models for Predictive 

Maintenance of Railway Track: Implications in Geotechnical Engineering’, Geosciences. 

MDPI AG, 10(11), p. 425. doi: 10.3390/geosciences10110425. 

Yang, S. et al. (2020) ‘Real Time Measurement of Subgrade Settlement in High Speed 

Railways with a Resolution of 0.25 mm Using a Laser Imaging Method.’, Lasers in 

Engineering (Old City Publishing), 45(1–3), pp. 1–14. Available at: 

https://www.oldcitypublishing.com/journals/lie-home/lie-issue-contents/lie-volume-45-



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    228 

number-1-3-2020/lie-45-1-3-p-1-14/ (Accessed: 8 November 2020). 

Yang, X. et al. (2020) ‘Evaluation of Short-Term Freeway Speed Prediction Based on 

Periodic Analysis Using Statistical Models and Machine Learning Models’, Journal of 

Advanced Transportation. Hindawi Limited, 2020. doi: 10.1155/2020/9628957. 

Yang, X. S. (2019) Introduction to algorithms for data mining and machine learning, 

Introduction to Algorithms for Data Mining and Machine Learning. Elsevier. doi: 

10.1016/C2018-0-02034-4. 

Yaqoob, I. et al. (2016) ‘Big data: From beginning to future’, International Journal of 

Information Management. Pergamon, 36(6), pp. 1231–1247. doi: 

10.1016/J.IJINFOMGT.2016.07.009. 

Ying, Y. et al. (2013) ‘Toward data-driven structural health monitoring: Application of 

machine learning and signal processing to damage detection’, in Journal of Computing 

in Civil Engineering, pp. 667–680. doi: 10.1061/(ASCE)CP.1943-5487.0000258. 

Yousefpour, N. and Fallah, S. (2018) ‘Application of Machine Learning in Geotechnics’. 

Available at: 

https://www.researchgate.net/publication/327338485_Application_of_Machine_Learnin

g_in_Geotechnics. 

Yu, F. et al. (2020) ‘Stability Control of Staged Filling Construction on Soft Subsoil 

Using Hyperbolic Settlement Prediction Method: A Case Study of a Tidal Flat in China’, 

Advances in Civil Engineering, 2020, pp. 1–11. doi: 10.1155/2020/8899843. 

Yu, Z. et al. (2021) ‘Desiccation cracking at field scale on a vegetated infrastructure 

embankment’, Geotechnique Letters. ICE Publishing, 11(1), pp. 88–95. doi: 

10.1680/jgele.20.00108. 

Zhang, W. et al. (2021) ‘Application of deep learning algorithms in geotechnical 

engineering: a short critical review’, Artificial Intelligence Review. Springer Science and 

Business Media B.V., pp. 1–41. doi: 10.1007/s10462-021-09967-1. 

Zhao, L. et al. (2019) ‘Transfer Function Analysis: Modelling Residential Building Costs 

in New Zealand by Including the Influences of House Price and Work Volume’, 

Buildings. MDPI AG, 9(6), p. 152. doi: 10.3390/buildings9060152. 

Zheng, D. et al. (2018) ‘Embankment prediction using testing data and monitored 



References 

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    229 

behaviour: A Bayesian updating approach’, Computers and Geotechnics. Elsevier Ltd, 

93, pp. 150–162. doi: 10.1016/j.compgeo.2017.05.003. 

Zheng, Y. et al. (2020) ‘Review of fiber optic sensors in geotechnical health monitoring’, 

Optical Fiber Technology. Academic Press Inc., 54, p. 102127. doi: 

10.1016/j.yofte.2019.102127. 

Zhou, T. et al. (2020) ‘Research on the long-term and short-term forecasts of navigable 

river’s water-level fluctuation based on the adaptive multilayer perceptron’, Journal of 

Hydrology. Elsevier B.V., p. 125285. doi: 10.1016/j.jhydrol.2020.125285. 

 

 



Appendices  

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    230 

Appendix A: Supplementary literature review  

A.1 Studies on disruptive digital technologies in civil engineering 

A.1.1 Overview of studies on sensor networks 

Civil engineering researchers are interested in the application of sensor networks 

in CEIs due to the advancement of technologies and their versatility. The wide availability 

of small and powerful devices, along with well-established internet connectivity make 

data collection very easy in a wide variety of environments. There is much ongoing 

research regarding the appropriate installation (i.e. density and configuration) and 

application of sensors, along with the durability and efficiency of different sensor types 

to ensure that valuable information is recorded. Furthermore, qualitative and quantitative 

studies have been undertaken to inform the most appropriate power supplies, methods of 

data acquisition, storage and communication for sensor networks (Naser and Kodur, 

2018). A summary of numerous pertinent research studies is presented in Table A.1.  

 

Table A.1: Studies on the application of different sensor types for collecting essential data in 

CEIs. 

Application Data collection approach Reference 

Enhancement of traffic monitoring 

and control systems in urban regions 

using traffic data 

Unmanned aerial vehicles 

(UAV) / Drones 

Wang, Chen and Yin 

(2016)  

Identification of reusable structural 

steel members; their parameters were 

imported into BIM to check their 

feasibility for use in the new design 

RFID, stress sensor Ness et al. (2015) 
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Application Data collection approach Reference 

Identification of anomalies in 

structural behaviour in case of any 

disaster, such as fire or earthquake 

Bio sensors, 

thermocouple, strain 

gauges  

Naser and Kodur 

(2018) 

Tracking of leakage in water 

pipelines  

Force sensitive resistor 

(FSR) sensors 

Sadeghioon et al. 

(2014) 

Monitoring of building environment, 

temperature, humidity and CO2 

levels inside the building  

Thermocouples, current 

transformers, flow meters, 

luminosity sensors 

Martín-Garín et al. 

(2018) 

General SHM for bridges 

WSN comprising multiple 

sensors such as 

accelerometer, laser 

doppler vibrometer, 

anemometer   

Liang et al. (2018) 

Collection of structural data from 

large area instead of isolated spots  

Ultrathin radio in plastic 

sheets, developed by 

Princeton University 

(USA)  

Sullivan (2013) 

Detection of damage in piles (due to 

partial mud intrusion, secondary 

pouring interface, circumferential 

cracks and full mud intrusion) and 

surface cracks in concrete  

(Figure A.1(a)) 

Embedded smart 

aggregates (SA) or ‘self-

sensing’ materials made of 

piezo-ceramic material  

Han et al. (2015); Feng, 

Kong and Song (2016); 

Feng et al. (2018) 

Assessment of material 

characteristics of porous materials 

such as soil and concrete to estimate 

the probability of steel reinforcement 

corrosion  

(Figure A.1(b)) 

Electrical resistivity (ER) 

sensor with Radio-

frequency identification 

(RFID) readers 

Steinberg, Tkalčec and 

Steinberg (2016)  
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Figure A.1: Sensor based studies for collecting geotechnical data (a) embedded smart aggregate 

(SA) (Feng, Kong and Song, 2016) (b) electrical resistivity (ER) sensing system (Steinberg, 

Tkalčec and Steinberg, 2016). 

A.1.2 Overview of studies on the application of data analysis  

The application of data analysis in future civil engineering projects has been 

proposed by many researchers. Kobayashi and Kaito (2017) discussed the importance of 

characterising deterioration in built infrastructure, along with the timing and methods for 

any repair work to ensure appropriate asset management. By using statistical methods, 

Kobayashi and Kaito (2017) demonstrated the assessment of structural soundness and 

planning of appropriate maintenance schedule. Sánchez-Silva et al. (2016) also reviewed 

theories and concepts helpful for planning the maintenance and operation of CEI by 

determining structural performance though data-driven modelling. A number of research 

studies on the application of data analysis are summarised in the Table A.2. 
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Table A.2: Studies on the application of different data analysis approaches to solve CEIs 

problems. 

