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ABSTRACT 

 Uncertainties associated with difficult ground conditions pose major threats to tunnel 

engineers to ensure safe tunnel construction and maintenance. The existing tunneling practices 

mostly depend on limited subsoil investigation and monitoring data to deal with such 

uncertainties. In recent years, highly equipped tunnel boring machines (TBMs) have frequently 

collected machine-ground interaction data during excavation. The collected data can improve 

ground characterization from the limited sampling and testing of the siteôs soils and rocks. 

However, these tunneling data need to be optimally utilized to identify their interactions with the 

ground, which could help deal with various difficult ground conditions for tunnels. Data-driven 

modeling approach, particularly machine learning (ML), has the potential to identify such 

interactions hidden inside the complex non-linear tunneling data. To this end, this research 

explores the development, use, and validation of machine learning for three distinct tunneling-

related problems with difficult ground conditions utilizing field data and proposed predictive 

models developed by machine learning techniques. 

 The first study used TBM data from a water conveyance tunneling project in China to 

predict upcoming tunnel ground collapses. The ground under TBM excavation was prone to 

collapse due to the natural occurrences of fault zones and karstic caves, unlocated by prior 

geological surveys. Three machine learning classifiers, 1) multilayer perceptron (MLP), 2) support 

vector machine (SVM), and 3) random forest (RF), were trained on TBM data to predict these 

collapse incidents. The prediction accuracy reached 98% for training data and 96% for validation 

data. Furthermore, the developed models can identify an ñInfluence Zoneò associated with each 

collapse incident. The research demonstrated that proposed ML models could predict impending 

tunnel collapse and the extent of that collapsing ground ahead of the tunnel excavation face. 
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 The second study utilized EPBM (earth pressure balance machine) operational data to 

identify three as-encountered ground properties; 1) clay-sand mixed face conditions, 2) grain size 

distributions, and 3) TBM clogging potential. The EPBM operational data and geotechnical data 

collected from Northgate Link extension tunneling project in Seattle were used for this study. 

Machine learning classifiers and regressors were trained to develop prediction models using ten 

EPBM operational parameters as input features. The developed models can identify clay-sand 

mixed face conditions with a balanced accuracy of 87.42%, clogging potentials with a balanced 

accuracy of 94.3%, and predict the representative grain size distributions with an average R2 of 

0.85. Moreover, the feature importance analyses revealed that the average bulkhead soil pressure 

is an important indicator of mixed soil face condition and grain size distribution, whereas, for 

clogging potential, it is the average foam flow rate. 

 The third study utilized tunnel in-situ monitoring data from the Shanghai, China, Metro 

Line 1 to forecast long-term tunnel longitudinal settlements and horizontal convergences. The 

challenging geological conditions of Shanghai subsoil with unquantifiable human-influenced 

factors contributed to the sustained long-term tunnel longitudinal settlements and convergences. 

These factors are mostly intractable in building prediction models. However, the initial measures 

of settlements capture the inherent uncertainties that can affect future tunnel settlements and 

convergences. This study used the initial 2.4 years of settlement records to forecast the upcoming 

tunnel settlements and convergences as later as 14 years apart. Machine learning algorithms 

(MLP, RF, and k-NN) were trained to build models, where RF gained the highest R2 (0.94-0.98) 

for predicting long-term settlements, and MLP gained the highest R2 (0.76) for horizontal 

convergences prediction. 
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CHAPTER 1 INTRODUCTION 

 

1.1 Motivation  

Underground constructions, such as tunnels are greatly affected by its surrounding 

geology. Due to the complex nature of the earthôs geological formation, it is almost impossible to 

fully characterize the ground conditions along the tunnel alignment. Moreover, unfavorable 

ground conditions can cause detrimental situations for the construction and operation of tunnels 

such as ground collapse, mud inrush, cutterhead jamming and wear of TBM, excessive post-

construction settlement and convergence etc. (Chen et al., 2021, Huang et al., 2020; Ma et al., 

2015; Ong et al., 2016; Shen et al., 2014; Tóth et al., 2013). To detect the unfavorable ground 

conditions, tunneling projects generally depend on the data collected from subsoil investigations, 

which are always limited due to economic constraints. However, current tunneling practice uses 

mechanized tunnel boring machines (TBM) equipped with various sensors collecting high 

frequency data during excavation. Although these data are mostly used for navigation and 

construction purposes, they have high potential to characterize the ground conditions upon 

detailed studies and explorations. On the other hand, during operation, unfavorable ground 

conditions might result in undesired tunnel responses, e.g., settlement, convergence etc. For 

proper monitoring and maintenance of tunnels, monitoring sensors are installed to collect data on 

tunnel responses during its operational years. These monitoring data can potentially be used to 

develop better understanding about the tunnel responses under unfavorable geological 

conditions. The above discussion irradiates that the in-situ data collected during tunnel 

construction and monitoring are yet underutilized. These data are highly potent beyond their 

regular usage to address various tunneling related difficulties developed due to the unfavorable 

ground conditions.  
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Recently, the application of Machine Learning (ML) is emerging in the tunnel 

engineering sector taking advantage of the abundant tunneling data. ML is a subfield of artificial 

intelligence that develops models through algorithms which can learn from data and develop 

further with additional experience. The use of ML is becoming increasingly popular in the 

tunneling sector as it can help to better understand complex tunnel-ground interactions, which 

are difficult to be perceived using traditional approaches. ML algorithms can detect patterns and 

relationships within a vast amount of data which are often imperceivable by a human specialist. 

Such insight can help to make more precise predictions regarding the behavior and performance 

of tunnels.  

To mention some state-of-the art use of ML in tunneling research, Erharter et al. (2020) 

used Artificial Neural Network (ANN) to develop an online automatic rock mass classification 

criterion. Yagiz et al. (2009) considered non-linear multivariable prediction model to estimate 

TBM performance as a function of rock properties. Yeh (1997) described a shield control system 

software to balance soil pressure on the shield cutting face. This software, which adjusted the 

speed of the shield jack and the speed of the screw conveyor, was based on a neural network. For 

the complex earth conditions and uncertain factors, the Earth Pressure Balance (EPB) shield 

tunneling can cause earth caking, soil occluding in the capsule, water spewing, surface settlement 

etc. To avoid them, Shi and Li (2012) applied ANN to predict the common shielding faults. Hu 

et al. (2019) proposed a machine learning framework which combined particle swarm 

optimization (PSO) with support vector regression (SVR), back-propagation neural network 

(BPNN), and extreme learning machine (ELM) to forecast the surface settlement for tunnel 

construction in two large cities of China. Qin and Wang (2011) introduced the relevance vector 
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machine (RVM) to predict the unseen data to include all the relevant factors influencing ground 

surface settlement.  

Although plenty of tunneling related research has been carried out so far utilizing ML 

techniques, there are plenty of unexplored avenues which can significantly contribute to the 

improvement of existing tunneling practice. There are scopes to perform research to fill the gaps 

between various tunnel responses and the ground conditions influencing such responses. To this 

end, this research attempted to explore novel approaches to utilize tunneling data from three 

different projects to address three specific tunneling related problems, which are discussed 

below.  

(1) Using TBM operational and geological data to detect ground collapses   

 Tunnel boundary collapse caused by fault zones or karstic intrusions in rocky strata can 

pose severe threats to the construction progress by causing operational delay, casualties, cost 

overrun, etc. To get early warnings, current practices rely on geological characterization 

techniques which incur additional costing. Existing research works (Huang et al. 2020, Xue et al. 

2020) attempted to evaluate the risk of collapse depending on geological and geophysical survey, 

and testing data which are of limited availability . Other approaches used TBM generated data 

(Chen et al. 2021) to build prediction model distinguishing collapsing ground but fails to provide 

an ahead of time warning for collapse. Therefore, detailed studies are still required to identify 

and characterize these incidents more efficiently in adverse rock conditions.  

(2) Using EPBM data to detect ground properties and mixed-soil face  

 Earth pressure balance tunnel boring machines (EPBM) are a specific type of TBM that 

are used for tunnel excavation under soft ground conditions. EPBM uses the excavated soil to 

maintain the required stability of the tunnel face during excavation, which makes it sensitive 
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towards the excavated ground properties. Difficult ground conditions, such as mixed-soil face, 

high plasticity soils can cause trouble to the EPBM operation by causing over excavation of 

loose materials, clogging of cutterhead etc. (Golpasand et al., 2013; Oliveira et al., 2018). 

Moreover, the limited geological and geotechnical data canôt fully depict the expected ground 

conditions during EPBM excavation. Although existing studies used TBM operational data to 

detect ground conditions, they are mostly restricted to the tunnel excavation under hard rock 

conditions (Erharter et al., 2020; Jung et al., 2019; Liu et al., 2020; Sousa and Einstein, 2012; 

Yu, 2021; Zhang et al., 2019; Zhao et al., 2019). Hence, detailed studies to characterize the soft 

ground conditions using EPBM data are yet to be explored. This can significantly improve the 

current practice of EPBM operation by providing improved understanding of the ground 

conditions during excavation.  

(3) Using monitoring data to forecast tunnel settlement and convergence 

Tunnel constructions under soft geological formations often suffer from tunnel responses 

such as long-term settlements and convergences, which can be dangerous for the tunnel 

operation. Effective forecasting of these responses is crucial to ensure safe tunnel operation by 

timely implementation of necessary maintenance measures. Although many studies have 

attempted to analyze and predict such tunnel responses under soft ground conditions, they were 

mostly restricted to qualitative assessments about the contributing factors behind the responses, 

numerical simulations with material properties and factors being non-representative of the actual 

conditions or providing only short-term predictions of the response (Huang et al. 2005; Ng et al. 

2013, 2012; Shen et al. 2014; Xu and Xu 2011; Yuan et al. 2017; Zhou et al. 2019). However, 

the existing records of monitoring data on such tunnel responses can potentially help to 

understand and predict the long-term tunnel behavior without such restrictions. The metro 
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tunnels built in Shanghai soft soil (Ng et al. 2013, 2012; Shen et al. 2014) have such records on 

tunnel responses. Specifically, Metro Line 1 has sixteen years of tunnel monitoring data recorded 

since the beginning of its operation. Hence, it is beneficial to study these monitoring data to 

develop better understanding and perform long term predictions on such detrimental tunnel 

responses. 

1.2 Research Objective 

 To address the three specific tunneling problems described above, the following research 

objectives were pursued.  

 (1) Analyze the inter-dependencies between the TBM operational data, geological survey 

data on rock mass ranks and collapse incidents during gripper TBM tunneling through adverse 

rock strata; Develop understanding about the physical conditions of ground adjacent to collapse 

incidents; Use ML techniques to build prediction models providing early warning on impending 

collapse incidents; Compare multiple techniques to recommend the best performing prediction 

model. 

 (2) Investigate the potential correlations between EPBM operational data and 

geotechnical data of the excavated tunneling ground; Explore ML techniques to build prediction 

models detecting clay-soil mixed face conditions, soil grain size distributions, and clogging 

potentials of the as encountered excavating soil using EPBM operational data; Explore different 

ML techniques to identify the models with optimal performance for each of the predicted 

properties of the EPBM excavation soil. 

 (3) Analyze the monitoring data on long-term tunnel longitudinal settlement and 

horizontal convergence to identify their internal dependencies; Analyze the chronological 

records of long-term tunnel longitudinal settlements data to explore their internal connectivity 



6 
 

and influence on future tunnel convergence; Recommend ML based prediction models to 

forecast long-term tunnel settlement and horizontal convergence. 

1.3 Methodology 

The advancement of computational technologies and effective data collection systems in 

recent tunneling practices made it easier to adopt ML techniques to analyze and predict tunneling 

related responses. Also, the data collected from tunneling projects are mostly inconsistent with 

non-linear trends, which made ML algorithms suitable for these studies. Hence, ML will be used 

in this research to understand the behavior of tunnels as manifested by monitoring data during 

the tunnel construction.  

In traditional programming, a sequence of instructions is provided to transform the input 

data into the desired output, which is called an algorithm. Here, the limitation is that the 

programmer needs to be aware of the underlying knowledge or a set of rules from beforehand to 

develop such algorithm. This creates bottlenecks in computation when the problem is too 

complex. For some of the problem studies, it is even impossible to define such a set of rules, e.g., 

prediction of customer behavior, face recognition etc. A similar problem in tunnel engineering 

will be detecting excavation ground condition with sensor data. On the other hand, machine 

learning methods allow the computer to learn the underlying logic set from the data itself. To 

explain it in a simpler way, consider y = f(x), where x represents the input data, f is the function 

to transform x into the output y, and y represents the final output produced by the program. In 

traditional programming, the set of rules or instructions are hand-coded in f to define how to 

transform x into the output y. (Figure 1.1 (a)), e.g., Finite Element Method. But for machine 

learning, the function f is not hand-coded as in the case of traditional programming. Instead, a 
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machine learning algorithm provides us with the function f, which is learnt from the data (input x 

and output y) (Figure 1.1 (b)). 

 

 

 

                                             (a)                                                                   (b) 

Figure 1.1 Traditional programming versus Machine learning. 

 

Machine learning models are trained and tested with the data in the following manner: 

Å Training: given a training set of labeled examples {( x1, y1), (x2, y2), é, (xN, yN)}, the 

prediction function f is estimated by minimizing the prediction error on the training set. 

Å Testing: f is then applied to a previously unseen test example x and output the predicted 

value, y = f(x). 

During the training process, the model learns how to optimize a performance criterion by 

minimizing a loss function that measures the difference between the predicted output y and the 

actual output. Once the model is trained, it can be used to make predictions on new input data by 

computing y using the learned parameters and the input data x. In this process, the model can 

optimize its parameters using example data or past experiences (Alpaydin, 2020). Hence, ML is 

flexible towards acquiring knowledge imprinted inside the data without following a physical or 

theoretical model. However, the core of ML is dependent on statistical theory to make inference 

from the existing data. Efficient algorithms are needed to handle a massive amount of data and 

solve the optimization problem.  
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As ML models are data dependent, it is crucial to gather authentic real-life data related to 

the specific problem study. Hence, the availability of authentic resources to gather relevant data 

is a mandatory requirement to develop efficient ML based models. Moreover, real-life data are 

often inconsistent and filled with noises and outliers. An important preliminary step before the 

application of ML algorithms is to produce clean datasets. The process mostly ensures to remove 

outliers and noisy data and tries to keep only meaningful and informative data instances in the 

processed dataset. More details on data cleaning can be found in Chapter 3-5. The next challenge 

is to find the most appropriate ML technique for the problem study. According to the ñNo free 

lunchò theorem, the only way to discover the best performing algorithm is to employ it to the 

dataset and assess its performance. Hence, the most promising or state-of -the-art algorithms are 

generally employed and their performances are compared to find out the best one for the problem 

study. The algorithms are generally trained with a subset from the original dataset, and then 

validated against the rest of the data. During the training process, the hyperparameters of the 

algorithms are optimized using the training data, which plays an important role in reaching their 

optimum performance. Finally, the parameter weights are extracted to deploy the models to the 

real-life problems. A simple flowchart of the processes described is shown in Figure 1.2. 