Application Data analysis approach Reference 

Prediction of time dependent stress of 

high-rise building (hourly stress data 

was collected to predict one to three 

stepped stresses in the future) 

Bayesian modelling 

through Gaussian process  
Wan and Ni (2018) 

Prediction of long-term settlement 

(32.5 years) of a concrete-faced 

rockfill dam (using variables: water 

head, current stress and maximum 

stress experienced in the past, and 

number of days)  

Multivariate linear 

regression - on 

approximately 9 years of 

data (4.5 years – training, 

plus 5 years – validation) 

Sigtryggsdóttir, 

Snæbjörnsson  

and Grande (2018) 

Detection of potholes on roads 

(image recognition modelling using 

200 images) 

Artificial neural network 

(ANN) and least square 

support vector machine 

(LS-SVM) – 80% for 

training and 20% for 

testing, randomly selected 

in 20 different times 

Hoang, Nguyen  

and Tran (2018)  

Classification of beam column joints 

into two different failure modes and 

estimation of shear strength of those 

joints 

K-nearest neighbour and 

lasso logistic regression 

Mangalathu and Jeon 

(2018) 

Development of an equation for creep 

compliance of concrete (using five 

input variables, including concrete 

compressive strength, volume-to-

surface ratio)  

Multi-objective genetic 

programming (GP)  
Gandomi et al. (2016) 

Exploration and evaluation of many 

design solutions in shorter periods of 

time, while focussing on structural 

integrity and energy efficiency (using 

data-driven approximation approach, 

termed as ‘surrogate modelling’)  

ANN, Kriging, random 

forests (RF) and radial 

basis function networks 

exact (RBFNE) 

Tseranidis, Brown  

and Mueller (2016)  

Determination of the life-cycle cost, 

i.e. the estimation of maintenance 

Regression and hazard 

models and Markov chain 

Kobayashi and Kaito 

(2017) 
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Application Data analysis approach Reference 

cost and a decision of time for its 

investment 

Monte Carlo Bayesian 

statistics  

Prediction of strain in real-time (one-

step ahead strain for one sensor by 

using past values of other sensors) 

Novel statistical model 

(based on adaptive linear 

models including 

maximum likelihood and 

least-squares for the 

estimation of unknown 

parameters) 

Din-Houn Lau et al. 

(2018) 

  

A.2 Case studies: data-driven approaches in geotechnical engineering 

A.2.1 Retaining walls 

To date, the applications of data analytics for retaining wall construction have 

chiefly been restricted to their design stage. Ghaleini et al. (2018) argued that evaluation 

of the Factor of Safety based on conventional theories such as Coulomb and Terzaghi’s 

wedge theory may not always be appropriate for designing retaining structures. 

Therefore, Ghaleini et al. (2018) suggested the use of AI models to predict Factor of 

Safety. They demonstrated the use of ANN integrated with artificial bee colony (ABC) 

to optimise hidden layers (i.e. intermediate layer between input and output for 

computation) of the ANN model. The model was developed by using a dataset comprising 

2,800 data points for stone masonry retaining walls, which contained numerous 

independent (i.e. predictor) variables (e.g. wall height, wall thickness, friction angle, soil 

density and stone cement mixture density) and a dependent (i.e. response) variable – 

namely the safety factor. The dataset was generated by GeoStudio software by developing 

parametric models with a different range of input parameters to determine their respective 

safety factors.  

Koopialipoor et al. (2019) and Gordan et al. (2018) also developed an ANN model 

to predict the Factor of Safety in a similar manner as Ghaleini et al. (2018). In addition, 
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they presented an optimised retaining wall design by considering different scenarios, 

whereby one of the input parameters (such as wall height, soil mass, stone cement mixture 

density) was varied in the ANN model to find their optimised values. Ant colony 

optimisation (ACO) and ABC optimisation methods were used to find optimum design 

parameters to maximise the Factor of Safety. These studies successfully demonstrated the 

use of data analysis methods for retaining walls. However, it should be noted that the data 

were not collected from real sites but generated using parametric models.  

A.2.2 Foundations 

Rezania and Javadi (2007) predicted the settlement of shallow foundations on a 

cohesionless soil using the Genetic Programming (GP) approach. The database, produced 

using seven different SPT based case studies, comprised 173 datapoints characterised by 

footing dimensions, net applied stresses on the foundation and SPT input variables. The 

dataset was divided into several random training (141 out of 173) and validation (32 out 

of 173) sets to develop a predictive model. The model was compared with ANN and other 

methods presented in the literature (such as Meyerhof (1965), Schultze and Sherif 

(1973)). Rezania and Javadi (2007) justified this approach by stating that the settlement 

of foundations on cohensionless soils is a complex process, whereby uncertainities in 

heterogeneous soils make its determination very difficult for shallow foundation design. 

Traditional calculation methods (e.g. Meyerhof and Brinch Hansen) do not fully capture 

the field behaviour as they make simplfied assumptions. Moreover, Rezania and Javadi 

(2007) advocated GP over ANN since the latter was a ‘black-box’ model and could have 

a very complicated network structure. A simple polynomial equation was therefore 

developed for calculating foundation settlement as a function of input variables using GP. 

Tien Bui, Nhu and Hoang (2018) proposed the use of ML predictive models to 

determine compression coefficient of soil/soil compressibility (𝐶𝑐) by using a dataset 

consisting of 154 soil samples collected from geotechnical site investigation for high-rise 

construction projects in Hanoi, Vietnam. 𝐶𝑐 is an important parameter since it is widely 

used to estimate soil settlement (particularly for fine-grained soils) beneath various 

geotechnical structures, such as foundations, embankments and retaining walls. Tien Bui, 

Nhu and Hoang (2018) used a hybrid predictive model by combining multi-layer 
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perceptron (MLP), neural network and particle swarm optimisation (PSO); whereby 12 

predictor variables were considered (after normalising by z-transformation method): 

depth of sample, sand content, loam content, clay content, moisture content, wet density, 

dry density, void ratio, liquid limit, plastic limit, plasticity index, liquidity index. The 

performance of the proposed model were also compared with other widely used methods, 

including backpropogation neural network, RBFNN, SVR, random forest, Gaussian 

process using RMSE, MAE and R2 metrics. Based on the metrics, the proposed method 

produced good results compared with other methods. These modelling methods would 

help in assisting engineers during the design stage of construction projects. Since this 

study only used soil sample from building project site, the researchers recommended that 

the proposed model be validated for other linear pieces of CEI  (e.g. roads and railways) 

where variations of soil characteristics are more prominent.  

A.2.3 Tunnels 

Huang et al. (2017) developed a predictive model for long-term and short-term 

time-dependent deformation of a tunnel lining post-construction in Shanghai soft clay by 

using autoregression techniques. Findings from a ground investigation suggested that the 

clay would experience a long period of time-dependent consolidation and creep, since it 

was characterised by a high water content, low shear stiffness and low 𝑐𝑢. Hence, tunnel 

deformation after construction was considered to be inevitable. Cross-sectional horizontal 

convergence data was collected over a 1-year period post tunnel construction using total 

stations. This parameter was selected since it was easier to measure when the tunnel was 

in operation and could indicate issues with tunnel joints (e.g. opening or dislocation) or 

segment settlement. Initially, data was collected once every three days, and then once per 

week beyond 50 days, therefore generating a dataset comprising 45 data points. For short-

term prediction of mean deformation, this was calculated based on the horizontal 

convergence data. Therefore, there were 34 data points considered: 30 of which were used 

to develop an autoregressive integrated moving average (ARIMA) model, with the 

remaining 4 data points used for model validation. The weekly data measurement regime 

was extended to bi-weekly data collection and prediction, as it was found that a 

monitoring frequency of twice a month was optimal for short-term monitoring and 
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prediction in real time. Huang et al. (2017) highlighted that the limitation of their study 

was purely based on the small dataset available, and that any conclusions drawn were 

only applicable to the tunnel considered and should not be widely adopted for tunnels in 

different locations.  

Freitag et al. (2018) discussed real-time prediction of surface settlement during 

tunnelling progress by using surrogate models to keep a check on settlement induced due 

to tunnelling and accordingly decide on the steering of tunnel boring machine (TBM).  

RNN method was used to develop the model with geotechnical parameters (e.g. young’s 

modulus, friction angle, cohesion) and process parameters (e.g. face support pressure, 

grouting pressure and advancement rate) as inputs and settlement as output. Based on 

comparison of computational time, it was found that the time to predict settlement using 

surrogate models only took seconds (4 sec) as compared to FE simulation which took 

hours (1.5 hours). Therefore, the model was recommended for fast estimation of soil 

behaviour during tunnelling process. The predictions had low errors and was appropriate 

to implement in practical applications. However, it was identified that an increase in 

training samples including more accurate geotechnical parameter data would be required 

to further improve prediction accuracy.   

Zhang et al. (2021) also reviewed of DL methods (such as CNN, RNN, LSTM, 

FNN) applied to tunnels such as crack and leakage detection and classification of tunnel 

lining defects using image data. The methods were also used during tunnel construction, 

such as the prediction of TBM penetration rate and their operating parameters. In their 

systematic review, Zhang et al. (2021) identified that tunnel construction was the most 

widely used case study among other geotechnical structures for DL applications. 

However, it was recognised that there was a limitation of data collection and 

implementation of advanced technologies would be required to generate big data for 

extensive use of these data-driven methods in ground engineering. 

A.3 Geotechnical monitoring instrumentation 

Instrumentation in civil engineering projects is generally installed to check the on-

site behaviour of assets, confirm the behaviour anticipated by the designers, and to 

identify any unexpected behaviour (Din-Houn Lau et al., 2018). Various networks of 
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instrumentation supply a variety of datasets for studying the behaviour of structures 

during the construction and operational phases through data-driven approaches (John et 

al., 2012). Furthermore, instrumentation can be beneficial in ensuring that adjacent 

structures are not adversely affected by the new construction activities, and provides 

advance warning of any impending damage or failure (Golser and Steiner, 2021).  

Table A.3 summarises geotechnical instruments and monitoring equipment that 

are commonly found in industrial use. Measurement data from such instruments can be 

collected in numerous ways: (i) manually by site engineers, (ii) digital data logger with 

manual data download, and (iii) digital data logger with remote access. Data loggers log 

data in their memory, whereby the data can either be downloaded periodically or it can 

be transmitted offsite via wired or wireless (e.g. 4G, Bluetooth, satellite links) 

communication systems to enable remote monitoring of the site. When the location of 

instruments is easily accessible, the readings tend to be recorded manually (John et al., 

2012). 

 

Table A.3: Summary of industrial geotechnical instrumentation and monitoring equipment 

(Dunnicliff, 2012; Batenipour et al., 2014; Golser and Steiner, 2021). 

Measured data Instrumentation 

Vertical displacement (e.g. 

settlement/heave) 

Extensometers (fixed borehole, magnetic/reed probe, 

fibre optic) 

Liquid level gauges 

Settlement platforms 

Horizontal displacement 

Inclinometer (probe, in-place) 

Deflectometer 

Tiltmeter 

Horizontal and vertical 

deformation 

Time domain reflectometry (TDR) 

Crack gauges 

Convergence gauges (tape extensometer) 

Total station 

Levelling instrument 
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Measured data Instrumentation 

Electronic distance meter 

Laser scanner 

Global positioning system (GPS) 

Differential GPS 

Radar interferometry (InSAR, terrestrial or satellite) 

Groundwater pressure (e.g. pore 

water pressure) 

Piezometers (open standpipe, vibrating wire, 

pneumatic, twin-tube hydraulic, flushable, fibre optic) 

Observation wells 

Stress, Load and Strain 

Acoustic emission (AE) 

Load cells (earth pressure, anchor, embedment, 

contact) 

Strain gauges (surface mounted, embedment) 

Stress/strain cell 

Temperature 

Thermistors 

Integrated temperature circuits 

Thermocouple 

Barometric pressure Barometer 

 

 Extensometers and piezometers are chiefly used to monitor settlement and pore 

water pressures within foundation soils beneath embankments during their construction. 

These can be used to compare predicted and observed consolidation, and whether fill 

levels have been over or underestimated (i.e. determination of adequate consolidation at 

each fill level stages to make decision on hold period and quantity of fill level). These 

instruments have been used by Zheng et al. (2018) to study the long-term settlement 

behaviour in soft ground during embankment construction (i.e. 496 days of soil settlement 

to predict settlement up to 974 days). The Zheng et al. (2018) study was motivated by the 

observation made for the majority of embankment structures in New South Wales, 

Australia, where the soft foundation soil in the region had generally shown higher 

settlement during and after the construction than expected, based on field and laboratory 
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tests. The consequence of this was an increase in the cost of “surcharge, stripping and 

spoiling during construction” and maintenance post-construction. 

A.3.1 Magnetic extensometers 

Magnetic extensometers (ME) are used to measure vertical strain of the soil layers 

with respect to the base magnet, which allow estimation of settlement for the embankment 

foundation. The instrument consists of a base magnet, a series of settlement targets called 

‘spiders’ and ‘plate magnets’. The base magnet is usually placed within a stiff soil (or 

rock) stratum, which is unlikely to be affected by the embankment construction and would 

show negligible settlement. The spiders are installed within the walls of borehole in 

compressible soil layers of interest. Readings are taken manually by lowering a magnetic 

probe down the borehole. These probes have a sensor and are attached to a measuring 

tape with an audio and visual indicator. When their position coincides with the positions 

of the ‘spiders’ and ‘plate magnets’ inside the borehole, sensor activates a buzzer and 

light emitting diode (Dunnicliff, 2012). The different components of MEs and their 

installation are illustrated in Figures A.2 and A.3, respectively. 

 

 

Figure A.2: Components of magnetic extensometer (Magnetic Probe Extensometer - Soil 

Instruments, 2013). 
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Figure A.3: Installation of ME and measurement; after (Dunnicliff, 2012; Extensometer: Types, 

How It Works, Applications, 2020). 

 

A.3.2 Vibrating wire piezometers 

Vibrating wire piezometers (VWP) are widely used for monitoring groundwater 

pressures during and after embankment construction, since they are easy to install, use 

and interpret. Moreover, their installation does not interfere with construction activities 

and data can be collected either manually by a site engineer or via wireless transmission 

(e.g. Bluetooth and 4G). VWPs comprise a vibrating wire pressure transducer connected 

to a data logger by a cable. The transducer has diaphragm attached to a sensing wire. 

When pore water pressure acts on the diaphragm, it deflects and induces tension in the 

wire. The level of tension changes with pore water pressures, which results in variation 

in the frequency of vibration (Dunnicliff, 2012). Through appropriate calibration, such 

changes in frequencies can be used to calculate pore water pressure (Soil Instruments, 
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2015). An illustration of VWP components and their method of installation are shown in 

the Figure A.4. 

 

 

Figure A.4: Installation of VWP and measurement; after (Dunnicliff, 2012; Piezometers — 

Geotechnical Observations, 2019; Standard Piezometers | GEOKON, 2021). 

 

A.3.3 Advanced instrumentation for settlement  

The use of fibre optic sensors to develop high-resolution extensometers have been 

demonstrated as an alternative to conventional MEs to monitor soil settlement. Zheng et 

al. (2020) reviewed the use of two popular fibre optic sensors (FOS): fibre Bragg grating 

(FBG) and bend loss-based fibre optic sensors for geotechnical monitoring such as strain 

distribution of piles and soil nails, ground settlement, soil deformation and landslides. 

These sensors possess the capability of monitoring soil settlement in real-time. 

Maheshwari et al. (2019) demonstrated the feasibility of FBG fibre optic based MEs for 

measuring high resolution data. However, FBGs can be expensive. Hong et al. (2017) 
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recommended a cheaper alternative to FBGs for monitoring soil settlement by using 

distributed optical fibre sensors (DOFS). The key benefit of using DOFS is that unlike 

conventional MEs whose spider probes are installed in a few select soil layers, DOFS can 

be used to monitor settlement over the full depth of the soil profile (Puzrin, Iten and 

Fischli, 2019). Figure A.5 shows different configurations of fibre optics used in research 

studies to monitor soil settlement.  

 

 

 

Figure A.5: Different types of fibre optics based sensing system to monitor soil settlement: (a) 

FBG sensors reviewed by (Zheng et al., 2020) – (1) developed by (Maheshwari et al., 2019) (b) 

placement of DOFS embedded with geotextiles to monitor settlement in embankments 

presented by (Hong et al., 2017). 

 

Another low-cost method for improved soil settlement monitoring and prediction 

was demonstrated by Shi et al. (2019), who combined the InSAR (Interferometric 

Synthetic Aperture Radar) technique with MEs. Recently, laser imaging has been utilised 

to develop a new system for measuring in-situ soil settlement, whose resolution can be 

approximately 0.25 mm (S. Yang et al., 2020). These newly improved monitoring 
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systems allow collection of higher quality of data in real-time, to enable better real-time 

predictions and are therefore recommended for deployment in monitoring the settlement 

behaviour of geotechnical structures forming future infrastructure projects. The barrier 

that stands between these FOSs (and other such technologies) and their commercial use 

is mainly their high economic cost and less knowledge on their implementation for 

geotechnical monitoring (Zheng et al., 2020). 
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Appendix B: Supplementary information – Morpeth 

Northern Bypass  

B.1 Site details and geological profile 

Morpeth Northern Bypass is located north of Morpeth town centre in 

Northumberland, UK (Figure 3.5). The route of the highway connects the A1 trunk road 

to the B1337, whereby it passes over the valleys of Cotting Burn and How Burn, and 

across a remediated opencast coal mining site at Pegswood. The local topography is 

characterised by an undulating profile, with a small surface drain at Pegswood Moor 

which forms a tributary to How Burn. The existing ground at the Pegswood Moor site 

consists of glacial soil of lodgement till type having a typical three-fold division.  