 

Figure 1.2 Flowchart for ML model development. 
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Based on the labeling condition of the output data, ML algorithms are generally divided 

into three types, supervised, semi-supervised, and unsupervised. Supervised ML algorithms are 

trained with labeled input-output pairs. An existing dataset with input and output features is used 

to train and test the algorithm. In the case of semi-supervised algorithms, some of the training 

data instances include desired labeling of the outputs and the others remain as unlabeled data. 

Unsupervised learning algorithms utilize all the data as unlabeled to identify patterns, e.g., 

clustering. Supervised algorithms are generally predictive algorithms, whereas unsupervised 

algorithms can be descriptive to gain knowledge from the data (e.g., dimensionality reduction). 

Again, supervised algorithms are defined as classifiers or regressors depending on whether the 

output label is continuous or discrete respectively. On the other hand, unsupervised algorithms 

make clustering of discrete data, whereas perform dimensionality reduction on continuous data. 

The division of different ML techniques are shown in Figure 1.3 (a) and example probability 

distributions of continuous and discrete data are shown in Figure 1.3 (b). There is another type of 

ML algorithm which is Reinforcement learning. This type of algorithm is trained by providing 

rewards for the desired outputs and penalized for the undesired ones.  
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                                                                            (a) 

 

            

 

                                                                            (b) 

Figure 1.3 (a) Types of ML algorithms, (b) example probability distribution for discrete and 

continuous data. 

 

Besides discussing the effectiveness of ML algorithms, some limitations should also be 

discussed. One of the main limitations is the reliance on data quality and quantity. Machine 

learning algorithms require large amounts of data to be effective, but if the data is incomplete, 

biased, or otherwise flawed, it can be non-effective or lead to inaccuracy. Additionally, machine 

learning models are only as good as the algorithms and features that they use. Hence, the model 

requires to be properly designed or trained to accurately represent the problem it is trying to 
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solve. Another limitation is the "black box" nature of many machine learning models, which 

makes it difficult to understand how the model is making its predictions or decisions. This can 

sometimes make it challenging to identify and correct errors or biases in the model.  

1.4 Organization of Thesis 

 There is a total of six chapters presented in this thesis. Besides the introduction chapter, 

the remaining five chapters are described below. 

 Chapter 2 provides the backgrounds of existing literatures on tunnel ground 

characterizations, detecting ground collapse and mixed face conditions, and finally on the 

prediction of tunnel settlement and convergence in soft ground condition. Along with traditional 

research practices, this chapter specially focuses on reviewing the application of machine 

learning techniques for the problem studies explored in this thesis. 

 Chapter 3 presents an ML based approach to predict the upcoming tunnel ground collapse 

during TBM excavation through adverse rock strata. This study utilized the data from a water 

conveyance tunneling project of China having fault-fractured zones and karstic caves along the 

tunneling ground resulting in frequent collapses. The study developed models that can forecast 

the upcoming collapse during TBM excavation based on an influence zone associated to that 

collapse area. 

 Chapter 4 introduces ML models to characterize the as-encountered ground conditions by 

detecting mixed-soil face, grain size distributions, and clogging potential of the tunnel 

excavation face during EPBM operation. Classification and regression algorithms are trained and 

optimized by using novel techniques to identify the best performing algorithms for each 
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prediction case. The models are developed using the data of EPBM tunneling of Northgate Link 

Extension project, Seattle. 

 Chapter 5 presents an effort to forecast long-term tunnel longitudinal settlement and 

convergence by developing ML prediction models based on the monitoring data of Metro Line 1 

built in Shanghai soft soil. The prediction is also compared with theoretical model. 

 Chapter 6 summarizes the conclusions and suggestions for future research. 
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CHAPTER 2 BACKGROUND AND LITERATURE REVIEW 

 

2.1 Ground Characterization 

 Knowing about the ground conditions and possible threats is important before the tunnel 

construction begins. For this reason, subsoil investigations are conducted before the tunnel's 

construction to overcome challenges associated with ground uncertainties. These investigations 

include borehole drilling and logging, geological survey and mapping, hydrogeological testing, 

etc. The geologists combine these data to create an approximate geological map along the tunnel 

alignment, serving as a baseline for the construction personnel. As the budget constraints limit 

the scope of these investigations, they are generally insufficient to capture the ground 

characteristics along the whole alignment of the tunnel. For example, borehole drillings are 

performed at discrete points along the tunnel alignment and provide only the geological profile 

along the vertical axis. To be specific, geologists make qualitative assessments to characterize 

the ground conditions between the adjacent boreholes. Hence, there is a possibility of misjudging 

the actual ground condition to be experienced during the tunnel excavation. Moreover, the 

borehole drilling method is a destructive, expensive, and time-consuming method. 

 Besides borehole drilling, some non-destructive geophysical methods are used for ahead 

geological prospecting during excavation, such as seismic wave reflection, electrical resistivity, 

acoustic reflection, ground penetration radar, etc. (Alimoradi et al., 2008; S. Li et al., 2017; 

Mooney et al., 2012). For TBM excavation, the geophysical ahead prospecting methods used are 

namely tunnel seismic prediction (TSP), tunnel-seismic-while-drilling (TSWD), sonic soft-

ground probing (SSP), 3D induced polarization, Bore-tunneling Electrical Ahead Monitoring 

(BEAM) method alongside the excavation. In the TSP method, seismic wave producers are 

installed on the tunnel walls adjacent to the excavation face producing P and S waves. Receivers 
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are installed behind the tunnel face to sense these waves directly. The layers reflect them in front 

of the face, which classical wave propagation analyzes to infer rock mass quality (Alimoradi et 

al., 2008). Instead of actively producing seismic waves, the TSWD method proposed by Petronio 

and Poletto (2002) uses the seismic waves produced by the TBM cutterhead rotation during 

excavation. However, this method is limited to the frequency range produced by the tunneling, 

hence capable of identifying only the major changes in geology. The SSP method is used for soft 

ground tunneling, which operates by assessing the acoustic reflection of P wave signals from the 

cutterhead to detect any anomalies ahead of the TBM. The BEAM method measures the 

electrical resistance of the ground by inducing electrical field ahead of the tunnel face, which can 

eventually correlate to the ground properties such as porosity, permeability, faults, cavities, 

mineralogy etc. (Mooney et al., 2012). Although the advance geologic prospecting methods 

described so far are highly effective in delineating the ahead ground conditions during tunneling, 

they have potential drawbacks. For example, all of these methods require additional monitoring 

instruments to be installed beyond the regular accessories of TBM, which incur additional 

costing. Moreover, often these monitoring methods require additional time beyond the regular 

operational schedule, thus delaying the overall excavation process (Jung et al., 2019; Yu, 2021). 

 Besides geophysical techniques, various data-driven techniques (e.g., geo-statistics, 

machine learning) are adopted in the existing literature, which uses the TBM-generated data for 

ground characterization and performance prediction. The TBM data so far have been used in two 

forms: i) TBM operational parameters (penetration rate, cutterhead rotating speed, torque, thrust, 

etc.), which are raw TBM data collected by the sensors, ii) TBM performance parameters (field 

penetration index, torque penetration index, specific energy, etc.), which are derived from the 
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TBM operational parameters and tunnel geometry (Hassanpour et al., 2011; Jing et al., 2019; 

Zhu et al., 2021a).  

 Compared to the conventional tunneling method in rock strata (e.g., drill and blast), TBM 

tunneling is more complex and sensitive to prior information about the rock characteristics. 

Several research works predicted the rock mass characteristics using TBM operational and 

performance parameters for TBM tunneling in rock. For instance, Exadaktylos et al. (2008) used 

specific energy required for rock cutting during TBM excavation to predict the rock mass rating 

(RMR) and Q index of the rock ahead of the tunnel face. At first, the specific energy required for 

cutting rock is measured using a tunneling project's relevant TBM operational parameters. Then, 

the TBM parameters and the rock geotechnical properties from filed mapping are filtered by the 

Kriging technique, which interpolates rock mass classifications with minimum error variance at 

unknown locations. Finally, the best-fit empirical relation of RMR and specific energy is 

obtained. Model parameters are calibrated using the best-fit process of TBM driving data on 

previously characterized rock mass sections. Thus, this method could provide the spatial 

distribution of rock strength along the tunnel with limited borehole data. The method was 

successfully applied to a tunnel section of Metro L9, Barcelona, with good agreement on the 

RMR prediction.  Zhang et al. (2019) used TBM operational data on cutterhead rotation speed, 

torque, thrust, and advance rate as input features to predict rock mass class. The study used K-

means ++ clustering algorithm to the TBM parameters to specify their rock mass class. Then it 

used three supervised machine learning classifiers (support vector, random forest, and k-NN) to 

predict the rock mass class. They reported the support vector as the best predicting classifier, 

producing 84.4% precision and 88.8% recall performance on a water conveyance tunnel test data 

in China. Liu et al. (2020) used a similar approach to classify the surrounding rock mass based 
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on TBM operational and performance parameters and trained CART (classification and 

regression tree) and AdaBoost algorithms for predicting a rock mass class of a water conveyance 

tunnel near Songhua River, China. This research found that AdaBoost-CART performed better 

than the standard CART algorithm, with accuracies of 0.86 and 0.75, respectively.  

 For tunnel excavation in soft ground conditions, pressure balance against the excavation 

face is necessary for its stability. Hence, two major types of TBMs are used for soft ground 

excavation: slurry pressure balance TBM (SPBM) and earth pressure balance TBM (EPBM). 

The major difference between these two methods is that SPBM uses bentonite slurry. In contrast, 

EPBM uses muck from the excavated soil by mixing it with necessary conditioning agents for 

pressure balance. In EPBM tunneling, producing a homogeneous muck with desired properties is 

key to achieving optimal pressure balance and performing excavation efficiently. Hence, a 

proper soil conditioning mechanism needs to be adopted, which depends on the properties of the 

soil to be excavated. Therefore, knowing the ground characteristics along the tunnel alignment is 

crucial for successful and optimal EPBM operation. Several research attempts have been made to 

characterize the ground condition during tunnel excavation using EPBM operational parameters. 

For example, Zhao et al. (2019) used EPBM operational parameters from 72 different sensor 

types, generated new features using feature augmentation, and finally used them to predict the 

soil type of the excavation face. The prediction is performed as a vector of thicknesses of soil 

types to be experienced at the tunnel face. Several machine learning algorithms were trained to 

build prediction models using the data collected from 1364 tunnel rings and 88 boreholes. They 

are the artificial  neural network, XGBoost, CatBoost, random forest, decision tree, support 

vector regression, K-nearest neighbors, and Bayesian linear regression. According to their 

findings, the prediction models developed by the feed-forward artificial neural network 
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outperformed the others by achieving the smallest average mean square error (<0.05) on the test 

set data (30% of the whole data). The research performed by Yu  (2021) indicates that EPBM 

operational data can be successfully used to predict the probability of experiencing certain 

engineering soil units (ESU) as the majority soil type at the as-encountered tunnel excavation 

face. The study used both driverôs operating parameters (cutterhead rotation speed, foam 

injection rate, thrust force, screw conveyor rotation speed) as well as machine reaction 

parameters (advance rate, chamber pressure, cutterhead torque) as input features to predict the 

ESU probabilities assigned to each tunnel rings based on geologist inference. The research 

explored supervised and semi-supervised machine learning algorithms to build prediction 

models. The results indicate that the semi-supervised model performed better than the supervised 

model if the condition of data scarcity prevails. Both models struggle to perform well in 

geological boundaries between different soil units. 

2.2 Detecting Tunnel Ground Collapse 

 For rock strata, the collapse of the boundary of a cavity is a hazardous phenomenon. 

Specifically, collapse occurring during tunnel excavation can be catastrophic by causing injuries, 

human casualties, and economic losses  (Huang et al., 2017; Wang et al., 2017). Therefore, many 

research works have attempted to develop an understanding and detect tunnel ground collapse 

during operation through weak rock strata. The collapse incidents happen due to the instability of 

the surrounding rock of the cavity created by the tunnel. The natural occurrence of fault-

fractured zone, karstic cave in the rock strata along the tunnel alignment mainly causes such 

instability. The condition of rock in a fault-fractured zone is broken and loose, which does not 

have sufficient strength to hold itself during the excavation. In contrast, karstic caves include 
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water or other fillers inside the cave, which can break into the tunnel and collapse the local rock 

mass.  

 As mentioned in the previous sections, geophysical prospecting methods can detect fault-

fracture zone or karstic caves in the rock, thus detecting possible rock collapse during tunnel 

excavation. For example, Li et al. (2018) described using such methods during the TBM 

excavation of the Songhua River water conveyance tunnel through adverse rock strata. The 3D 

seismic and 3D induced polarization methods were successfully used to forecast fault zone and 

water-bearing structures ahead of the tunnel face, respectively. However, the process requires 

additional equipment (shot points, geophones, electrodes, etc.) into the TBM for seismic wave 

propagation and reflection measurements requiring additional time and cost of operation. Hence, 

exploring other theoretical methods to understand collapse mechanisms during excavation is 

beneficial.  

 Several theoretical approaches were taken to analyze the collapse mechanism and to 

detect such incidents during tunnel construction. Fraldi and Guarracino (2009) used the Hoekï

Brown failure criterion and limit analysis to develop an analytical solution predicting the 

collapse state of rock in the realm of plasticity theory. The proposed hypothesis considered both 

the onset of yielding and the kinematics of collapse, as the first yielding alone may not represent 

the actual collapse mechanism. The tunnel cavity under consideration was a rectangular-shaped 

cavern. Another attempt from these researchers (Fraldi and Guarracino, 2010) developed 

analytical solutions for tunnel collapse with arbitrary excavation profiles, providing special 

attention to circular tunnels. Fraldi and Guarracino (2011) compared their analytical approach 

with numerical procedures for predicting a collapse in a circular rock tunnel. They reported the 

numerical procedure for evaluating progressive collapse failure is more complicated than their 
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proposed solution. Wang et al. (2017) adopted a numerical approach to study the surrounding 

rock stability during tunneling in a fault-fractured zone. 

A three-dimensional numerical model was developed to simulate the excavation through 

a fault-fractured zone of the Wuzhuling Tunnel in China, which resulted in a 13 m-long collapse 

cavity during operation. They also studied the influence of the slope angle and width of the fault 

on the stability of the surrounding rock. The results indicate that a sudden change of surface 

displacement was detected during tunneling through the fractured zone with a fluctuation of 

principle stress at some key point 10 m ahead of the tunnel face. Besides theoretical models, 

laboratory experiments are performed to assess rock strata's collapse condition. For example, 

Jeon et al. (2004) developed laboratory-scaled models to investigate the effect of fault, weak 

plane, and grouting on the rock mass stability of tunnel boundaries. However, there are certain 

limitations associated with theoretical and experimental techniques. The theoretical models are 

based on assumptions on environmental and material conditions, which have limited 

applicability in a complex heterogeneous geological condition of tunnels. On the other hand, the 

scaled models used in the laboratory experiments require additional material costing and human 

efforts and are dependent on the assumptions of similarity theory of material, time, and 

movement conditions. Hence, data-driven investigation methods are often adopted working with 

on-site data collected from tunneling projects. 