According to Edina Digimap (Digimap, 2020), the geological profile of the local 

area was characterised by Carboniferous bedrock, overlain by Devensian superficial soil 

deposits. The solid geology comprising Millstone Grit (extending from A1 to east of St 

Georges) and Pennine Lower to Middle Coal Measures between St Georges and 

Pegswood Moor. The bedrock beneath the Pegswood Moor embankment site comprised 

an interbedded sequence of mudstones, siltstones, sandstones, seatearth and coal. A fault 

was also identified nearby. Superficial deposits overlying the bedrock were indicated to 

be a mixture of Diamicton Till and fluvioglacial sands and gravels. Geological maps for 

the Morpeth Northern Bypass route are presented in Figure B.1.  
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Figure B.1: Surface geology at the site of Morpeth Northern Bypass (a) Bedrock (solid) and 

fault lines and (b) Superficial and artificial ground (courtesy of Edina Digimaps (Digimap, 

2020)). 

 

For the purpose of ground investigation and instrumentation, the bypass route was 

divided into following five zones: (1) A1 St Leonards underpass, (2) Northgate 

roundabout, (3) Cotting Burn and Fulbeck lane, (4) St George’s roundabout, How Burn, 

Pegswood Moor and (5) Land north of St Leonard’s underpass. A total of 157 no. 

exploratory holes were completed across four phases of ground investigation (GI), 

comprising cable percussive boreholes (BH), window sample holes (WS), and machine 

excavated trial pits (TP/TT). Depths of water strikes were also recorded for the boreholes 

where groundwater was encountered. GI phase-1 was undertaken by Ian Farmer 

Associates in 1996, GI phase-2 was completed by Northumberland County Council in 

2003, followed by GI phase-3 undertaken by Allied Exploration and Geotechnics (AEG) 

in 2009 and finally GI phase-4 by Ian Farmer Associates in 2015. All data considered for 
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the project were obtained from these ground investigations, which were included in 

AECOM’s ground investigation report.  

A table summarising the exploratory holes completed and the instrumentation 

installed at Pegswood Moor embankment site is presented in Table B.1, whereby PM-P 

and PM-E denote the boreholes for piezometer and extensometer installation, respectively 

(ME reference: PM-E01 and PM-E02 and VWP reference: PM-P01 and PM-P02).  

 

Table B.1: A summary of exploratory and instrumentation borehole at Pegswood Moor 

embankment site. 

Exploratory hole type Ground investigation contractor (year) 
Exploratory hole 

reference 

Machine excavated trial pits 

Northumberland County Council (2003) NTP1/3 

Allied Exploration & Geotechnics (2009) TP-26, TP-27, TP-28 

Cable percussive boreholes 

Northumberland County Council (2003) NBH1/2 

Allied Exploration & Geotechnics (2009) 
BH-31, BH-33, BH-

34, BH-35, BH-36 

Ian Farmer Associates (1996, 2015) BH206 

Window sample holes Ian Farmer Associates (1996, 2015) 

WS101, WS102, 

WS103, WS104, 

WS105, WS106 

Machine excavated trial pits Ian Farmer Associates (1996, 2015) 
TT101A-F, TT102A-

C 

Instrumentation ITM Monitoring and RD Drilling (2015) 
PM-E01, PM-E02, 

PM-P01, PM-P02 
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B.2 Instruments installation 

B.2.1 Magnetic extensometers – soil settlement  

The probes (also known as ‘spiders’) of the MEs were installed beneath the 

embankment foundation, whereas plate magnets were at the formation level of the 

embankment. The spiders were pushed down over a rigid polyvinyl chloride (PVC) 

access tube, which were embedded 1 m deep into a very stiff stratum (unlikely to 

experience compression associated with embankment load) at the base of the borehole. 

The access tubes were lengthened above formation level, such that they extended through 

the embankment fill. The base magnets were installed within the incompressible stratum 

to monitor the relative movement of overlying spiders. Boreholes were then backfilled 

with a cement-bentonite grout. To ensure that the access tubes were always accessible, 

they were always extended by 1 m when embankment fill reached up to the height that 

only 300 mm of access tubes were visible from the top. Figure B.2 shows photographs of 

ME installation at the site. During the monitoring programme, it was ensured that PVC 

access tubes were intact and did not show any damage or deformation that might have 

affected the readings. Hence, precast concrete rings were also installed around the 

instrumentation for protection and to ensure that they were visible to construction 

personnel working on the site.  

The raw data collected from the MEs were converted into settlement data using 

the readings of base magnet, spiders and plate magnets. Descriptions of the installation 

and data collection procedures are presented in Appendix A (section A.3.1).  

The following equation (Equation B.1) was used to calculate settlement using the 

probe data: 

 
𝑆𝑒𝑡𝑡𝑙𝑒𝑚𝑒𝑛𝑡 =  (𝐷0 −  𝑀0) − (𝐷𝑖 −  𝑀𝑖);   𝑖 = 1, 2, … 𝑛 (B.1) 

where 𝐷0 is the initial depth reading from the reference point (ordinance datum i.e. mean 

sea level [mAOD]) to the base magnet; 𝑀0 is the initial reading from the reference point 

(ordinance datum i.e. mean sea level [mAOD]) to the spider or plate magnet; 𝐷𝑖 is the 

subsequent reading from the reference point to the base magnet; 𝑀𝑖 is the subsequent 
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reading from the reference point to the spider or plate magnet and 𝑛 is the number of data 

points (Magnetic Probe Extensometer - Soil Instruments, 2013). 
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Figure B.2: Installation of ME at Pegswood Moor embankment site (a) drilling rig (b) installed 

instrument (c) precast concrete ring around instrument for visibility and protection (courtesy of 

AECOM, Newcastle upon Tyne, UK). 
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B.2.2 Vibrating wire piezometer – pore water pressure  

VWPs were installed within foundation soil layers which were characterised by: 

(1) potential to experience significant settlement (e.g. plastic laminated clays), or (2) 

water strikes (as recorded during borehole drilling). The sensors were placed at the 

required depths in the borehole, which was then fully backfilled with a cement-bentonite 

grout. Before their installation, it was also ensured that the boreholes were free of any 

debris that could affect instrumentation. Throughout the installation process (i.e. putting 

piezometers into the borehole, during grouting and after grouting), readings were taken 

along with groundwater readings to ensure that the instruments did not generate incorrect 

readings. The cables connecting the piezometers to the data logger were protected by 

laying them in trenches of 500 mm deep and 500 mm wide beneath the ground, lined with 

a geotextile separation layer. Data loggers were assembled in a corrosion resistant steel 

cabinet, mounted on a fence post. In the vicinity of piezometers, barometers were also 

installed and attached to a data logger to receive atmospheric pressure readings. Figure 

B.3 shows pictures of the installation of VWP at the site. 

As mentioned in the Appendix A (section A.3.2), the raw data generated from 

VWPs comes in the form of variations in the frequency of vibration for a sensing wire, in 

response to changes in pore water pressure. The following equation was used to convert 

frequencies into pore water pressure (Equation B.2).    

 𝑃 = 𝐾(𝑓2 − 𝑓0
2) (B.2) 

where 𝑃 is the pore water pressure; 𝐾 is a constant provided by the manufacturer; 𝑓 and 

𝑓0 are current and base frequency respectively (Dunnicliff, 2012). 
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Figure B.3: Installation of VWP at Pegswood Moor embankment site (a) installed instrument 

(b) trenches for cable from instrument to data logger (c) data logger (courtesy of AECOM, 

Newcastle upon Tyne, UK). 
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Appendix C: MATLAB codes 

C.1 Preprocessing of soil settlement data 

Note: Only subroutines are presented here instead of full sequence of MATLAB code used for 

analysis.   

 

C.1.1 Import data from spreadsheet 

function MagExPM = importfile (‘worksheetFile’, ‘sheetName’, 

‘dataLines’) 

 

% function - declares function name, inputs, and outputs. 

% importfile - imports data from a spreadsheet. 

% MagExPM = importfile (worksheetFile, sheetName, dataLines) reads data 

from the specified worksheet (sheetName) for the specified row 

interval(s) in the Microsoft Excel spreadsheet file named worksheetFile. 

% Specify dataLines as a positive scalar integer or a N-by-2 array of 

positive scalar integers for dis-contiguous row intervals.  

% Returns the data as a table – saved in MagExPM.  

 

C.1.2 Time- settlement plot  

figure()  

yyaxis left % Settlement plot at left side y-axis. 

plot (timestamps, settlement_data, ‘LineSpec’); 

ylabel('Settlement (m)'); 

yyaxis right % Fill level plot at right side y-axis. 

plot (timestamps, fill_data, ‘LineSpec’); 

ylabel('Fill Level (mAOD)'); 

% Setting title and legends.  

title ('TitleName') 

legend('label 1',…..'label n', ‘Location’); 

xlabel('Dates'); 

% Setting axes properties and aspect ratio.  

ax = gca; 

set(ax,'FontSize',15); 

ax.YAxis(1).Exponent = -3; 
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pbaspect([1 1 1]) 

 

% figure – for creating new figure window. 

% plot – for creating line plot; timestamps – time data points plotted 

on x-axis; settlement_data – settlement values plotted on left y-axis; 

fill_data – fill level data on right y-axis; LineSpec – for setting line 

style and colour.  

 

C.1.3 Autocorrelation plot  

[acf,lags,bounds] = autocorr(acr,'NumMA',0); 

bounds 

 

% Plot sample ACF of the input series with confidence bounds. 

autocorr(acr) 

 

% autocorr – function used to plot the sample autocorrelation function 

(ACF) of the univariate time series data; acf – sample ACF of time 

series; lags – lag numbers for ACF; bounds – upper and lower 

autocorrelation confidence bounds. 

% acr – univariate time series data (one ME probe value). 

 

C.1.4 PCA analysis  

PCA analysis was performed using PCA toolbox (freeware) provided by:  

D. Ballabio (2015), A MATLAB toolbox for Principal Component Analysis and unsupervised 

exploration of data structure, Chemometrics and Intelligent Laboratory Systems, 149 Part B, 1-9. 

Available at: https://michem.unimib.it/download/matlab-toolboxes/pca-toolbox-for-matlab/. 

 

C.1.5 Filtering and smoothing 

Outliers, determined after Influence plot (Hotelling-T2 vs Q-statistic) in PCA analysis, were removed 

and the data were further used for cleaning. 

% Save data as a table in PM-E01 and PM-E02.  

PM-E01 = importfile ('PM-E01.xlsx','DataSheet', [2,162]) 

PM-E02 = importfile ('PM-E02.xlsx','DataSheet', [2,161]) 

Fill missing data (removed outlier after PCA analysis). 

settlement_data = fillmissing (settlement_data_m, 'linear'); 

% settlement-data_m – includes missing datapoints after outlier removal. 

https://michem.unimib.it/download/matlab-toolboxes/pca-toolbox-for-matlab/
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% settlement-data – variable containing settlement data after linear 

interpolation to determine missing datapoints.  

Note: General variable names used – settlement_data and settlement_data_m. These would be 

separate for each magnetic extensometer probe (Spider 1, Spider 2, Spider 3, Spider 4 and Plate magnet 

1). Similarly, general variable names were used for filtering and smoothing – Gaussian-weighted 

moving average smoothing (gaussian_s), moving average smoothing (smoothing_s), Savitzky-Golay 

filtering (savitzky_s), zero-phase filtering (zerophase_s).  

C.1.5.1 Gaussian-weighted moving average smoothing 

[gaussian_s, window] = smoothdata (settlement_data,'gaussian'); 

window % Shows window length for smoothing determined through heuristic 

approach. 

 

% gaussian_s – variable containing cleaned data by Gaussian-weighted. 

% smoothdata – function returns Gaussian-weighted moving average of the 

data points over a window length determined heuristically.  

C.1.5.2 Moving average smoothing  

smoothing_s = smooth (settlement_data, ‘windowLength’, 'moving'); 

 

% smoothing_s – variable containing cleaned data by moving average. 

% windowLength – input parameter to enter time window length. Window 

length used for spider 1-4 = 49; for plate magnet 1 = 25. 

% smooth – function to smooth data in a given window using moving 

average.  

C.1.5.3 Savitzky-Golay filtering  

savitzky_s = sgolayfilt (settlement_data, ‘order’, ‘framelen’); 

 

% savitzky_s – variable containing cleaned data by Savitzky-Golay. 

% order – represents a polynomial order (input parameter); framelen – 

represents odd-length segment of the data (i.e. window length input). 

Polynomial order used = 2. Window length used for spider 1-4 = 83; for 

plate magnet 1 = 63.  

% sgolayfilt – function removes the noise by applying Savitzky-Golay 

smoothing filter.   

C.1.5.4 Zero-phase filtering 

dfilt = designfilt ('lowpassiir','FilterOrder',2, ... 

    'HalfPowerFrequency',0.015,'DesignMethod','butter'); 

zerophase_s = filtfilt (dfilt, settlement_data); 

 

% zerophase_s – variable containing cleaned data by zero-phase. 
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% filfilt – function for performing zero-phase digital filtering using 

designed digital filter.   

% designfilt – function to design digital filter.  

% dfilt – digital filter design object. Filter design parameters: filter 

order, frequency constraints (cut-off frequecy), design method. Filter 

order used ('FilterOrder') = 2 (number of delay elements, i.e. number of 

previous inputs, in the filter structure). Design method used 

('DesignMethod') = Butterworth. Frequency constraints used 

('HalfPowerFrequency') = 0.015 for PM-E01 and 0.055 for PM-E02.  

C.1.5.5 Combined data cleaning plot  

% Plot time- settlement graph.  

figure() 

yyaxis left % Cleaned settlement data plot at left side y-axis. 

plot (timestamps, gaussian_s, ‘LineSpec’); 

hold on; % To add all plots to the same plotting space. 

plot (timestamps, smoothing_s, ‘LineSpec’); 

plot (timestamps, savitzky_s, ‘LineSpec’); 

plot (timestamps, zerophase_s, ‘LineSpec’); 

ylabel('Settlement (m)'); 

yyaxis right % Fill level plot at right side y-axis. 

plot (timestamps, fill_data, ‘LineSpec’); 

ylabel('Fill Level (mAOD)'); 

% Title, legends and aspect ratio. 

title ('TitleName') 

legend('label 1',…..'label n', ‘Location’); 

xlabel('Dates');  

ax = gca; 

set(ax,'FontSize',15); 

ax.YAxis(1).Exponent = -3; 

pbaspect([1 1 1]) % Aspect ratio 1:1. 

hold off; 

C.1.5.6 Statistical comparison (RMSE, NMSE) 

Note: General variable names used – settlement_data and settlement_data_c. These would be separate 

for each magnetic extensometer probe (Spider 1, Spider 2, Spider 3, Spider 4 and Plate magnet 1). 

Moreover, settlement_data_c would be separate for each filtering and smoothing method – Gaussian-

weighted moving average smoothing (gaussian_s), moving average smoothing (smoothing_s), 

Savitzky-Golay filtering (savitzky_s), zero-phase filtering (zerophase_s).  

% RMSE – root mean squared error. 

RMSE = sqrt(mean((settlement_data_c, settlement_data).^2)); 

% goodnessOfFit (NMSE – normalised mean squared error). 

NMSE = goodnessOfFit(settlement_data_c, settlement_data,'NMSE'); 
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% settlement_data_c – variable containing cleaned data by Gaussian-

weighted/movingaverage/Savitzky-Golay/zero-phase. 

 

C.1.6 Validation with piezometer data  

PM-E&P = importfile (‘workbookFile_c’, sheetName_c’, ‘dataLines_c’) 

 

% Save data as a table in PM-E01 and PM-E02.  

PM-E&P_1 = importfile ('PM-E01&PM-P02.xlsx','DataSheet', [3,126]) 

PM-E&P_2 = importfile ('PM-E02&PM-P01.xlsx','DataSheet', [3,126]) 
 

% workbookFile_c – Excel spreadsheet containing combined piezometer and 

extensometer data. 

% sheetName_c – Worksheet containing combined PM-E02 & PM-P01/PM-E01 & 

PM-P02 data. 

% dataLines_c – similar to dataLines. Lesser data points were used for 

validation due to limited piezometer data.    