 Xue et al. (2020) used a comprehensive investigation method based on the analytical 

hierarchy process and fuzzy evaluation theory. They used sample data on eight influencing 

factors on different rock and tunnel properties collected from a tunneling project constructed in 

weak rock conditions with collapse incidents. Weights are assigned to each factor using an 

analytical hierarchy process to measure their collapse risk evaluation index developed using a 
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comprehensive fuzzy model. The calculated risk grades of collapse for tunnel sections were 

nearly consistent with the actual tunnel experience. Moreover, the research identified the 

groundwater condition as the most influencing factor of tunnel collapse.  

 Very recently, TBM-generated data during tunneling through weak rock strata have been 

used to detect ground collapse incidents. As mentioned earlier in the previous section, TBM data 

contain rich information about the excavated ground condition during tunneling, hence having a 

high potential to detect tunnel ground collapse. Chen et al. (2021) used a drilling efficiency 

index, TPI, and developed a time series forecasting model for TPI with a deep belief neural 

network. TPI is calculated based on TBM operation parameters: cutterhead torque, cutterhead 

rotation speed, and penetration rate. The TPI measure of five consecutive boring cycles is used to 

predict the value for the sixth cycle. Their findings indicate that collapse locations can be 

detected based on obtaining lower accuracy measures for TPI prediction for the collapse cycles 

than the regular ones. Guo et al. (2022) had a similar approach for the advanced prediction of 

collapse by time series prediction of TBM cutterhead torque and thrust using LSTM for collapse 

and non-collapse area. They proposed a three-stage model based on the accuracy of forecasting 

these TBM parameters, the collapse being detected by the accuracy measure of < 0.75. Both of 

these research attempts utilized the TBM data from normal ground condition to train their 

models and detected collapse conditions based on their modelsô failure to perform as well as 

expected from a normal ground condition. These methods thus fail to sense of actual collapse 

condition from the TBM data while trained. Also, the models depend on time series analyses, 

which require a series of previous measurements to make rigorous and time-consuming 

predictions. 
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2.3 Detecting Mixed Soil Face Conditions 

A mixed-face condition during tunnel excavation is considered a difficult ground 

condition causing ground settlement, over-excavation, jamming of TBM cutter, cutter wear, face 

pressure instability for soft ground TBM operation, overall causing poor TBM performance and 

associated monitory losses. (Blindheim et al., 2002; Elbaz et al., 2018; Haukur, 2002; Jeong et 

al., 2019; Ma et al., 2015, 2015; Ong et al., 2016; SU, 2015; Tóth et al., 2013; Vergara and 

Saroglou, 2017; Xie et al., 2018; Zhao et al., 2007). Ong et al. (2016) showed that the influence 

of an approaching mixed face condition for a twin bored tunnel increased the volume loss to 

120% for EPB-TBM tunneling. Jeong et al. (2019) showed that the key operational parameters of 

TBM excavation, such as torque, thrust, RPM, penetration rate, etc., are greatly affected by the 

mixed face ground condition, which requires the assessment of the optimal operation of the TBM 

based on these operational data. 

Different mixed-face conditions pose different threats to the tunneling operation. For 

example, rock-soil interface (RSI) can cause the TBM to have high cutter consumption, machine 

blockage, etc., which forces the TBM to operate with a reduced advance rate and rotation speed 

of cutterhead (Dehnavi et al., 2017; Tóth et al., 2013; Zhang et al., 2020). This threat eventually 

leads to operational delays and associated monetary losses. Another hazardous mixed face 

condition is the simultaneous presence of granular or non-cohesive soil (sand) with cohesive soil 

(clay) material.  This type of mixed face condition can threaten the over-excavation of the loose 

material leading to cavitation and, eventually, the collapse of the tunnel face or crown 

(Golpasand et al., 2013). The low strength and hardness of the soil layers in comparison to rock 

cause this.  
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Several research efforts following analytical, numerical, experimental, or data-driven 

approaches have been made to identify and characterize mixed face tunneling conditions and 

possible solutions to associated problems during the operation. Tóth et al. (2013) described 

different mixed-face conditions for tunneling in heterogeneous ground conditions. They used 

TBM operational data and geological data from a tunnel project in Singapore to develop a model 

to calculate the TBM penetration rate through RSI mixed ground using ANOVA and sensitivity 

analyses. The developed model was applied to another tunneling project in Singapore with 

similar ground conditions achieving a good correlation between measured and calculated TBM 

penetration rates. Su (2015) studied the soil responses due to tunneling in mixed-face conditions 

by numerical analyses to simulate local case studies with homogeneous and mixed-face 

conditions through the Old Alluvium and Kallang Formation of Singapore. Zhou et al. (2018) 

used constitutive modeling to develop general particle dynamics code simulating rock 

fragmentation by TBM cutting tools in rock soil mixed face conditions. They found an optimal 

position for cutter tools spacing on the TBM cutterhead, achieving more effective TBM 

performance. Zhao et al. (2019) investigated the effect of mixed ground conditions on the cutting 

efficiency of TBM by performing boring tests on prefabricated sandstone samples. 

Moreover, a 3D numerical simulation was performed to verify the experimental results to 

obtain an improved understanding of rock-cutting mechanisms and adjust the design of TBM 

cutters accordingly with increased efficiency. Wang et al. (2021) developed a prediction model 

for the slurry face pressure of a shield machine operating in the mixed ground containing gravel 

and mudstone with clogging disturbances. They proposed a denoising method to remove 

fluctuation of face pressure due to clogging disturbance. This method, developed by combining 

cross-correlation analysis and long short-term memory (LSTM) network, is used to predict the 
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slurry face pressure of the shield machine during operation with tunneling parameters and 

geological data used for input features. Their method obtained good prediction performance with  

R2 =0.99. 

Despite many studies on mixed face conditions during tunneling, there is scope to 

improve the knowledge and understanding of this phenomenon. Especially the clay sand mixed 

face soil condition is still inadequately studied. It is necessary to know the extent of this mixed 

face condition during EPB tunneling as the conditioning agent depends on the grain size 

distribution of the excavated soil, which is unknown in the case of clay-sand mixed face 

condition. This requirement is required because the geotechnical investigation can only provide 

information regarding the specific type of sample collected from a specified depth which cannot 

represent the excavated mixed face soil. Hence, the tunneling operation will benefit if the 

information regarding the clay sand mixed condition and corresponding grain size distribution 

can be known utilizing the instantaneous data collected by the TBM sensors. 

2.4 Forecasting Tunnel Settlement and Convergence 

The metro tunnels of the coastal city of Shanghai, China, has been suffering from long-

term longitudinal and differential settlements which significantly affected the safety of the 

subway operation (Shi et al., 2018; Yuan et al., 2017). The segmented tunnel linings also 

suffered from cracking and spalling, seepage, joint dislocation, tunnel convergence, etc. (Yang et 

al., 2018). The subsoil formation of Shanghai includes soft soil layers comprising quaternary 

alluvial and marine deposits, with most of the metro tunnels buried in very soft clay layer (Chen 

et al., 2015; Han et al., 2017; Shen et al., 2014; Shi et al., 2018). This clay layer is characterized 

by high water content, high compressibility, and low permeability. The immediate bottom layer 

is high permeability sandy aquifer with a high ground water table. 
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 Many researchers have investigated the reasons behind the long-term settlement 

characteristics of metro tunnels in Shanghai. Xu and Xu (2011) mentioned more than 25 cm 

settlement of tunnel bottoms for years of metro operation in Shanghai. Using the grey correlation 

hierarchical method, they investigated the main influence factors on metro-caused settlements. 

They mentioned several factors, namely the dynamic load of the metro, soil condition, burial 

condition of soil prone to dynamic settlement, drainage condition, hydrogeologic condition, etc., 

as the main reasons for the post-construction dynamic settlement. Ng et al. (2013) investigated 

the longitudinal settlement history of Shanghai Metro Line 1 recorded for 12.5 years (from 1994 

to 2007) and mentioned four possible causes: tunnel construction effect, cyclic loading of 

running trains, and secondary compression of soft clay and groundwater pumping in sandy 

aquifers. Among these, groundwater pumping in sandy aquifers was mentioned as the major 

contributor to soil's secondary compression or creep. Shen et al. (2014) mentioned the tunnel 

lining rings being distorted into a horizontal ellipse (convergence of ring) along with the long-

term longitudinal deformation of Shanghai Metro Lines 1 and 2. It was also observed that the 

settlement rate of the tunnel for the initial years of operation was more rapid than in the later 

years. Shi et al. (2018) analyzed the field data collected from four metro lines in Shanghai and 

discovered the dependency of the largest cumulative settlement at the time of metro line 

construction. It was also found that the bending deformation was more severe for elevated metro 

lines than the metro tunnels.  

 Several data-driven prediction models were developed to assess the condition and 

performance of Shanghai metro tunnels. Huang et al. (2017) developed a performance metric 

based on transforming the horizontal tunnel convergence to measure shield tunnels' long-term 

and short-term deformational performance evolution in Shanghai soft clay utilizing stochastic 
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analysis and autoregressive moving average method. Chen et al. (2019) proposed a tunnel 

serviceability index (TSI) expressed in terms of the average relative settlement, differential 

settlement, average convergence ratio, water leakage area, cracking length, spalling area as 

defect variables, and tunnel burial depth, operation age as influencing factors through multiple 

regression method. Zhou et al. (2019) proposed a method for tunnel settlement prediction 

through a transfer learning method. Zhu et al. (2020) analyzed TSI data through data mining 

methods, namely long-short-term memory (LSTM) and clustering analysis based on dynamic 

time wrapping (DTW) and identified different degradation patterns and predicted shield tunnel 

performance.  

 Tunnel convergences are often observed for metro tunnels constructed under soft ground 

conditions. Excessive tunnel convergence may result in many tunnel diseases and structural 

damage. Several studies have developed prediction models for tunnel convergence. Mahdevari 

and Torabi (2012) used ANN to predict tunnel convergence utilizing the geotechnical and 

geological parameters obtained from site investigation and laboratory tests. Adoko et al. (2013) 

used multivariate adaptive regression spline (MARS) and ANN to predict the convergence of a 

railway tunnel built in weak rock utilizing surrounding rock properties, tunnel overburden, 

elapsed monitoring time, etc., as input parameters. 
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CHAPTER 3 PREDICTING TUNNEL GROUND COLLAPSE 

Reproduced from a paper published in the Rock Mechanics and Rock Engineering journal 

Predicting Upcoming Collapse Incidents during Tunneling in Rocks with Continuation Length 

based on Influence Zone 

(DOI: 10.1007/s00603-022-02971-z) 

Sharmin Sarna1, Marte Gutierrez2, Michael Mooney3, Mengqi Zhu4 

 

3.1 Abstract 

 This research proposes a model for early prediction of collapse incidents in rocks during 

tunnel boring machine (TBM) operation utilizing TBM and geological survey data. Uncertainties 

associated with tunnel geology can significantly hamper tunneling progress. So far, various 

research works have tried to reduce such uncertainties by predicting the geological condition 

during tunnel excavation. However, specific tunneling responses caused by adverse geology are 

still poorly studied. In rocks, adverse geology such as karstic caves and fault zones can cause 

tunnel boundary collapse, a detrimental tunneling response causing unexpected interruptions and 

casualties. To identify and predict the potential collapse of TBM tunnels in rocks, three machine 

learning (ML) classifiers are used, namely: 1) multilayer perceptron, 2) support vector machine, 
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and 3) random forest. The ML algorithms are trained and validated using data on collapse 

incidents in a water conveyance tunneling project in China. The prediction accuracy of the 

proposed model reached 98% for training data and 97% for validation data. Furthermore, the 

model can identify an ñInfluence Zoneò for a collapse incident. A unique contribution of this 

research is that the ñInfluence Zoneò enables the model to predict an impending tunnel collapse 

and the extent of that collapsed segment ahead of the excavation. Finally, to gain better insight 

into the ML-based predictions, the relationships between TBM-related features and tunnel 

geology are carefully analyzed. 

3.2 Intro duction 

Geological uncertainties experienced during a tunneling project can pose severe threats to 

the construction progress by causing operational delay, casualties, cost overrun, etc. (Delisio and 

Zhao 2014; Li et al. 2017; Macias et al. 2014; Zhu et al. 2021). There is a financial limitation for 

conducting geological/geotechnical tests for a tunneling project. Therefore, the geological survey 

data collected before the tunnel construction are often insufficient when a tunnel boring machine 

operates through an adverse geologic condition. At the same time, geological characterization 

techniques such as seismic reflection, 3D polarization, resistivity method, electromagnetic 

method, etc. are often installed to get early warning on possible detrimental conditions ahead of 

the TBM (Alimoradi et al. 2008; Li et al. 2017, 2018; Mooney et al. 2012; Wang et al. 2019). 

However, these monitoring systems require additional time, costing, and maintenance for the 

tunneling operation. Therefore, recent research focused on using operational parameters recorded 

by the TBM data acquisition system to predict the geologic condition ahead of the tunnel face 

(Exadaktylos et al. 2008; Jung et al. 2019; Liu et al. 2019; Yamamoto et al. 2003). 
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TBM data acquisition system includes multiple sensors to collect data with high 

frequency during the tunneling operation (Girmscheid and Schexnayder 2003; Moreno et al. 

2015). Various sensors provide an extensive operational database suitable for performing 

machine learning and statistical analysis (Sheil et al. 2020). These data represent the interaction 

of the TBM with the excavated ground. Previous research works attempted to utilize the TBM 

collected data and its interaction with the surrounding ground to ensure better TBM operation 

and performance (Benato and Oreste 2015; Chen et al. 2017; Gao et al. 2019; Gong et al. 2021; 

Gong and Zhao 2009; Hassanpour et al. 2011; Hamidi et al. 2010; Salimi et al. 2016, 2017; 

Sapigni et al. 2002; Sun et al. 2018; Yin et al. 2014).  

Several researchers have developed prediction models based on statistical and machine 

learning methods to deal with the uncertainties of the ground conditions and response by 

utilizing the TBM operational data. Jung et al. (2019) used artificial neural network (ANN) with 

LevenbergïMarquardt (L-M) minimization of back-propagation error to predict mixed face 

ground condition one ring ahead of the tunnel face using TBM data on torque (T), thrust (F), and 

penetration rate (P). The ANN algorithm used data from different tunneling projects with ground 

conditions varying from soft soil to hard rock. Zhang et al. (2019) used TBM operational data of 

four channels, namely torque (T), thrust (F), cutterhead rotation (R), and advance rate (P), to 

predict rock mass type of the surrounding ground with ML classification algorithms (support 

vector machine, k nearest neighbor, random forest). Liu et al. (2020) used an ensemble learning 

model based on classification and regression tree and the AdaBoost algorithm (Géron 2019) for 

real-time determination of Chinese hydropower class (HC) of the surrounding rock using TBM 

operational and performance parameters. Mito et al. (2003) used drill logging and TBM 
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operational data to assess the geological conditions of the surrounding ground ahead of the 

tunnel face using geostatistical techniques.  

Despite the attempts made so far, detailed studies are still required to characterize 

different tunneling responses caused by various adverse geologic conditions in rock strata. 

Potential adverse geologies encountered during tunneling operation in rock strata include karst 

caves, faults or fractured zones, rockburst, blocky rock, etc. (Jeong et al. 2018; Macias et al. 

2014; Rostami 2016). Rock tunneling in karst or fault fractured zones can cause detrimental 

tunneling responses such as TBM blockage, tunnel boundary collapse, water inrush, etc. (Huang 

et al. 2018; Parise et al. 2008).  

Tunnel boundary collapse is defined as the disintegration of collapsing blocks from the 

excavated tunnel boundary due to the presence of weak or unstable rock caused by fault zones or 

karstic intrusions encountered along the tunnel alignment (Fraldi and Guarracino 2009, 2010; 

Wang et al. 2019; Wang et al. 2017; Yang et al. 2017). Several research methods have been 

made to understand the collapse mechanism in disturbed rock conditions and predict them during 

tunnel operation. Huang et al. (2020) utilized an analytical approach to predict collapse region 

during a deep highway tunnel excavation describing the conditions inducive of rock mass 

collapse having a karstic cave above the excavated tunnel boundary. An upper bound theorem of 

limit analysis was utilized to develop an analytical expression of the surface of the collapsing 

block near the area of the karstic intrusion. This method depends on the knowledge of the exact 

location of the karstic cave concerning the tunnel excavation boundary, the local rock mass 

properties such as compressive and tensile strength parameters, unit weight, material constants 

for the Hoek and Brown failure criterion, etc. The approach utilized available rock mass 

properties local to the vicinity of the karstic cave to represent the actual rock mass condition of 
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that region. However, abundant data on rock mass properties would require frequent geological 

and geotechnical testing and investigation along the tunnel alignment, which is impractical for 

tunneling projects.  

In addition, information gathered by geophysical sensors is needed to prospect karstic 

cave locations along the tunnel alignment, which incurs additional time and cost. Moreover, this 

method mainly focuses on investigating the collapse mechanism's nature during the excavation 

rather than predicting collapses in advance during run-time. The latter could potentially benefit 

the tunneling crew in taking proper countermeasures in advance, thus avoiding unnecessary 

delay and economic losses. Xue et al. (2020) utilized an analytical hierarchy-process entropy 

method and fuzzy set theory to establish collapse risk indicators for soft rock tunnels based on 

eight selected influencing factors.  

The evaluation model developed can evaluate the collapse risk grade defined by the range 

of deformation of the support structure during tunnel construction in soft rock conditions. 

However, this analysis method is also dependent on the geological and geophysical survey, and 

testing data as this method can only predict the risk grades of a tunnel section when these data 

are available. Moreover, the model is established and validated utilizing very few data points, 

making it more susceptible to outliers or exceptional conditions during tunnel construction. On 

the other hand, a data-driven prediction model established and validated on real-time data 

collected by the TBM sensors at a high frequency can be more robust and reliable. Chen et al. 

(2021) adopted such an approach where a time-series forecasting method was combined with a 

deep belief network to establish a neural network prediction model predicting the value of a 

parameter named as drilling efficiency index calculated utilizing TBM operational parameters. 

The predicted index can identify collapsing ground based on its deviation from the actual value. 
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However, in a practical scenario, forecasting an upcoming collapse incident ahead of the existing 

tunnel face and its entire length will be more beneficial for the tunnel operator to take necessary 

precautions and preventative measures. Guo et el. (2022) developed a three-stage method for 

forecasting tunnel ground collapse during TBM excavation by training deep learning algorithms 

and LSTM. The developed method can successfully forecast collapse ground condition based on 

anomalies in accuracy measure of predicted torque and thrust by the LSTM method and 

associated rock grade. Nevertheless, as opposed to a time series forecasting method such as 

LSTM, a simple classification method is less time-consuming and independent of immediate 

previous measurements to make a prediction. Therefore, this research aims to forecast collapse 

incidents during TBM tunneling in adverse rock conditions while providing a simple method to 

estimate the intensity of that upcoming collapse. The study used data from a water conveyance 

tunneling project with several collapse incidents, and thus developed prediction models for the 

early prediction of tunnel boundary collapses by training state-of-the-art machine learning 

classifiers. The proposed model can predict an upcoming collapse incident during tunneling and 

the extent of the collapsing ground ahead of the tunnel excavation. Considering the level of 

uncertainties the proposed model can resolve, it is hoped that significant progress can be made 

for TBM tunneling through difficult ground conditions with the potential of frequent collapse 

incidents.  

Following the description of the tunneling project used in this study, an ñInfluence Zoneò 

for collapses, which provides new insight regarding ground conditions that lead to collapse, is 

described. Data pre-processing techniques are used to remove spurious data points, ensuring 

optimal utilization of TBM data for the input to the ML model. Three ML classifiers are trained 

to build prediction models consisting of multilayer perceptron, support vector machine, and 
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random forest. Model predictions are tested and validated against the field data. Also, multiple 

ML models are trained and tested to verify and propose the optimal length of the ñInfluence 

Zoneò. Finally, a detailed analysis of the TBM operational data is conducted to gain better 

insight into their variations in response to tunnel geology to reduce the black-box nature of the 

ML-based models.  

3.3 Tunnel Project Overview and Data Description 

 This section provides an overview of the tunneling project and a detailed description of 

the geological and the TBM data used in the study. 

3.3.1 Geology 

 This study utilized data from a water conveyance tunneling project near Jilin Province, 

China. This project has a total tunnel length of 69.89 km for the first three sections, starting from 

the Fengman reservoir near Songhua River and running until the Shuangyang reservoir near the 

Yinma river. The tunnel was excavated by simultaneous TBM and drill-and-blast (D&B) 

methods. The D&B method was applied where TBM could not operate due to disturbed ground 

conditions. This study collected data from the third tunneling section, representing the most 

challenging construction segment due to complex geologic conditions. This tunnel segment has a 

total length of about 20 km (from chainage 71+476 m to 51+705 m), in which 88% of excavation 

was done with an open mode gripper TBM manufactured by the China Railway Engineering 

Equipment Group Co. Ltd (CREC). The rest of the excavation was performed with the D&B 

method.  

 The primary geology in this segment includes limestone, granite, tuff, and diorite. Among 

these rock types, limestone and granite are the most dominant lithologies. The detailed 

description of the excavation method and lithology along the tunneling alignment is shown in 
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Table 3.1. The average overburden depth at this tunnel section is about 100 m. Figure 3.1 shows 

the longitudinal geologic profile of this tunnel section. The tunneling operation of this section 

continued for 803 days, including 76 days of construction shutdown.  

Table 3.1 Information about lithology of tunnel alignment. 

Lithology 
Chainage (m) Total length 

(m) 

Percentage (%) 

Start End TBM D&B 

Limestone 71+476 63+266 8210 39 2 

Diorite 63+266 62+978 288 1 0 

Tuff 62+978 58+254 4724 15 10 

Granite 58+254 51+705 6459 33 0 

Summary   19681 88 12 

 

 

Figure 3.1 Longitudinal geologic profile of tunnel section 3 (Chen et al. 2021). 

 

 The geological profile was characterized and recorded on-site during the excavation 

process (Jing et al. 2019). The surrounding rock mass was classified based on the HC (Chinese 

Hydropower Class) System, which divides rock masses into five classes, I to V (Liu et al. 2017). 

Class I represents the strongest rock mass in the HC system, and Class V the weakest. Several 

rock characteristics are correlated with this classification system, including the uniaxial 

compressive strength, fracture intensity, discontinuity, groundwater condition, etc. In the present 

study, the surrounding rock mass of the tunnel includes Class II to Class V, among which Class 
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III is the dominant rock mass type (Table 3.2). The rock mass uniaxial compressive strength 

varies from 38 to 95 MPa, and the volumetric joint count ranges from 3.8 to 25.68 per cubic 

meter (Zhu et al. 2021).  

Table 3.2 Rock mass classification according to the HC System with percentages. 

Rock mass class 
Percentage of tunnel length 

(%) 

II  5.6 

III  75.1 

IV  15.4 

V 3.9 

 

 The tunneling project suffered frequent collapses caused by faulted and fractured zones 

and karstic caves. Most of these collapses are located at the tail of the TBM shield (Chen et al. 

2021). There are 18 records of such locations, shown in Table 3.3. 

Table 3.3 Information on collapse locations. 

Lithology No. 
Start Chainage 

(m) 

End Chainage  

(m) 

Collapse length 

(m) 

Limestone 1 70+817 70+800 17 

 2 70+792 70+768 24 

 3 70+396 70+380 16 

 4 70+348 70+335 13 

 5 66+329 66+307 22 

 6 66+290 66+274 16 

 7 66+243 66+217 26 

Tuff 8 60+334 60+328 6 

Granite 

9 56+602 56+597 5 

10 56+574 56+556 18 

11 56+495 56+474 21 

12 56+313 56+303 10 

13 56+291 56+281 10 

14 56+241 56+231 10 

15 55+003 54+963 40 

16 54+954 54+944 10 
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Table 3.3 Continued 

Lithology No. 
Start Chainage 

(m) 

End Chainage  

(m) 

Collapse length 

(m) 

Granite 
17 54+900 54+847 53 

18 54+216 54+170 46 

 

3.3.2 TBM description 

The TBM used in this project is an open mode gripper TBM with a 7.93 m face diameter 

and 8.03 m excavation diameter. A detailed description of the TBM specifications is provided in 

Table 3.4.  

Table 3.4 TBM specifications. 

Parameter Value 

Type Open Mode Gripper TBM 

Excavation Diameter 8.03 m 

Cutterhead Diameter 7.93 m 

Nominal disc-cutter spacing 89 mm 

Cutterhead Driving Power 3500 kW 

Maximum Thrust of Cutterhead 23260 kN 

Nominal Torque of Cutterhead 8410kNm @ 3.97 rpm 

Maximum Rotational Speed of Cutterhead 7.6 rpm 

Maximum Advancing Speed 120 mm/min 

TBM weight 180 t 

Thrust cylinder stroke 1800 mm 

Number of Cutters on Cutterhead 
56 (48 face cutters (19 in), 

8 edge cutters (17 in) 

 

The data-driven approach of modern-day TBMs relies on a central data acquisition and 

monitoring system controlled by a programmable logic controller (PLC) (Gong et al. 2021; 

Mooney et al. 2012). This data acquisition system collects real-time data on various TBM 

operational parameters such as cutterhead rotation, torque, axial force, and displacement of the 
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thrust cylinders, which are eventually used to calculate the total thrust force and an advance rate 

of the TBM. Figure 3.2 shows a schematic diagram of an open mode gripper TBM with some 

sensor locations. These sensors are connected to the PLC system for collecting the operational 

parameters mentioned above. The PLC system can transfer these data through a communication 

interface provided by the equipment manufacturer. Hence, the parameters are accessible to the 

monitors of the TBM control cabin, where the operator can visually inspect the data to check 

against any unusual activity and initiate necessary action. These data are also stored in real-time 

in local and/or remote databases. For the current project, the TBM data acquisition system 

collected data at a 1 Hz frequency. Figure 3.3 displays the raw TBM data as visualized in the 

control cabin. 
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Figure 3.2 Schematic diagram of gripper TBM with sensorsô arrangement. 
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Figure 3.3 Examples of raw TBM data. 

 

The TBM excavation was performed in tunneling cycles. Each cycle is expected to 

excavate approximately equal to the TBM thrust cylinder stroke, which is 1.8 m. However, the 

surrounding ground condition affects the TBM performance, resulting in different tunneling 

cycle lengths (varying from 0.5 to 1.8 m). During excavation, the TBM data acquisition system 

collected data automatically from 199 sensors with a 1 Hz frequency, which resulted in a data 

volume of terabytes. These 199 sensors primarily represent TBM operational parameters.  

A typical tunneling cycle includes four segments: 1) shutdown, 2) free rotation, 3) 

ascending, and 4) steady operation. Initially, the TBM starts with the free rotating segment, with 

the TBM rotating freely before hitting the ground. When the TBM hits the ground, the 

operational parameters gradually increase in the ascending or rising segment. Ultimately, the 

TBM excavation operation starts to stabilize as the fluctuation of the operational parameters 

reduces, which is regarded as the stable segment. The TBM operates in the stable mode for a 

while performing the main excavation operation. Finally, the TBM stops for some time, called 
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the shutdown segment, before starting the next tunneling cycle. A typical cycle is shown in 

Figure 3.4 with four segments for the above-mentioned operational parameters. 

 

 

Figure 3.4 A typical tunneling cycle showing four TBM operational parameters with time at 

different stages: (1) shutdown, (2) free rotating, (3) ascending, (4) stable operation segment. 

 

3.4 Influence Zone for Tunnel Collapse 

In the case of a homogeneous rock mass, the TBM excavation process continues 

regularly without significant deviation in the responses of the TBM. However, when excavating 

through an adverse geologic condition, the TBM operates irregularly with frequent interruptions 

like machine blockage or water inrush, requiring unplanned machine shutdown and repair. These 

situations are unwanted for the TBM operator. In addition, the TBM operator has limited 

knowledge of the ground conditions that the TBM is excavating, as it is very challenging to 
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predict the ground condition ahead of the TBM location. Therefore, an early warning for 

excavating through such ground conditions can help the construction team take better 

precautions. Hence, understanding the nature of the ground while the TBM is operating is 

beneficial.  

The nature of the ground surrounding the adverse geologic condition can help the TBM 

operator anticipate the proximity of a potential difficult tunnel section. Any disturbance in a 

homogeneous ground condition will have some boundary effects on its surrounding, affecting the 

ground resistance experienced during tunnel excavation. Hence, it is assumed that the ground 

surrounding the collapse locations (representing adverse geologic conditions, e.g., karstic cave, 

fault fracture zone) will behave differently than the normal ground condition while TBM 

excavation continues. These ground locations are assumed as ñInfluence Zone.ò This study 

focuses on identifying these locations from the normal ground conditions during TBM operation. 

Successful identification of these locations can warn the TBM driver of any approaching 

collapse ground while excavating.  

The tunneling project utilized in this research has 18 different collapse locations with 

varying lengths of collapse experienced while operating the TBM (Table 3.3). It is commonly 

understood that these collapses are different in their level of influence on the adjacent ground. A 

longer collapse is expected to have a longer ñInfluence Zoneò than a shorter length collapse. 

Hence, this study assumes two ñInfluence Zoneò locations for each ñCollapse Zoneò location. 

One location is before the ñCollapse Zone,ò and another is after the ñCollapse Zone.ò The 

lengths of these ñInfluence Zoneò locations are decided according to the lengths of their 

corresponding ñCollapse Zone,ò as shown in Figure 3.5. For each ñCollapse Zoneò with length L, 

two ñInfluence Zonesò having L/4 length each are assumed. The rest of the tunneling alignment 
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is considered a ñNormal Zone.ò Later, machine learning classifiers are trained to categorize these 

three types of ground conditions.  