% EandP – variable containing settlement and pore water pressure data. 

Plot time- settlement and time- pore water pressure graph. 

subplot(x,y,z) 

plot(timestamps, piezo_data, ‘LineSpec’); 

title ('Piezometer') 

legend('label 1',…..'label n', ‘Location’); 

ylabel('Pore Presssure (kPa)'); xlabel('Dates');  

 

subplot(x,y,z) 

plot (timestamps, settlement_data_c, ‘LineSpec’); 

title ('Extensometer') 

ylabel('Settlement (m)'); xlabel('Dates'); 

legend('label 1',…..'label n', ‘Location’); 

 

% piezo_data – variable contaning pore water pressure data.  

% subplot – function divides the plot space into an x-by-y grid. x and y 

are number of rows and columns, amd z is the position of the figures in a 

grid. subplot(2,2,z) was used to divide figure space into 4 grids – two 

for PM-E02 & PM-P01 and other two PM-E01 & PM-P02. 

 

 

 



Appendices  

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    258 

C.2 Short-term predictive modelling  

Note: Only subroutines are presented here instead of full sequence of MATLAB code used for 

analysis.  

  

C.2.1 Import data from spreadsheet 

Same as section C.1.1. (C.1 Preprocessing of soil settlement data).  

 

C.2.2 Data processing (handling missing and duplicate values) 

Note: same for section C.2.3 ‘time-window length estimation’, section C.2.4 ‘moving time window 

polynomial model’, section C.2.5 ‘transfer function model’.  

% embankment_data – time-series table showing settlement values of 

individual layers and total settlement, including fill levels.  
 

Embankment_data = table2timetable (embankment_data); 

 

% Removing fill level from the table. Apply different strategies to 

handle missing values for fill level and settlement values.  

Embankment_data_1 = embankment_data (:,{'Spider1', 'Spider2', 'Spider3', 

'Spider4', 'Platemagnet1','TotalSettlement'}); 

 

% Separating fill level from the table.  

Embankment_data_2 = embankment_data (:,'FillLevelmAOD'); 

 

dt = days(1); % Defines frequency of data collection, i.e. daily.  

 

% Fill missing values using nearest neighbour for settlement. 

Embankment_data_1 = retime (embankment_data_1 , 'regular' , "nearest" , 

'TimeStep', dt); 

 

% Fill missing values for fill level using previous available fill 

level, assuming that when fill level was placed without taking ME reading 

was taken.  

Embankment_data_2 = retime (embankment_data_2 , 'regular' , 'previous' , 

'TimeStep', dt); 

 

% Merge fill level and settlement.  

Embankment_data = [embankment_data_1 embankment_data_2]; 

 

% Find number of rows (data points) in the table. 

len = height (embankment_data); 
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% len – variable containing number of rows in the time-series dataset.  

% retime – function resolves irregular time-series dataset by removing 

duplicate and estimating missing values.  

% table2timetable – converts general tabular dataset into timetable 

wherein first column represents time.  

% height – function to determine number of rows in a dataset.  

 

C.2.3 Time-window length estimation 

C.2.3.1 Importing data 

Note: Codes are same for both ‘curve fit window length’ and ‘prediction window length’. 

PM-E01 = importfile ('PM-E01.xls', 'DataSheet', [44,85]) 

PM-E02 = importfile ('PM-E02.xlsx', 'DataSheet', [44,84]) 

% Window length was estimated using first two months of data. 

Next step: As given in section C.2.2. 

C.2.3.2 Curve fit window length 

Note: Codes are same as for ‘Prediction window length estimation’, which is given in section C.2.3.3. 

Only the following removal/changes are required.   

% Remove these lines from their respective place of occurrence. 

valid_curve = windowstart; 

validstart = 0; validend = 0; 

validstart = trainend + 1; 

validend = trainend + valid_curve; 

valids = Y (validstart:validend); 

validdt = X (validstart:validend); 

 

% Replace these lines from their respective place of occurrence. 

train_curve2 = 7;  

pred = feval (curvefit, validdt); 

mae1 (n,:) = mean (abs(valids - pred),"omitnan"); 

% Replace the above lines with: 

train_curve2 = windowstart;  

cfdata = feval (curvefit, traindt); 

mae1(n,:) = mean (abs(trains - cfdata),"omitnan"); 

 

% feval – function used to evaluate fit function values and return 

estimated values after curve fitting.   

Note: Any variable that has ‘valid/pred’ in their name, they are used for prediction activities, whereas 

variable having ‘train/curve/cf’ are used for curve fitting activities. Variables with ‘mae, skew ,kurt’ 

in their name are used for MAE, skewness, and kurtosis determination.   
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C.2.3.3 Prediction window length 

tic % Calculate loop time. 

 

% Window length and outer while-loop initialisation.   

windowstart = 5; w=1; 

 

while windowstart <= 14  % This loop changes window length.  

    clearvars mae % Clear variable memory.  

     

% The following for-loop is to handle each extensometer probe and total 

settlement at a time. 

   for j = 1:6 % Six columns (5 ME probes and total settlement). 

         

        

 % Same as in section C.2.4.2 (C.2.4 Moving time window polyomial 

model). 

    % Exception as follows:  

        valid_curve = window_start; 

  

        while validend <= len % This loop moves window over the sample.         

 

   % Same as in section C.2.4.2 (C.2.4 Moving time window polyomial 

model). 

                    

        end  % End of inner while-loop.  

         

    % Same as in section C.2.4.2 (C.2.4 Moving time window polyomial 

model). 

    % Exception as follows:  

        mae(:,j) = mae2p; 

 

    end  % End of for-loop. 

 

% Save window lengths in an array.  

samplesize (w,:) = windowstart; %#ok<*FXSET>  

 

% Descriptive statitics for each window.  

skewMAE(w,:) = skewness(mae);  % Skewness of MAEs calculation.   

kurtMAE(w,:) = kurtosis(mae);  % Kurtosis of MAEs calculation.   

medianMAE(w,:) = median(mae);  % Median of MAEs calculation.   

 

% Loop increment - to move to next window length.  

windowstart = windowstart + 1; %#ok<*FXSET>  

w = w+1; 

 

end  % End of outer while-loop.   



Appendices  

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    261 

 

toc % Calculate loop time. 

C.2.3.4 Tabulate kurtosis, skewness, median of MAEs 

Kurtosis and skewness of MAEs for each window length (from 5 to 14 days). 

Note: Codes are same for both section C.2.3.2 ‘curve fit window length’ and section C.2.3.3 

‘prediction window length’.  

windowsize = array2table(samplesize); 

 

% Storing statsitical values of error analysis in table. 

MAE_table = table (medianMAE(:,4), kurtMAE(:,4),skewMAE(:,4)); 

MAE_table = horzcat (windowsize,MAE_table); 

MAE_table.Properties.VariableNames = {'Window size','Median MAE', 

'Kurtosis','Skewness'} 

 

% horzcat & table – functions used to concatenate all statistical 

metrics together in a table.  

 

C.2.4 Moving time window polynomial model 

C.2.4.1 Importing data 

PME-01 = importfile ('PM-E01.xlsx', 'DataSheet'', [44,163]) 

PM-E02 = importfile ('PM-E02.xlsx', 'DataSheet', [44,162]) 

% Last 6 months of data considered. 

Next step: As given in section C.2.2. 

C.2.4.2 Loop for curve fitting, prediction, and MAE calculation  

tic % Calculate loop time. 

 

 

for j = 1:6  % This loop is used to handle each extensometer probe and 

total settlement at a time. 

        

    % Initialisation for moving window. 

    train_curve1 = 1; train_curve2 = 7; 

    valid_curve = 7; 

    trainstart = 0; trainend = 0; 

    validstart = 0;validend = 0; %#ok<*NASGU> 

    n=1; 
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    % Save array of data (column vector) - for one ME probe or total 

settlement. 

    Y = embankment_data {:,j}; 

    % Save date in ISO format as independent values (x-axis data for 

curve fit).  

    X = datenum (embankment_data.Date); 

    t0 = X(1,1);     % Initial time – the first reading time. 

    % Save fill level.  

    Z = embankment_data.FillLevelmAOD; 

     

    while validend <= len  % This loop moves window over the sample. 