 

Figure 3.5 ñInfluence Zoneò before and after ñCollapse Zoneò. 

 

3.5 Data Pre-processing 

This section describes the pre-processing method of raw TBM data and features used for 

ML prediction models.  

3.5.1 TBM data 

The raw TBM data collected for each tunneling cycle includes the shutdown, free 

rotation, ascending, and stable segments (Figure 3.2). Among these segments, the stable segment 

represents the main excavation operation. Hence, only the stable segmentsô data are collected 

from the tunneling cycles during the pre-processing of raw TBM data. Another source of data 

impurity is outliers. The outliers are sourced by the sudden jump of the sensors collected data 

due to sudden machine malfunction or other unforeseen reasons. They are not representative of 

the surrounding condition and deserve to be removed from the database. This task applies the 

ñthree-sigma truncation ruleò to the stable segment data. This method removes all the data 
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farther apart from the three standard deviations of the mean of stable segment data of a tunneling 

cycle. These processes are illustrated in Figure 3.6 for the advancing speed, P (mm/min) of a 

typical tunneling cycle. 

 

(a) 

 

(b) 

Figure 3.6 Pre-processing of TBM data: (a) raw TBM data; (b) stable TBM data after removing 

shutdown (a (1)), free rotating and ascending segments (a (2)), and outliers with three-sigma 

truncations. 
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The TBM sensorsô collected data are preserved in original form after the above-

mentioned pre-processing mechanism to avoid loss of information. Compressing the TBM data 

over the tunneling cycles (getting a single value, e.g., mean of a parameter for each cycle) is less 

representative of the ground condition along the tunnel alignment. Data compression is also less 

beneficial when the focus is required for specific locations which are scarce in number. In this 

study, very few collapse locations are recorded, comprising 363 m of tunneling operation. In this 

particular case, keeping the original TBM data without any compression benefits two ways: 1) 

sufficient data points are achieved representing the collapse locations, 2) optimal utilization of 

the high-frequency data collection practice of the TBM data acquisition system is ensured. 

3.5.2 Feature selection and description 

As mentioned in section 1, several researchers (Jung et al. 2019; Liu et el. 2019; Zhang et 

al. 2019; Liu et al. 2020, Chen et al. 2021) have successfully utilized four TBM operational 

parameters to detect the surrounding ground condition of the TBM, namely cutterhead torque, T 

(kN-m), cutterhead rotating speed, R (revolution per minute or rpm), advancing speed, P 

(mm/min), and thrust or propulsion, F (kN), as well as three TBM performance parameters (Liu 

et al. 2020; Yamamoto et al. 2003). Among them, R and P are driver operating parameters (Guo 

et al. 2021). There are three major factors that come into play while TBM driving: the tunnel 

geology, the human decision, and the machine response. The R and P parameters are affected by 

all three of them whereas T and F can represent machine-ground interaction only. Although, the 

human factor canôt be removed from R and P, they still include valuable information about the 

ground condition due to their sense of machine-ground interaction. Hence, in this study, these 

parameters are considered as adequate to detect the collapse ground condition and thus selected 

as input features for the ML prediction models. The three performance parameters are named as 
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the Field Penetration Index (FPI) (kN.rev/mm), Torque Penetration Index (TPI) (kN.rev), and 

Specific Energy (ES) (kN.m/m3 or kJ/m3), which are defined as follows:  

 ὊὖὍ 
Ȣ  

 (3.1) 

 ὝὖὍ 
Ȣ  

 (3.2) 

 Ὁ   (3.3) 

where A is the cross-sectional area of the TBM cutting face; FPI and TPI indicate the thrust (F) 

per cutter and torque (T) per cutter, respectively, for unit penetration per revolution; and ES 

indicates the energy required to excavate a unit volume (m3) of the rock mass. Besides the TBM-

related features, Rock Mass Rank (RMr) by the HC system is also incorporated as a geological 

feature variable for the ML prediction models. To mention, the RMr values were assigned to 

uniform geological sections along the tunnel alignment using on-site logging data during TBM 

excavation. This feature indicates rock mass quality and is supposed to have a high potential in 

detecting collapse conditions of the ground. In total, eight input feature variables are considered 

for the classification task. Figure 3.7 shows the histogram plots of the TBM-related features for 

three standard deviations on either side of the mean, along with density distribution curves and 

some data statistics, which provide insight into the variability and distribution of these features. 

Based on the existing literature and expert judgment, the selected parameters were considered 

sufficient to predict the collapse ground condition. Therefore, no additional feature selection 

method was applied to the TBM database. Also, the number of features utilized did not challenge 

the computational or storage capacity, hence considered without any dimensionality reduction to 

the dataset. 
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Figure 3.7 Histogram plots with data statistics of the TBM-related features. 
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3.6 Machine Learning Classifiers to Build Prediction Model 

3.6.1 Dataset 

As mentioned in section 3 of this paper, this study aims to distinguish between the 

ñCollapse Zoneò and ñInfluence Zoneò of the tunnel alignment from the ñNormal Zone,ò which 

will benefit the TBM pilot to mitigate the upcoming hazards by taking early informed decisions 

during excavation operation. The dataset used in this study includes nine feature variables in 

which eight are input feature variables (T, R, P, F, FPI, TPI, ES, and RMr). One is output/target 

feature variable named as ólabel.ô Among the input features, seven (T, R, P, F, FPI, TPI, ES) are 

related to the operational parameters collected by the TBM data acquisition system. The RMr is 

obtained by on-site geological survey. The input features are continuous variables (except RMr), 

and the output feature is a categorical variable. To mention, RMr values are assigned to 

representative tunnel sections (Liu et al. 2017) whereas the TBM data used in this study are in 

the form of direct sensor measurements in seconds. Hence, all the TBM data that are collected 

within the range of chainage location of such a tunnel section are considered to have that 

sectionôs RMr.   

There are three labels or classes, namely óNormal,ô óCollapse,ô and óInfluence Zoneô 

under the target feature. These classes are assigned to each data instance according to their 

chainage location (Figure 3.5). In this study, machine learning classification algorithms are 

trained where the data instances are independent of each other. However, the problem design 

expects the predicted classes to come sequentially as óNormalô ground, óInfluence Zoneô, and 

óCollapseô ground condition in the field during tunneling operation while approaching a 

collapsing ground. Hence, the prediction to be made by the input parameters collected at (n+1)th 

second is technically independent from the prediction made by the input parameters collected at 



47 
 

nth second. But the predicted classes are expected to follow the spatial sequence mentioned above 

while tunneling, as the labels are assigned by the problem design following the field experience. 

For the óNormalô class data, only a portion of the total available data is considered to avoid 

extreme data imbalance in the dataset (as most of the tunneling alignment is represented by the 

ñNormal Zoneò). Hence, we collected a representative portion of the available óNormalô class 

data by maintaining the overall ratio of four RMr (Class II ï Class V) ranks available along the 

whole tunneling alignment (Table 3.2). Hence, the dataset is a 9×264666 matrix with nine 

columns and 264666 rows or instances. The data are distributed as follows: óNormalô instances: 

104657; óCollapseô instances: 77706; óInfluence Zoneô instances: 82303). This dataset is used to 

train and test three ML classifiers for the multiclass classification task. The training dataset is 

prepared by a random split of 70% of the total dataset, and the rest of the 30% is preserved as a 

test dataset (train set: 9×185266; test set: 9×79400). 

3.6.2 Machine learning classifiers 

The purpose of an ML classifier is to classify data instances into a finite set of categories 

(Shwartz and David 2014). In this research, we adopted three different ML classifiers, namely: 

support vector machine (SVM), multilayer perceptron (MLP), and random forest (RF), for 

classifying the labels of the target feature. MLP and RF are inherently multiclass classifiers, 

whereas SVM is a strictly binary classifier (One vs. One) (Géron 2019; Pedregosa et al. 2011). 

These classifiers are chosen for their robustness and outstanding performance for classification 

tasks. They are described briefly in the following sub-sections. 

3.6.2.1 Multilayer perceptron classifier (MLP)  

The multilayer perceptron is a neural network-based classification algorithm. Artificial 

neural networks can handle complex nonlinear data patterns and trends (Géron 2019). It is shown 
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that a two-layer back-propagation neural network with sufficient hidden neurons is a universal 

approximator (Hornik et al. 1989). The network of an MLP Classifier can be described as a 

structure of multiple layers of neurons. The connections between the neurons of the layers pass 

the output of a neuron of the previous layer to the neuron's input to the next layer (Shwartz and 

David 2014). Initially, arbitrary weights are assigned to all the connections for each neuron of a 

hidden layer to get a weighted sum of input features. This weighted sum is then passed through 

an activation function (e.g., logistic, ReLU, tanh, etc.) (Géron 2019) and used as the input for the 

neurons of the next layer. Finally, the output layer provides an output compared to the target 

output to estimate error. The error gradients of multiple iterations are then backpropagated to the 

previous layers to update the weights using gradient descent to reduce the errors. The activation 

function allows the gradient descent to get derivatives and progress with each iteration. For 

classification tasks between multiple (more than two) exclusive classes, the activation function 

used for the output layer is soft-max or multinomial logistic (Géron 2019).  

3.6.2.2 Support vector machine (SVM) 

Support vector machine is a very powerful and versatile classification algorithm capable 

of performing nonlinear classification (Géron 2019). It is suitable for a small to medium size 

dataset with high dimensionality. SVM has the advantage of increasing class separation, which 

reduces the expected prediction error (Xia 2020). The SVM classifier aims to identify decision 

boundaries between classes that satisfy the ñmaximum margin.ò This margin is defined by the 

distance of the boundaries from the closest training instances called the ñsupport vectors.ò A 

ñhard marginò is applied in linearly separable classes without allowing any data instance inside 

the margin. However, a ñsoft margin,ò more flexible and less sensitive towards outliers, is 

applied in a nonlinear dataset. The application of ñsoft marginò is performed using a 
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regularization hyperparameter C. In a nonlinear dataset, the margin optimization is performed in 

a higher-dimensional space instead of the original feature space by applying basis functions to 

get a linear separating hyperplane. The process is performed by initially using basis functions to 

the feature space and then optimizing, called the ñkernel trick,ò to avoid computational 

complexity. Thus, SVM can adopt different kernels (linear, ploy, radial basis function or rbf, 

etc.) (Géron 2019) to find the best margin and prediction for a classification problem (Kelleher et 

al. 2020; Wu et al. 2008). 

3.6.2.3 Random forest (RF) 

Random forest is an ensemble learning algorithm built with multiple decision trees. The 

main benefits of using RF classifier are: i) very fast with a large dataset of high dimensionality, 

ii) robust to multicollinearity, noises, and outliers, iii) less likely to overfit on training dataset 

(better generalization than a single decision tree), iv) very high accuracy (Breiman 2001; Zhu et 

al. 2021). RF collects predictions from multiple decision trees trained with different random 

sample subsets prepared via bagging and random feature subsets. These predictions are averaged, 

and finally, the class with the highest average probability score is assigned (Ellis et al. 2014). 

CART (Classification and Regression Tree) algorithm is used to optimize the cost function of 

each decision tree, which recursively runs till the maximum depth or purity condition is reached. 

RF searches for the best feature among a random subset of features instead of searching for the 

very best feature that increases the trees' randomness and diversity. This provides a lower 

variance for a higher bias, thus yielding an overall better prediction model (Géron 2019). 

While training the ML classifiers, the grid search method was adopted to select the best 

hyperparameter combination for each algorithm. The grid search method performs a search for 

the hyperparameter values for the best prediction on the trained data within a defined 
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hyperparameter space (Pedregosa et al. 2011). The hyperparameter tuning can also address the 

overfitting issue in the model, if any, so that the model can perform well on both the ñtrain setò 

and ñtest setò data. For the MLP classifier, the combination of hidden layers, nodes, activation 

function, and solver is considered for hyperparameter tuning, which is essential to decide the 

classifier's performance. For SVM, the regularization hyperparameter C, kernel, g (for rbf kernel) 

are considered for grid search tuning. Finally, for RF, three important hyperparameters, namely: 

n_estimators, max_depth, and max_feature are tuned through grid search (Table 3.5). 

Table 3.5 Hyperparameter selection through Grid search. 

Classifier Parameters Optional values Best Parameter 

 hidden layer size 1,2,3,4 3 

MLP activation logistic, ReLU, tanh ReLU 

 solver lbfgs, sgd, adam adam 

 kernel rbf*, poly, linear rbf 

SVM C 0.5, 1, 10 1 

 g 0.01, 0.1, 1, 5 5 

 n_estimators 25, 50, 75, 100 50 

RF max_depth 5, 10, 15, 20 15 

 max_features 2, 4, 6 4 

*rbf  = radial basis function 

 

3.6.3 ML classifier performance measure 

As mentioned in section 3.6.1, the dataset is split into a ñtrain setò and a ñtest set.ò The 

ML classifiers are initially fitted on the ñtrain setò by following the ten-fold cross-validation 

method. Finally, the trained models made predictions on the ñtest setò to validate their 

performance. Thus, the models are initially trained on ten-folds or disjoint sets of equal size 

collected from the ñtrain setò using a bootstrap method and utilizing nine of them to train and 

one to test. The process is repeated for all the ten folds or sets. The performance of a model 
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trained by ten-fold cross-validation is an average result of all the 10-folds representing the 

modelôs performance on the overall ñtrain set.ò Finally, these trained models are tested on the 

ñtest setò to perform their validation test. 

The prediction results of the classifiers are shown in confusion matrices. Three classes 

are predicted, so each confusion matrix has three rows and three columns. The total count for 

each row indicates the ñTrue classò of each of the three classes. The columns indicate the 

ñPredicted classò by the ML classifiers. Thus, each matrix cell shows the count for its ñTrue 

classò and ñPredicted class.ò All the ñTrue predictionsò (ñTrue classò = ñPredicted classò) are 

along the diagonal of the matrix, whereas all the ñFalse predictionsò (ñTrue classò Í ñPredicted 

classò) are shown off-diagonal. The details are shown in Table 3.6. 

Table 3.6 Confusion matrix for a three class-classification. 

True class 
Predicted class 

Inf. zone Collapse Normal 

Inf. zone +ve -ve -ve 

Collapse -ve +ve -ve 

Normal -ve -ve +ve 

*+ve = True predictions, -ve = False predictions 

 

The performances of the ML classifiers are measured in terms of performance matrices. 

The most popular performance matrices for ML classifiers are adopted, namely Accuracy, 

Precision, Recall, and F-1 score (Giussani 2020; Shwartz and David 2014; Sokolova and 

Lapalme 2009). For a specific class, four types of predictions are possible. They are true positive 

(tp), true negative (tn), false positive (fp), and false negative (fn). Parameters tp and tn are all the 

true/correct predictions, and fp and fn are all the false/incorrect predictions by a classifier. Let us 

consider the class óNormal.ô If the classifier predicts a óNormalô class as óNormal,ô it is a tp 
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prediction for that class. If a óCollapseô class appears and the classifier can identify that it is not a 

óNormalô class (predicts either óCollapseô or óInfluence Zoneô), it is a tn prediction. However, if 

the classifier predicts a óCollapseô or óInfluence Zoneô class as a óNormalô class, it is a fp 

prediction. Finally, if the classifier fails to classify a óNormalô class as such (i.e., predicts either 

óCollapseô or óInfluence Zoneô), it is an fn prediction.  

The performance matrices are defined based on these prediction counts. If there are c 

number of classes to predict, the matrices can be expressed as follows:  

 ὃὧὧόὶὥὧώ 
В

 (3.4) 

 ὖὶὩὧὭίὭέὲ   Ὥ ρȟςȟσȟȣȣȢȟὧ (3.5) 

 ὖὶὩὧὭίὭέὲ άὥὧὶέ ὥὺὫȢ
В

 (3.6) 

 ὙὩὧὥὰὰ   Ὥ ρȟςȟσȟȣȣȢȟὧ (3.7) 

 ὙὩὧὥὰὰ άὥὧὶέ ὥὺὫȢ 
В

 (3.8) 

 Ὂρ ίὧέὶὩ
  Ȣ   Ȣ

  Ȣ   Ȣ
 (3.9) 

 In the above, Eq. (3.5) and (3.7) calculate Precision and Recall of an individual class, 

respectively. Eq. (3.4), (3.6), (3.8), and (3.9) calculate a macro average of the metrics (an 

average of the metric calculated for all the classes). The macro averaging method treats all the 

types equally irrespective of the class size (Sokolova and Lapalme 2009). 

 As we can observe from Eq. (3.4) to (3.9), Accuracy indicates the average class fraction 

of ótotal correct predictionsô among the ótotal number of predictions.ô This matric provides an 

excellent indication of the overall performance of a classifier. Precision indicates the rate of 

ócorrectô positive class predictions among all the positive predictions made (tp ratio among all 
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the predicted p). At the same time, Recall indicates the rate of ócorrectô positive predictions 

among all the positive predictions that could have been made (tp ratio among all the t). F1-score 

is a metric that calculates the mean of ὖὶὩὧὭίὭέὲ and ὙὩὧὥὰὰ in a harmonic manner, which can 

penalize any extreme value of either metric (Géron 2019). 

3.7 Results and Analysis 

3.7.1 Classifier performances 

The Accuracy and F1-score of the three classifiers trained by ten-fold cross-validation are 

displayed in Figure 3.8. The Accuracy measures are almost identical for the different bootstrap 

samples within a classifier, indicating that the samples are almost similar and representative of 

the ñtrain setò population. The Accuracy range for all the three classifiers is between 93% to 

98%, indicating excellent overall performance. The F1-scores vary between 94% and 98% 

between classifiers for ten folds. The maximum Accuracy and F1-score on the ñtrain setò were 

achieved by the RF classifier.  

 
Figure 3.8 Accuracy (%) and F1-score (%) for ten-fold cross-validation on ñtrain setò. 

 

The Precision and Recall measures on the 10-fold cross-validation for the three classes 

are shown in Figure 3.9 and 3.10, respectively. The Precision measures for all the classes and 
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classifiers vary between 88% to 99%, indicating overall excellent positive prediction accuracy. It 

is observed that the óNormalô class has the maximum Precision and Recall values for all the 

three classifiers for individual classes. On the other hand, óCollapseô has less Precision but more 

Recall than óInfluence Zoneô for most of the folds of the classifiers. Although it is not desirable 

to have a lower Precision for óCollapse,ô falsely classifying óCollapseô as óInfluence Zoneô is less 

harmful than classifying that as óNormalô. It is expected that the óNormalô class will be the best-

predicted class as it has an abundance of data along the tunneling alignment, making it more 

representative of the population. The Precision and Recall measures for all the classes are more 

than 85%, ensuring effectiveness in classifying each class. For the RF classifier, the Precision 

and Recall measures for the three classes are at least 95% and 96%, respectively. 
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Figure 3.9 Precision (%) values for ten-fold cross validation. 
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Figure 3.10 Recall (%) values for ten-fold cross-validation. 
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The prediction results on the ñtest setò are shown in Tables 3.7 and 3.8. Table 3.7 shows 

the results in confusion matrices for the three classifiers. The high diagonal values indicate the 

excellent performances of the classifiers on the ñtest set.ò Table 3.7 shows that the RF classifier 

provides an Accuracy of 97% on the ñtest set,ò which indicates outstanding performance (almost 

equal to the ñtrain setò Accuracy). Overall, no overfitting issue was observed for training and 

testing the three classifiers (e.g., the difference in Accuracy between ñtrain setò and ñtest setò 

was minimal). It can be seen that the number of óInfluence Zoneô predicted as óCollapseô is 

higher than vice versa in the case of SVM and RF. However, MLP performs differently. 

Consequently, for óInfluence Zone,ô the Precision is higher than óCollapseô for SVM and RF but 

equal for MLP. Similarly, óCollapseô has higher Recall than óInfluence Zone' for SVM and RF 

but lower Recall for MLP. Overall, RF outperforms the other classifiers in all the performance 

matrices for the three classes. The comparison of the performance matrices of the classifiers on 

the ñtrain setò and ñtest setò are shown in Figure 3.11. Hence, based on the overall assessment of 

the three classifiers, RF is proposed for the prediction model. 

Table 3.7 Confusion matrices on ñtest set.ò 

Classifier True class 
Predicted class 

Support 
Influence Zone Collapse Normal 

 Influence Zone 22536 1820 363 24719 

SVM Collapse 1279 21715 282 23276 

 Normal 238 486 30681 31405 

 Influence Zone 23134 1363 222 24719 

MLP Collapse 1673 21237 366 23276 

 Normal 419 469 30517 31405 

 Influence Zone 23674 930 115 24719 

RF Collapse 466 22586 224 23276 

 Normal 111 361 30933 31405 
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Table 3.8 Prediction results on ñtest set.ò 

Classifier Class Precision Recall F1-score Accuracy 

 Influence Zone 0.94 0.91 0.92  

SVM Collapse 0.9 0.93 0.92 0.94 

 Normal 0.98 0.98 0.98  

 Influence Zone 0.92 0.94 0.93  

MLP Collapse 0.92 0.91 0.92 0.94 

 Normal 0.98 0.97 0.98  

 Influence Zone 0.98 0.96 0.97  

RF Collapse 0.95 0.97 0.96 0.97 

 Normal 0.99 0.98 0.99  

 

While choosing a machine learning classifier, the No-Free-Lunch theorem (Wolpert 

1996) states that one cannot prefer a specific classifier over the others without making 

assumptions, and the only way to know which one will work best is to evaluate them all. 

However, Fernández-Delgado et al. (2014) provided the results of classification tasks performed 

over diverse types of datasets by 179 different classifiers. They showed that the classifier 

families belonging to RF, SVM, and MLP perform better than the others in the majority of the 

scenarios. They also showed that RF typically performs the best among these three families, 

followed by SVM for most of the data types. In the current study, RF and MLP classifiers 

performed well accordingly, which was not the case for SVM. 
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Figure 3.11 Machine learning prediction results for ñtrain setò and ñtest setò data. 

 

In this study, the dataset utilized is nonlinear, scattered, and prone to noise as the TBM 

has some vibration accompanying the variability in the ground condition. SVM performs better 

with a large number of features having fewer data instances. However, in the case of many data 

instances, the Gaussian rbf kernel of SVM, which deals with nonlinear classification problems 

by adding similarity features, becomes computationally expensive (Géron 2019). Additionally, 
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rbf is a low-bias kernel, which can be substantially affected by noise inside the dataset and 

perform poorly. On the other hand, RF performs better with a large dataset having an excellent 

tolerance to noises (Zhu et al. 2021). SVM is a strictly binary classifier, whereas RF and MLP 

are inherently multiclass classifiers, making them more suitable for the current problem study. 

Moreover, both RF and MLP can adapt better to highly nonlinear datasets. Structural risk 

minimization (utilized by SVM) is better than empirical risk minimization (utilized by MLP) to 

handle overfitting. However, proper tuning of the hyperparameters of MLP (e.g., number of 

hidden layers, solver, activation function) can alleviate this issue. Also, the vast number of data 

instances in the current dataset is suitable for the MLP classifier to fine-tune the network 

architecture accordingly. In this study, the hyperparameters tuned through the grid search method 

(Table 3.5) successfully alleviated the issue of overfitting. Hence, the above discussions 

provided insights into why SVM could not perform as expected compared to the other classifiers. 

3.7.2 Multicollinearity  

 In the case of machine learning, using collinear variables as input features might 

adversely affect the model performance (Garg and Tai 2013, Li et al. 2021). However, for RF, 

the effect of multicollinearity is trivial to the prediction performance (Zhan et al. 2018). That 

being said, having collinear features can cause RF to misjudge the importance of its input 

features (Section 3.7.3). Also, MLP and SVM have sensitivity towards collinear features for their 

prediction performance. Hence, to take this issue into account, pairwise correlation coefficients 

were plotted for the input features utilized in this study, as shown in Figure 3.12. The 

coefficients were plotted for the whole dataset as well as dataset segments belonging to each of 

the target feature labels (ñNormal,ò ñCollapse,ò and ñInfluence Zoneò). The intention was to 
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explore if the pairwise correlations differed between the dataset segments, which might be 

informative for the machine learning models. 

 

 

Figure 3.12 Correlation coefficients (r) representing pairwise correlation between the input 

features for, All Data, Normal Data, Collapse Data, and Influence Zone Data. 
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 As we can see, the features ES and TPI exhibit maximum collinearity (correlation 

coefficient, r = 1) in all dataset segments. On the other hand, FPI has a very high degree of 

collinearity with both ES and TPI for both the ñCollapseò (r = 0.98) and ñInfluence Zoneò (r = 

0.97) data, but not as high in the case of ñNormalò data (r = 0.77). Lastly, there is a reasonable 

degree of correlation between F and T (for ñCollapseò data, r = 0.93; for All data, r = 0.84).  

 The Variable Inflation Factor (VIF) was used to explore how these collinearities may 

have affected the prediction results by the classifiers. In this process, the most inflated factors 

were iteratively removed to check on their impact on the models. At first, we removed the 

feature ES (between the 100% collinear feature ES and TPI) and retrained the models (RF, SVM, 

MLP). The newly trained models showed no difference in their performance from their original 

versions. However, further removal of any other potentially collinear features (e.g., FPI, F) 

resulted in a drop of all performance metrics across all the classifiers (e.g., Accuracy for RF, 

MLP, and SVM were reduced by 1.03%, 3.19%, and 4.25% respectively on ñtest setò). This was 

somewhat expected, as we can observe the loss of information to some degree for removing the 

features FPI and F having correlation coefficients, r < 1. Also, the high collinearity is not similar 

across the dataset segments for the same pair of elements. Thus, discarding a feature because of 

high collinearity in the whole dataset might result in loss of information existing in individual 

dataset segments where the collinearity is not so high. So, without a penalty to prediction 

Accuracy, we could only remove one input feature (ES). Also, the classifiersô performances were 

not affected before and after the feature removal, which indicated no effect of multicollinearity 

in the modelsô prediction performance.  
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 As mentioned earlier, the collinear features might impact the assessment of feature 

importance by the RF classifier. Hence, the following section calculates feature importance by 

RF classifier for the input features after removing ES. 

3.7.3 Feature importance 

As can be concluded, the random forest classifier is the best-performing classifier for the 

current research. Hence, we analyzed the contribution of each feature variable on the modelôs 

performance based on a unique feature of this classifier, which is Gini impurity (Kelleher et al. 

2020; Géron 2019).  

Random forest is an ensemble learning algorithm built with multiple decision trees. For a 

classification problem, each decision tree splits the data at each node by utilizing the value of an 

input feature and creating pure subsets. At each node, a feature variable is selected such that it 

optimally splits the data into homogenous groups and minimizes the level of impurity at the next 

node. The measure of how well a node has split the data can be obtained through the Gini index. 

The Gini index can be understood by how often the target levels of the instances in a dataset 

would be misclassified if predictions were made based only on the distribution of the target 

levels in the dataset (Kelleher et al. 2020). The Gini index of a dataset Ὀ is measured by, 

 ὋὭὲὭὸȟὈ ρ В ὖ ὸ ὰ  (3.10) 

where ὸ is the target or output feature, ὰ is the level of ὸ, and ὖ ὸ ὰ is the probability of target 

feature ὸ ὰ for a randomly selected data instance. When the dataset Ὀ is partitioned using the 

feature Ὠ, a subset of Ὀ is created for each level/threshold of that feature. So, the Gini index of 

the partitioned dataset for level Ὧ of the feature Ὠ is, 

 ὋὭὲὭὸȟὈ ρ В ὖ  ὸ ὰ  (3.11) 
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where ὖ ὸ ὰ is the probability of the target feature ὸ ὰ for a random data instance inside 

the subset where Ὠ Ὧ. The reduction in Gini impurity by feature Ὠ can be obtained by 

subtracting the weighted sum of the Gini indices of the partitions created by that feature from the 

initial Gini index. This is known as the Variable Importance Measure (VIM) of that feature, 

which is given by, 

 ὠὍὓὋὭὲὭ ὨȟὈ ὋὭὲὭὸȟὈ В ὋὭὲὭὸȟὈ
ȿ ȿ

ȿȿ
 (3.12) 

After partitioning the dataset, a higher ὠὍὓ indicates a higher reduction of 

misclassification if trying to predict the target levels of the dataset using its distribution alone. In 

the case of an RF classifier, the total ὠὍὓ of a feature from multiple decision trees are averaged 

to get the final ὠὍὓ of that feature. Thus, the feature with the highest ὠὍὓ will represent the 

highest sensitivity of the prediction model towards that feature. 

 The VIM values of the input features calculated by the RF classifier are shown in Figure 

3.13. The figure shows that the essential feature is Ὑ (rpm) having VIM of 0.36, whereas the 

second most important feature is RMr (VIM = 0.21). Ὂ (kN) and Ὕ (kN.m) show equal 

importance with a VIM of 0.12, whereas ὝὖὍ shows a bit less importance having VIM of 0.09. 

Overall, all the features have VIM of at least 0.05 (5%), indicating satisfactory contribution from 

all of them to the prediction model. As we can see, three of the TBM operational parameters (Ὑ, 

Ὕ, and Ὂ) belong to the first four critical features, indicating excellent performance by the direct 

measurements of the TBM sensors. Another essential feature (2nd best) is the RMr. This feature 

is directly related to the strength and quality of the excavated rock mass. Consequently, it is 

expected to be a solid indicator of collapse ground condition or its influence zone. Another 

significant feature could be the lithology of the tunnel alignment. However, there are only two 
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major lithologies (Limestone and Granite) along the tunnel alignment with many collapse 

incidents, making it a weak feature for the machine learning model (Table 3.3). 

 

Figure 3.13 Variable Importance Measure (VIM) of input features by RF classifier. 