         

        clearvars traindt trains validdt valids  

         

        % Start and end data point change by 1-1 day in each loop. 

        trainstart = train_curve1; 

        trainend = train_curve2; 

        validstart = trainend + 1; 

        validend = trainend + valid_curve; 

         

        % The ‘if’ condition is to move out of the loop when prediction 

window range moves out of bound of available number of data points.  

        if validend > len 

            break 

        end  % End for if condition.  

         

        % Save sample for curve fit.   

        traindt = X(trainstart:trainend); 

        trains = Y(trainstart:trainend); 

        % Save sample for prediction.   

        validdt = X(validstart:validend); 

        valids = Y(validstart:validend); 

        % Save corresponding fill levels. 

        trainlevel = Z(trainstart:trainend); 

        validlevel = Z(validstart:validend); 

         

        % Curve fitting using first-order polynomial method.  

        [curvefit, gof(:,n)] = fit (traindt, trains,'poly1', 

'Normalize', 'on'); %#ok<*SAGROW> 

             

         % Prediction by polynomial method – extrapolation.  

         pred = feval (curvefit, validdt); 

         

         predctn (:,n) = pred; % First-order polynomial predictions. 

         

         preddate(:,n) = validdt; % Corresponding dates. 
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        % Determine MAEs between 7-day predicted and observed values. 

        mae1p = mean(abs(valids - pred),"omitnan"); 

        mae2p (n,:) = mae1p; 

         

        n = n + 1; 

         

        % 1-day shift of curve-fit and prediction data window. 

        train_curve1 = train_curve1 + 1; 

        train_curve2 = train_curve2 + 1; 

         

    end  % End of while loop. 

    

    % Extract and save prediction and corresponding dates in a table. 

Put all 7-7 days prediction values (for each probe and total) and date in 

their columns.  

    predctn_t (:,j) = array2table(predctn(:)); % Polynomial predictions. 

    

    preddate_t(:,j) = array2table(preddate(:)); % Correponding dates. 

     

    % Save MAE values in a table. 

    mae_p(:,j) = array2table(mae2p); 

     

    % Save median, kurtosis and skewness of MAE values in a table. 

    kurtosis_p(:,j) = array2table(kurtosis(mae2p)); 

    skewness_p(:,j) = array2table(skewness(mae2p)); 

    mape_p(:,j) = array2table(median(mape2p,'omitnan')); 

     

    % The following is loop increment - required to move to next 

magnetic probe data. 

    j = j+1; %#ok<*FXSET> 

     

end  % End of for loop. 

 

toc % Calculate loop time. 

 

% fit – function used to fit curve to the data.  

% feval – function to extrapolate values after curve fitting.   

C.2.4.2.1 Provide name to columns of prediction and MAE table 

% Same for MAE, kurtosis, skewness table – section C.2.3.4. 

  

% Prediction table column names:  

predctn_t.Properties.VariableNames = {'Spider1', 'Spider2', 

'Spider3','Spider4','Platemagnet1','TotalSettlement'}; 

C.2.4.2.2 Date from ISO to date format  



Appendices  

 

 

 

The use of data analytics for monitoring and predicting the short-term future performance of 

geotechnical embankments    264 

% Convert datenum to datetime format. 

predcdate_frmt = datetime (preddate(:), 'ConvertFrom', 'datenum', 

'Format', 'dd-MMM-uuuu'); 

C.2.4.2.3 Combine predictions table and convert into timetable 

This timetable contains all 7-7 days prediction and thus consists of multiple predictions for each time 

step (day). 

% Convert table to timetable – adding both prediction data.  

Prediction_data = table2timetable (predctn_t,'RowTimes',predcdate_frmt); 

C.2.4.2.4 Aggregate multiple prediction values for each date due to sliding window and organise 7th 

day predictions  

% Gather unique times from the previous timetable for removing 

duplicates.  

uniquetime = unique(prediction_data.Time); 

 

% Sort the timetable in ascending order, so that last value and first 

value of repeated measurements can be obtained. Last value shows the most 

updated prediction and first value shows the farthest future (7th day) 

predicted data.  

predt_sort = sortrows (prediction_data,"Time");  

% 7th day predictions. 

Prediction_7th = retime (predt_sort,uniquetime,'firstvalue'); 

C.2.4.2.5 Combine original data (field monitoring) and prediction results in a single timetable  

Combined_data = innerjoin (embankment_data, prediction_7th); 

C.2.4.3 MAE Box plot for polynomial prediction results 

figure('Name','MAE box plot') 

x = [mae_p.Spider1; mae_p.Spider2; mae_p.Spider3; mae_p.Spider4; 

mae_p.Platemagnet1; mae_p.TotalSettlement]; 

g = [ones(size(mae_p.Spider1)); 2*ones(size(mae_p.Spider2));... 

    3*ones(size(mae_p.Spider3)); 4*ones(size(mae_p.Spider4));... 

    5*ones(size(mae_p.Platemagnet1)); 

6*ones(size(mae_p.TotalSettlement_))]; 

boxplot(x,g,"ExtremeMode",'clip','Symbol','mx',"OutlierSize",6,'Orientat

ion',"horizontal") 

ay = gca; 

ay.XAxis(1).Exponent = -3; 

pbaspect([1 1 1]) 

set(gca,'FontSize',15, 'YTickLabel',{'Spider 1','Spider 2','Spider 

3','Spider 4','Plate magnet 1','Total settlement'}) 

title(compose("MAE box plot")); 
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xlabel("MAE (m)"); 

 

% Legends for the box-plot components. 

mline = findobj(gcf,'type','line','Tag', 'Median'); 

set(mline, 'linestyle','-'); 

bpl_iqr = findall(gca,'Tag','Box'); 

bpl_med = findall(gca,'Tag','Median'); 

bpl_whsr = findall(gca,'Tag','Upper Whisker'); 

bpl_out = findall(gca,'Tag','Outliers'); 

legend([bpl_iqr(1), bpl_med(1), bpl_whsr(1), bpl_out(1)],'IQR 

(Box)','Median line','1.5*IQR (Whisker)','Outliers') 

 

% boxplot – for creating box plot of the data. 

C.2.4.4 Kurtosis and Skewness of MAE results after removing very high errors (MAE > 

1.5*IQR) 

% Remove MAE-outliers.  

[cleanedMAE,outlierIndices] = 

rmoutliers(mae_p.‘MEProbe/TotalData’,'quartiles'); 

 

outlierMAE = nnz(outlierIndices); 

 

kurt = kurtosis (cleanedMAE); 

skew = skewness (cleanedMAE); 

 

% .‘MEProbe/TotalData’ – represents general name for each ME probe or 

total settlement column. 

C.2.4.5 Time- settlement plot of 7th day predictions  

figure()  

yyaxis left % Settlement plot at left side y-axis.  

plot (combined_data.Date,combined_data.‘MEProbe/TotalData’, ‘LineSpec’); 

plot (embankment_data.Date,embankment_data.‘MEProbe/TotalData’, 

‘LineSpec’); 

ylabel('Settlement (m)'); 

yyaxis right % Fill level plot at right side y-axis. 

plot (embankment_data.Date,embankment_data.‘fill_data’, ‘LineSpec’); 

ylabel('Fill Level (mAOD)'); 

% Setting title and legends.  

title ('TitleName') 

legend('label 1',…..'label n', ‘Location’); 

xlabel('Dates'); 

% Setting axes properties and aspect ratio.  

ax = gca; 

set(ax,'FontSize',15); 
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ax.YAxis(1).Exponent = -3; 

pbaspect([1 1 1]) 

 

% figure – for creating new figure window. 

% plot – for creating line plot; ‘.Date’ data column – time data points 

plotted on x-axis; .‘MEProbe/TotalData’ data column – settlement values 

plotted on left y-axis; .‘fill_data’ data column – fill level data on 

right y-axis; LineSpec – for setting line style and colour.  

C.2.4.6 Scatter plot and R-squared - predicted vs observed data  

figure() 

plot (combined_data.‘MEProbe/TotalData’ , 

embankment_data.‘MEProbe/TotalData’ ,'Spec') 

ax = gca; 

hline = refline([1 0]); % For making identity line with scatter plot. 

hline.Color = 'r'; 

pbaspect([1 1 1]) 

xlabel('Field measurement (m)'); ylabel('Prediction (m)');  

% R-squared values. 

mdl_op = fitlm (combined_data.‘MEProbe/TotalData’ , 

embankment_data.‘MEProbe/TotalData’); 

rsquare_op(1,1) = round(mdl_op.Rsquared.Ordinary,4); 

% Adding R-squared value in graph as text. 

txt = ['R^2 = ' num2str(rsquare_op(1,1))]; 

R-squared for 7th day predictions in tabular form. 

mdl = fitlm(combined_data.‘MEProbe/TotalData’ , 

embankment_data.‘MEProbe/TotalData’); 

rsquare = mdl.Rsquared.Ordinary; 

 

% rsquare – variable containing R-squared values of 7th day predictions 

and field measurements for each ME probe and total settlement.  
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C.2.5 Transfer function model 

C.2.5.1 Importing data 

PME-01 = importfile ('PM-E01.xlsx', 'DataSheet', [44,163]) 

PME-02 = importfile ('PM-E02.xlsx', 'DataSheet', [44,162]) 

% Last 6 months of data considered. 