 

3.8 Impact of ñInfluence Zoneò Length on Prediction Accuracy 

 The ñInfluence Zoneò length (L/4) utilized in this research approximates the possible 

zone length around the collapse area. Hence, there is scope to try out different lengths of the 

proposed ñInfluence Zoneò around each collapse to determine the optimal zone length. 

Therefore, ñInfluence Zoneò lengths other than L/4 were considered to observe the modelsô 

performances. The optimal length will be the one that yields the maximum possible zone length 

with optimal prediction Accuracy.  

 Lengths of L/2, 3L/4, and L in addition to L/4 for the ñInfluence Zoneò were considered 

before and after each ñCollapseò zone. Only lengths longer than L/4 were considered as high 



66 
 

prediction Accuracy (97%) was already achieved for length L/4. It is beneficial to get an 

increased ñInfluence Zone" length without sacrificing the prediction performance. Initially, the 

additional models were trained with similar hyperparameter values (Table 3.5), resulting in some 

overfitting issues. Therefore, a new hyperparameter was tuned to handle the problem of 

overfitting with RF, which is min samples leaf (the minimum number of data instances required 

to be at a leaf node). This hyperparameter helps the RF classifier to generalize better and thus 

avoid overfitting. The value of this hyperparameter was increased from 1 to as high as 4000 to 

bring the ñtest setò Accuracy nearby to the ñtrain setò Accuracy, thus avoiding the issue of 

extreme overfitting on the ñtrain setò data. Figure 3.14 (a) shows the schematic diagram of the 

four different ñInfluence Zoneò lengths considered, and Figure 3.14 (b) shows the performance 

matrices (Precision, Recall, F1-score, Accuracy) on both the ñtrain setò and ñtest setò data for 

the four ñInfluence Zoneò lengths considered. Additionally, the normalized confusion matrices 

are also shown in Figure 3.15. As we can see, all the performance matrices were over 80%, but 

they gradually decreased for the increasing lengths of the ñInfluence Zoneò on both the ñtrain 

setò and ñtest setò data. Figure 3.15 shows high diagonal ratios of the normalized confusion 

matrices for all, with L/4 having the highest diagonal ratios among the four. 

 The comparison of misclassification of  ñInfluence Zoneò as ñNormalò for the different 

lengths is shown in Figure 3.16. This figure is important because the more the assumed length of 

the ñInfluence Zoneò will be beyond the actual physical range, the more the misclassification of 

ñInfluence Zoneò instances as ñNormalò will be observed. As can be seen, the percentage of 

misclassification increased from 0.47% to as high as 6.55%, with an increase in the ñInfluence 

Zoneò length considered. 
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(a) 

 

 

 

(b) 

 

Figure 3.14 (a) Schematic diagram for different ñInfluence Zoneò lengths; (b) Comparison of 

performance matrices of the prediction models for different ñInfluence Zoneò lengths. 
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Figure 3.15 Normalized confusion matrices for different ñInfluence Zoneò lengths. 

 

 Deciding an acceptable Accuracy to predict the ñInfluence Zoneò during operation is a 

matter of expert judgment, project demand, and operational conditions. However, from the 

practical point of view, it is supposed to be the safest for any project that might suffer from 

frequent collapse incidents to detect the ñInfluence Zoneò as early and accurately as possible 
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with the highest Accuracy and the lowest misclassification rate as ñNormal.ò Also, Accuracy was 

reduced by 11% when L/4 was increased to L/2. A further increase in the ñInfluence Zoneò 

length resulted in minimal Accuracy reduction (by 3%). Hence, it can be inferred that L/4 most 

closely resembled the actual physical range of the ñInfluence Zoneò around collapse, thus posing 

the least number of threats while performing predictions in the field. Hence, this research 

suggests this approach for practical use. 

 

Figure 3.16 The percentages (%) of óInfluence Zoneô data misclassified as óNormalô for different 

ñInfluence Zoneò lengths. 

 

3.9 Application of the Proposed Prediction Model 

This prediction model is expected to be utilized by TBM operators performing excavation 

on rock strata with a high potential to encounter adverse geologic conditions inducive of tunnel 

boundary collapses. The TBM operator is expected to get predictions of óNormalô class from the 

model for most of the tunnel excavation through intact rock conditions without any disturbance. 

When approaching a ñCollapse Zone,ò the prediction model is expected to predict the 
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surrounding ground condition as ñInfluence Zoneò continually for a while. The length of this 

continual ñInfluence Zoneò prediction will indicate the upcoming ñCollapse Zoneò length. With 

a more extended ñInfluence Zone,ò the forthcoming ñCollapse Zoneò is expected to be 

proportionately longer according to their definition (Figure 3.5). Thus, the TBM operator will 

know if there is any ñCollapse Zoneò approaching ahead of the existing tunnel face and for how 

long that specific ñCollapse Zoneò will continue. When faced with a slightly different 

operational condition, the current model can serve as a baseline. Then it can train itself further on 

the newly fed data and potentially adapt itself to make predictions according to the new 

conditions. 

3.10 Assessment of Features against Geological Data 

A detailed investigation is performed to observe the nature of TBM-related features on 

different lithologies and RMr. The scatter plots of the six TBM-related features of the proposed 

model concerning the primary two lithologies are shown in Figure 3.17. It can be seen that the 

feature of maximum importance R (rpm) is not that different in Limestone and Granite. For F 

(kN), the óCollapseô and óInfluence Zoneô classes mean values are 17% and 42% less in Granite 

than Limestone, respectively. This difference indicates that their characteristic difference for F is 

more prominent in Granite. For T (kN-m), the mean value for óCollapseô decreases by 52% in 

Granite compared to Limestone, indicating a characteristic difference for óCollapseô class in 

different lithologies. An important thing to notice is the exceptionally high P (mm/min) values 

collected for several data instances of Granite (near the end of both óInfluence Zoneô and 

óCollapseô class data). These values of P are in the range of 50~200 mm/min, beyond the normal 

range of 60~80 mm/min. These data instances are collected from collapse No. 18 (Table 3.3), 

representing about 69 m of tunneling operation. The P-values for this specific óCollapseô and 
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óInfluence Zoneô data were much higher and did not match the other similar data instances. This 

discrepancy might be why P and the related derived features (FPI, TPI) were not as important as 

the other features in the prediction model (Figure 3.13). Overall, all the feature values have 

higher mean values for óNormalô data instances, except for P (mm/min) (óCollapseô and 

óInfluence Zoneô classes have higher P in both lithologies). This result is expected as soil 

condition for both ñCollapse Zoneò and ñInfluence Zoneò is supposed to be weaker than 

ñNormal Zone.ò Consequently, penetration should be easier.  

It is observed that óCollapseô only happened in weak rock conditions with RMr of IV and 

V. This explains the significance of RMr as an input feature (Figure 3.13). Hence, it is essential 

to see how the TBM-related elements behave in different RMr ranks. For this reason, histogram 

plots of these features describing the three classes (óNormal,ô óCollapse,ô and óInfluence Zoneô) 

against RMr Classes III, IV, and V are shown in Figure 3.18 (RMr Class II has only óNormalô 

data instances, hence not presented). It can be noticed that all the three classes (óNormal,ô 

óCollapse,ô and óInfluence Zoneô) have different peaks and spread under the same RMr class in 

the case of almost all the features. These differences indicate a characteristic variation of the 

TBM-related features for its class irrespective of the RMr. For example, in both RMr Class IV 

and V, the peak of F (kN) occurs in a lower value range for óCollapseô than for both óNormalô 

and óInfluence Zoneô classes (around 7000 kN in Class IV and 5000 kN in Class V for 

óCollapseô). Again, óInfluence Zoneô and óNormalô classes have different peaks and spreads for F 

(kN) in all three RMr Classes (higher peak for óNormalô in RMr Class III; for óInfluence Zoneô 

higher peak in RMr Class V and multimodal peaks in RMr Class IV). 
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Figure 3.17 Scatter plots of TBM operational parameters with lithology (showing data instances 

of óNormalô, óInfluence Zoneô, and óCollapseô classes). 
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Figure 3.17 Continued 
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Figure 3.17 Continued 
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Figure 3.18 Frequency histograms of TBM-related features against RMr classes. 
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Figure 3.18 Continued 
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3.11 Discussion 

 The proposed prediction model utilized both TBM operational parameters, which are 

direct measurements by the TBM sensors and performance parameters such as field penetration 

index (FPI) and torque penetration index (TPI), which are extracted utilizing additional TBM 

properties, such as TBM diameter, cutter arrangements, etc. As shown in section 3.7.2, some of 

the TBM operational parameters (R, T, and F) are more effective than the extracted parameters in 

predicting collapse incidents. So, the model can be considered similarly effective with variation 

in excavation diameters or TBM properties.  

 Another important aspect of this study is the efficient use of the TBM data collected 

during each boring cycle. The data extraction method ensured real-time data collected from each 

boring cycle. This approach helped capture the actual ground condition as sensed by the TBM 

sensors. It provided the maximized utilization of the high-frequency data collection practice of 

TBM, which helped to acquire comprehensive data to represent very few collapse incidents. 

This, in turn, helped the effective training of the machine learning classifiers avoiding data 

imbalance issues. 

 The physical understanding of the adverse geologic condition during excavation was 

efficiently captured by considering the ñInfluence Zoneò in the problem design. Machine 

learning methods successfully verified the concept by accurately predicting the óInfluence Zoneô 

labels. Overall, this model can be considered beneficial for tunnel engineers experiencing similar 

ground conditions during operation and researchers trying to simulate a collapsing ground's 

physical mechanism. The latter can be attributed to the fact that the researchers can gain insights 

from this study about a new way of understanding and verifying a physical mechanism besides 

analytical and numerical approaches. The proposed method introduces a more straightforward 
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process of capturing the inherent physical mechanism of collapsing ground without relying on a 

physical model built on assumptions. 

 An important aspect to discuss is the use of RMr as a geological input feature while 

predicting collapse ground conditions. It would be ideal to use parameters directly related to the 

fracture condition of the rock mass (e.g., RQD, JV or JS) as input features instead of RMr to 

detect collapse ground condition. However, this would require the measurements of these 

features to be very frequent along the tunnel alignment to have sufficient data points to train 

machine learning algorithms, which is not practical for a tunneling project. Additionally, any 

individual parameter related to rock fracture does not deliver a suitable generalization of the 

overall quality of the rock mass (capturing the weakest link). On the other hand, RMr provides 

better abstraction through subjective judgment to the overall quality of the excavated rock mass 

along the tunnel alignment considering multiple rock mass properties (rock strength, intactness, 

discontinuity, groundwater condition, etc.). Finally, the utilization of RMr as an input feature was 

justified through the high Accuracy achieved by the proposed prediction model and successfully 

established by RMr being the 2nd best feature in detecting the collapse ground condition (Figure 

3.13). An important aspect about using RMr with TBM sensor data as collected in real-time 

frequency (1 Hz) deserves further attention. Since, RMr has its own tolerable range of variation 

within each assigned class (Liu et al. 2017), it is expected to be independent of the micro-scale 

variabilities of as-collected TBM sensor data. Hence, the use of on-site TBM data while 

assigning RMr in any form and the use of real-time TBM data for collapse prediction in this 

study are mutually exclusive. 

 Alongside the contributions of the current research, some limitations need further 

improvement. As the model is currently designed, it does not provide any information for the 
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predicted ñInfluence Zoneò instance to know which collapse area it belongs to, which might be 

ambiguous if two collapses are within proximity (i.e., overlapping ñInfluence Zoneò). So, extra 

caution should be exercised when the TBM is passing through the òInfluence Zoneò belonging to 

the tail of the current collapse and be prepared to have an upcoming collapse incident until 

reaching the end of the length expected for the ñInfluence Zoneò belonging to the recent 

collapse. A multioutput ML model could be trained to understand current conditions to overcome 

such problems. Another significant limitation is that the proposed model is built to predict 

collapse incidents happening to specific lithologies and ground. Thus, the model can fail to 

perform equally well in a significantly different geological condition (e.g., predicting collapse 

incidents in rock types other than Granite or Limestone). So, data collected on collapses from 

different projects with various geological conditions could help the model achieve better 

generalization by removing this bias. 

3.12 Summary and Conclusions 

In this research, a prediction model based on machine learning (ML) was proposed to 

identify the collapse ground conditions ahead of the tunnel face using TBM parameters and rock 

mass quality in RMr. According to the proposed model, the TBM operator can modify TBM 

control while operating through collapse-prone ground conditions based on the intensity of the 

expected collapse. Overall, the significant contributions of this research are as follows, 

(1) The existence of an ñInfluence Zoneò around the ñCollapse Zoneò was established and 

verified by the ML classifier-based prediction model. Identifying these zones ensures the 

prediction of any upcoming collapse incident with its continuation length during TBM 

tunneling. 
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(2) An optimal length for the ñInfluence Zoneò was proposed by assessing the results of the 

models trained on four different ñInfluence Zoneò lengths considered. 

(3) A new data pre-processing technique was proposed for data collected by the TBM data 

acquisition system. This technique will help generate sufficient data instances to establish 

ML classifiers with limited data as experienced with collapse ground condition (363 m in 

total in this case study) against the normal ground condition (more than 19 km in the 

same case study). 

(4) The proposed machine learning prediction model could identify the ñCollapse Zoneò and 

ñInfluence Zoneò from the ñNormal Zoneò ground conditions with at least 97% accuracy 

based on the ñtest setò data. 

 Despite some limitations, the proposed study can provide directions to ongoing tunneling 

projects experiencing collapse to build ML prediction models with the limited available data. 

The research also contributed to understanding the collapse mechanism by the prediction success 

of the ML-based models and by elaborating the characteristics of the TBM-related features 

against the tunnel geology (lithology and RMr). Overall, the findings of this research are 

expected to be beneficial to the practicing researchers, tunnel engineers, operators, and experts to 

interpret better TBM response against collapsing ground conditions and choose appropriate 

measures of precautions. 
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CHAPTER 4 DETECTING EXCAVATION SOIL PROPERTIES USING EPBM DATA 

Reproduced from a paper under review in the Advanced Engineering Informatics 

Detecting Soil Mixing, Grain Size Distribution, and Clogging Potential of Tunnel Excavation 

Face by Classification-Regression Algorithms using EPBM Operational Data 

Sharmin Sarna, Marte Gutierrez 

 

4.1 Abstract 

 EPBM (earth pressure balance machine) operation is sensitive to the properties of the 

excavated soil due to the requirements of proper soil conditioning and maintenance of necessary 

chamber pressure. However, soil properties are invariably only available at a limited number of 

borehole explorations and soil samplings conducted during the subsoil investigation. Thus, it is 

crucial to get predictions on soil properties of the tunnel excavation face, such as clay-sand 

mixed conditions, grain size distributions, and clogging potential along the whole alignment 

beside the few borehole locations to attain optimally efficient EPBM operation. Therefore, this 

paper presents the development of machine learning prediction models (i.e., classifiers and 

regressors) to predict the properties of the tunnel excavation face using EPBM operational data 

collected during the tunneling operation as input features. Geotechnical data collected from 

boreholes and soil samples can be used to validate model predictions and calibrate the model. To 

develop such models, the Northgate Link Extension (N125) tunneling project, constructed in 

Seattle, Washington, USA, is used to capture and predict the true ground conditions. The results 

indicate successful prediction performances by the models, providing evidence that EPBM 

parameters are valid indicators of the tunnel excavation face properties to help attain optimally 

efficient EPBM operation. 
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4.2 Introduction  

 Geological uncertainties and variabilities in ground conditions have always been a threat 

to tunnel construction (Jeong et al., 2018; Yi et al., 2014). Adverse geology, such as mixed face 

conditions during tunneling can cause ground settlement, sinkhole formation, water inflow, 

cutter wear and jamming of cutterhead, difficulties in controlling face pressure, over-excavation, 

poor TBM performance, cost overrun, etc. (Blindheim et al., 2002; Elbaz et al., 2018; Haukur, 

2002; Jeong et al., 2019; Ma et al., 2015; Ong et al., 2016; SU, 2015; Tóth et al., 2013; Vergara 

and Saroglou, 2017; Xie et al., 2018; Zhao et al., 2007). When using an earth pressure balance 

tunnel boring machine (EPBM) for soft ground tunneling, proper understanding of the ground 

condition is extremely essential to maintain the required face stability by adopting a proper soil 

conditioning protocol (Oliveira et al., 2018; EFNARC, 2005). For instance, a clay-sand mixed 

face condition during EPBM operation can pose threats to over-excavation of the loose material 

leading to cavitation and eventually collapse of the tunnel face or crown (Golpasand et al., 2013).  