C.2.5.2 Data arrangement  

Next step: As given in section C.2.2. 

Grouping data into Fill Levels. 

fl_group = groupsummary (embankment_data,"FillLevelmAOD") 

Select a fill level for curve fitting and prediction. 

level_range = 4; % First 4 fill level. 

level_range_end = 7 (or 11); % For integrator – Last fill stage. 

 

fl_group.FillLevelmAOD (level_range) 

Start and end points for Transfer function model.  

start_1 = 1; end_1 = 0; end_middle = 0; 

    for c = 1:level_range_end-1 

        end_middle = end_middle + fl_group.GroupCount(c) 

    end 

    start_2 = end_middle 

    end_2 = round(start_2+(fl_group.GroupCount(level_range_end))-30) 

     

    for k = 1:level_range 

        end_1 = end_1 + fl_group.GroupCount(k) 

    end 

C.2.5.3 Loop for fitting, prediction, and MAE calculation  

tic % Calculate loop time. 

 

 

for j = 1:6  % This loop is used to handle each extensometer probe and 

total settlement at a time.  

     

    

    % Initialisation for moving window. 

    train_curve1 = 1; train_curve2 = 7; 

    valid_curve = 7; 

    second_start = start_2+valid_curve; 
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    trainstart = 0; trainend = 0; 

    validstart = 0;validend = 0; %#ok<*NASGU> 

    n=1; 

    Ts = 1; 

    % Save array of data (column vector) - for one probe or total 

settlement. 

    Y = embankment_data {:,j}; 

    % Save date in ISO format as independent values (x-axis data for 

curve fit). 

    X = datenum (embankment_data.Date); 

    % Initial time – the first reading time. 

    t0 = X(1,1); 

    % Save fill level. 

    Z = embankment_data.FillLevelmAOD; 

     

    % Fill level division for different transfer function application.  

    Fill_level1 = Z(start_1:end_1); % First 4 fill level. 

    Fill_level2 = Z(start_2:end_2); % Last fill. 

     

    % Overall settlement division for different transfer function 

application.  

    OverallSettlement1 = Y(start_1:end_1); 

    OverallSettlement2 = Y(start_2:end_2); 

     

    % Date division for different transfer function application.  

    date1 = PME01T.Date(start_1:end_1); 

    date2 = PME01T.Date(start_2:end_2); 

     

 

    Ts = 1; % Tells interval between successive data sample. 

 

TF and TF-integrator modelling. 

 % Data object to use in TF and TF-integrator modelling. 

    data_id1 = iddata (‘settlement’, ‘fill level’, Ts, 'TimeUnit', 

'days','InputUnit','metres','OutputUnit','metres'); % First-order TF. 

    data_id2 = iddata (OverallSettlement2, Fill_level2, Ts, 'TimeUnit', 

'days','InputUnit','metres','OutputUnit','metres'); % Integrator. 

 

% Transfer function model for total settlement and individual layer. 

% Based on identified fill changes that provides enough data for TF 

model. 

     

    % Process model options.  

    opt1 = procestOptions; 

    opt2 = procestOptions; 
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    opt1.Focus = 'prediction'; 

    opt1.InitialCondition = 'zero'; 

    opt1.SearchOptions.MaxIterations = 10; 

    opt1.SearchMethod = 'gn'; % Assigning subspace Gauss-Newton least-

square search optimisation method.  

 

    opt2.Focus = 'prediction'; 

    opt2.InputOffset = -1.5; 

    opt2.SearchOptions.MaxIterations = 10; 

    opt2.SearchMethod = 'gn'; % Assigning subspace Gauss-Newton least-

square search optimisation method. 

 

    % Process model with transfer function.  

    [sys1, offset1] = procest(data_id1,'P1',opt1); %First-order TF: 

gives gain  and time constant parameter values. 

    [sys2, offset2] = procest(data_id2,'P0I',opt2); % Integrator: gives 

integrator gain.  

     

    % Parallel connection of the two models (coupled TF-intergator 

model). 

    sys_par = parallel(sys1,sys2); 

     

    % Parallel connected model in idtf format for prediction/simulation. 

    sys_par_idtf = idtf(sys_par);  

 

% procest – function to estimate transfer function model. 

% idtf – creates a transfer function model form after coupling TF with 

integrator.   

 Loop for consecutive 7-7 days prediction after TF and TF-integrator modelling. 

    while validend <= len  % This loop moves window over the sample. 

        clearvars traindt trains validdt valids 

         

        % Start and end point change by 1-1 day in each loop. 

        trainstart = train_curve1; 

        trainend = train_curve2; 

        validstart = trainend + 1; 

        validend = trainend + valid_curve; 

         

        % The ‘if’ condition is to move out of the loop when prediction 

window range moves out of bound of available number of data points. 

        if validend > len 

            break 

        end % End for if condition. 

         

        % Save sample for TF model.  

        traindt = X(trainstart:trainend); 
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        trains = Y(trainstart:trainend); 

        % Save sample for prediction.  

        valids = Y(validstart:validend); 

        validdt= X(validstart:validend); 

        % Save corresponding fill levels. 

        trainlevel = Z(trainstart:trainend); 

        validlevel = Z(validstart:validend); 

         

       % Defines data object with current fit window.  

        data_id1 = iddata (trains, trainlevel, Ts, 'TimeUnit', 

'days','InputUnit','metres','OutputUnit','metres');  

        nf = numel(trains); 

         

    % Defines data object with future prediction window for which 

settlement prediction will be made.  

        data_idf = iddata([], validlevel, Ts, 'TimeUnit', 

'days','Tstart', nf+1); 

         

        % Assigning model requirements. 

        nstep = Inf; 

        optp1 = predictOptions('InitialCondition','zero'); % Initial 

condition - zero 

        Horizon = size(data_idf,1);  

 

% iddata – function to create an object for time-series data, which 

contain output and input signal. 

Prediction of data using TF and TF-integrator model.  

        if train_curve1 == start_2 % Condition to check whether to use 

TF or Tf-integrator model 

             

            data_f = forecast(sys_par_idtf ,data_id1,Horizon,data_idf); 

        else 

            data_f = forecast(sys1 ,data_id1,Horizon,data_idf); 

        end 

         

        % set_f – variable containing predicted data. 

        set_f = data_f.OutputData; 

           

        predctn (:,n) = set_f; % Transfer function model prediction.  

         

        preddate(:,n) = validdt; % Corresponding dates. 

         

        % Determine MAE value between 7-day predicted and observed 

values. 

        mae1tf = mean(abs(valids - set_f),"omitnan"); 

        mae2tf (n,:) = mae1tf; 
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        n = n + 1; 

         

        % 1-day increment of model fit and shift of prediction data. 

        train_curve2 = train_curve2 + 1; 

      

  

% This condition organises window to make prediction for first 7 days of 

last filling using transfer function. Then the same initial 7-days is 

used to predict next 7-days using TF-integrator.           

if validend == second_start   

                   train_curve1 = start_2;  

                   train_curve2 = start_2+valid_curve; 

        end 

         

    end  % End of while loop. 

    

    % Extract and save prediction and corresponding dates in a table – 

same as given in section C.2.4.2 (C.2.4 Moving time window polyomial 

model). 

 

     

end  % End of for loop. 

toc % Calculate loop time. 

 

% forecast – function to perform prediction into ‘r’ days in the future. 

C.2.5.3.1 Data organisation for plotting and tabulating statistical metrics 

Same as sections C.2.4.2.1, C.2.4.2.3, C.2.4.2.4, C.2.4.2.5.  

C.2.5.4 MAE Box plot; Kurtosis and Skewness of MAE results; 7th day predictions plot; 

Scatter plot and R-squared 

Same as sections C.2.4.3, C.2.4.4, C.2.4.5, C.2.4.6.  
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