 Since geological and geotechnical data are always scarce for a tunneling project due to 

limited subsoil investigations, it remains a challenge for the EPBM operation to meet the 

excavation requirements optimally. However, in recent times, the high-frequency data collected 

by the TBM operating sensors has offered great potential to learn about the ground response 

during tunneling. With the advancement of computational powers and techniques such as 

machine learning, these operational data can be highly useful to extract the information hidden in 

the ground ensuring the most efficient tunneling practice.  

 Recently, many studies have utilized TBM operational data for identifying the ahead of 

or as-encountered ground conditions of the tunnel excavation face (Erharter et al., 2020; Jung et 

al., 2019; Liu et al., 2020; Sousa and Einstein, 2012; Yu, 2021; Zhang et al., 2019; Zhao et al., 
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2019). Erharter et al. (2020) used ANN to develop an online automatic rock mass classification 

criterion solely based on the TBM operational data. Jung et al. (2019) used ANN to predict rock-

soil mixed face conditions using TBM torque, thrust, and penetration rate data. However, to the 

best of the authors' knowledge, similar prediction models for soft ground tunneling, e.g., 

predicting clay-sand mixed face conditions, and/or grain size distributions of the excavated soil 

are unknown. Yu (2021) proposed a prediction model for identifying the engineering soil units 

(ESUs) as the most probable soil type during EPBM tunneling. They used the EPBM operational 

data as input features for the ESU probability predictions developing supervised and semi-

supervised machine learning prediction models for comparative performance assessment. 

However, mixed soil face with multiple ESUs or clay-sand mixed face conditions was not 

addressed in this research. Also, the ESUs can be misleading to depict the actual soil condition as 

the same ESU unit can have multiple USCS units with contrasting properties (described later). 

Finally, the grain size distributions or clogging potentials of the excavated ground are directly 

related to the decision-making for the soil conditioning mechanism of EPB operation (Mori et 

al., 2017, Oliveira et al., 2018; EFNARC, 2005). Hence, this research aimed to identify ground 

truth information on clay-sand mixed soil face condition, grain size distributions (sand%, 

clay%), and clogging potential of the excavated tunnel face using data collected from the EPBM 

tunneling project named Northgate Link Extension (N-125) in Seattle to build machine learning 

prediction models based on EPBM operational parameters as input parameters.  

 In this research, five different machine learning algorithms namely, RF (Random Forest), 

AdaBoost, MLP (Multilayer Perceptron), SVM (Support Vector Machine), and k-NN (k-Nearest 

Neighbor) were examined as potential classifiers and regressors to predict categorical and 

numerical target features depicting different properties of the encountered soil. The important 
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aspect of this study is the development of a hyperparameter optimization technique based on the 

Stochastic Hill -Climbing with Adaptive Steps (SHC-AS) to optimally tune the hyperparameters 

to achieve the best performance by the models. The models were evaluated by their performance 

metrics on their predictions against the test set data (for classifiers: balanced accuracy and F1 

score, for regressors: R2 and RMSE). Finally, feature importance analyses for the EPBM 

parameters based on impurity reduction by RF and AdaBoost were executed, and the findings 

were discussed. The overall flowchart of this paper is provided in Figure 4.1. The flowchart 

describes the data collection, organization, preprocessing, and model building steps for three 

different problem statements addressed in this research. 

 

Figure 4.1 Flowchart of the tasks performed for this study. 
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4.3 Methodology 

4.3.1 Machine Learning Algorithms 

 A supervised machine learning algorithm can perform predictions on categorical or 

numerical target feature variables, depending on which it can be called a óclassifierô or a 

óregressor,ô respectively. Different philosophies can be involved behind the prediction tasks 

performed by a machine learning prediction model. Based on the existing records on the superior 

performances of the state-of-the-art machine learning algorithms in tunneling research (Ghasemi 

and Gholizadeh, 2019; Jung et al., 2019; Liu et al., 2020; Ocak and Seker, 2013; Zhang et al., 

2020; Zhu et al., 2021), five algorithms were adopted following three different philosophies. 

They are RF, AdaBoost, MLP, SVM, and k-NN. Among them, MLP and SVM are error-based 

learners, RF and AdaBoost are information-based learners, and k-NN is a similarity-based 

learner (Kelleher et al., 2020). A brief description of these algorithms is provided in the 

following sub-sections. 

4.3.1.1 Information Based Learner 

 RF and AdaBoost are built on the concept of information theory (Kelleher et al., 2020). 

They are ensemble learning algorithms that operate by combining the predictions of several 

weak learners. The combination often ends up in significantly superior generalization 

performance than a single learner (Géron, 2019; Kelleher et al., 2020). The major difference 

between these two methods is the process of sub-sampling while training the individual learners. 

RF follows the bagging method, while AdaBoost uses the boosting method to train the weak 

learners (Figure 4.2) (i.e., page 82). Both these methods normally use decision trees as weak 

learners. A single decision tree is built on a sub-set of training data instances following the ID3 

algorithm (Kelleher et al., 2020). The process is described in the pseudocode in Table 4.1 (i.e., 
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page 81). Decision trees analyze data by splitting it into subsets, with a node at each level using 

the input features. The aim is to select the feature that optimally splits the data into homogenous 

groups to have the maximum reduction of impurity in the data. For a classification problem, the 

impurity is measured by the ὋὭὲὭ ὍὲὨὩὼ,  

 ὋὭὲὭ ὍὲὨὩὼὸȟὈ ρ В ὖ  (4.1) 

where Ὀ is a dataset with output feature ὸ which is a categorical variable with ὅ labels, ὖ is the 

relative frequency of the label Ὥ. In case of a regression problem, the ID3 algorithm is modified 

to select the feature providing the lowest ὠὥὶὭὥὲὧὩ, given by,           

 ὠὥὶὭὥὲὧὩὸȟὈ
В

 (4.2) 

where Ὀ is a dataset reaching the node, ὲ is the number of instances in Ὀ, ὸ is the mean of the 

target feature, and ὸ iterates across the target feature. 

4.3.1.2 Error Based Learner 

 MLP and SVM rely on optimization algorithms based on error minimization. The 

network of MLP can be described as a structure of multiple layers of neurons. Initially, arbitrary 

weights are assigned to all the connections for each neuron of a layer to get a weighted sum of 

input features. This weighted sum is then passed through an activation function (e.g., logistic, 

relu, tanh, etc.) (Géron 2019) and used as the input for the neurons of the next layer. Finally, the 

output layer provides an output compared to the target output to get an estimate of error. The 

error gradients of multiple iterations are then backpropagated to the previous layers to update the 

weights. This process is performed by using a solver (e.g., gradient descent). The activation 

function allows the solver to get derivatives and make progress with each iteration. The weights 

indicate the connection strength between the nodes of different layers. To understand the 
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mechanism, consider that the input feature vector ὼ fed into the input layer, and the connection 

weights are multiplied by the input feature values in the nodes. After this operation, these values 

are passed through an activation function. The process can be summarized as, 

 ώ ὪВὼύ  (4.3) 

where ύ is the weight vector, ώ is the output from the node, and ὪȢ is the activation function. 

The number of hidden layers, nodes in a layer, activation function, solver, etc. are tunable 

hyperparameters for the model to ensure the best performance. While handling a regression 

problem, MLP uses the squared error of the predictions as a loss function. For classification, an 

activation function (e.g., soft-max) is used in the output layer, and the loss function provides a 

probability estimate for the output class labels. 

 SVM is an algorithm capable of performing nonlinear classification and regression 

(Géron 2019). SVM classifier aims to identify decision boundaries between classes that can 

satisfy the ñmaximum margin.ò In a nonlinear dataset, the margin optimization is performed in a 

higher-dimensional space instead of the original feature space to get a linear separating 

hyperplane. The process is performed by initially using basis functions to the feature space and 

then performing the optimization, called the ñkernel trickò. To understand the mechanism, 

consider a data set, Ὀ ὼȟώ ȟὼȟώ ȟȣȢὼȟώȟȣȢȢὼȟώ  where ὼ is the vector of 

input features and ώ is the label (classification) of the output feature for the Ὥ  data instance. 

Then, the decision function for SVM prediction is given by, 

 ώ Ὢὼ ύ ‰ὼ ὦ (4.4) 
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where ύ is a weight vector, Ὕ is for matrix transposition, ὦ is a constant, and ‰ is a function used 

to transform the kernel of input feature to higher dimensions. For a soft margin classification, ύ 

and ὦ are calculated from an objective function and associated constraints as shown below, 

 ὥὶὫ άὭὲȟȟ ύύ ὅВ ‚     

 such that,   ώ‫ὼ ὦ ρ ‚   ὥὲὨ   ‚ π Ὢέὶ Ὥ ρȟςȟȢȢȢȟά (4.5)  

where ‚ is an error term for margin violations, and ὅ is a hyperparameter used for regularization 

which deals with the overfitting issue. When predicting a continuous output feature (regression), 

the objective function is modified to try to fit the data instances inside the margin while limiting 

the margin violations. 

Table 4.1 Pseudo code for ID3 algorithm to build decision tree. 

Input:  descriptive features set, Ἤ 

 training set, Ὀ ὼȟώ ȟὼȟώ ȟȣȢȢὼȟώȟȣȢȢὼȟώ   

 1: if all the instances in Ὀ have the same target feature label C, then 

  2: return a decision tree consisting of a leaf node with label C 

 3: else if d is empty then 

  4: return a decision tree consisting of a leaf node with the label of the majority  

  target label in Ὀ 

 5: else if Ὀ is empty then 

  6: return a decision tree consisting of a leaf node with the label of the majority  

  target level of the dataset of the immediate parent node 

 7: else 

  8: Ἤ ὦὩίὸ Ŷ ÁÒÇ ÍÁØ
Ἤ

╘╖ 
ᶻ  ὨȟὈ          

  9: make a new node, ὔέὨὩ▀  , and label it with d [best] 

 10: partition Ὀ using Ἤ ὦὩίὸ 

 11: remove Ἤ ὦὩίὸ from Ἤ 

 12: for each partition Ὀ of Ὀ do 

  13: grow a branch from ὔέὨὩ▀  by rerunning steps 1-12 with Ὀ Ὀ 

╘╖ 
ᶻ  = Information Gain 
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Figure 4.2 Bagging versus boosting mechanism. 
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4.3.1.3 Similarity -based Learner 

 Similarity-based machine learning algorithms, such as k-NN, define a measure of 

similarity such as distance in a feature space and make a prediction based on the similarity with 

previous instances of data. The concept is derived from the idea that the best way to predict an 

outcome is to look at what has worked best previously (Kelleher et al., 2020). Table 4.2 shows 

pseudocode for the traditional k-NN algorithm. It is important to note that the feature space must 

be normalized to effectively measure the distance metric (e.g., Euclidean, Manhattan, 

Minkowski, etc.) between the data instances.  

Table 4.2 Pseudo code for traditional k-NN algorithm. 

Algorithm: Pseudo code for traditional k-NN algorithm 

Input:  training set, Ὀ ὼȟώ ȟὼȟώ ȟȣȢȢὼȟώȟȣȢȢὼȟώ ; query instance, ή ὼȟώ  

1: for each Ὠ‭Ὀ do 

 2: calculate the distance Ὠȟή, e.g., Euclidian Ὠȟή В ὨὭ ήὭ        -                                                                                    

-                                                                                 where ὲ = number of input features 

3: end for 

 4: select a subset ὔ from Ὀ having Ὧ training instances (the Ὧ nearest neighbors of ή) 

            5: predict the level of ώ for ή (for classification): 

                    ώ ÁÒÇ ÍÁØ В  ώȟὰ‏

                Or, 

                predict the value of ώ for ή (for regression): 

-         ώ В ώ 

 

 

4.3.2 Hyperparameter Optimization 

 Each machine learning algorithm has its unique hyperparameter set that can be optimized 

to achieve a better prediction performance. Proper tuning of these parameters is necessary to 

ensure optimal prediction performance on both the training set and test set data. The 

hyperparameters to be tuned might vary between prediction targets (categorical/numerical) for a 
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specific algorithm. For example, SVM has a hyperparameter named ‭, to control the width of the 

street fitting the data instances without penalty, that is tuned only for numerical target features. 

 Several state-of-the-art optimization techniques exist for hyperparameter tuning such as 

Grid search, Randomized search, Bayesian optimization, etc. (Géron, 2019; Probst et al., 2018). 

In the Grid search method, the hyperparameter space is linearly discretized and a limited 

combinations of discrete values are examined to find the optimal performance by the prediction 

model. For a larger hyperparameter search space, a randomized search is often adopted, which 

evaluates a given number of random combinations of the hyperparameters (Géron, 2019). A 

popular technique for a larger search space is the Bayesian optimization, which aims to fit a 

Gaussian process over the objective function in the hyperparameter space by adapting the mean 

and variance (based on the evaluation of the function at a query point) and thus develop an 

acquisition function (e.g., EI, UCB, etc.) to find the next query point (Wang et al., 2013). 

Although Bayesian optimization is a robust technique, it suffers exponentially from 

computational costs with the increase of parameter dimensions and is limited to only continuous 

parameters. This method operates on the search of the previous query, which makes it unable to 

perform parallel computation on possible hyperparameter combinations. Another efficient 

technique of hyperparameter optimization is the Stochastic Hill Climbing (SHC) (Caballero et 

al., 2020; Cruz et al., 2019; Panichella, 2021). This is a local search algorithm that evolves with 

each iteration where a random step is taken, providing better performance after exploring the 

potential neighbors. Unlike Bayesian optimization, this search method is computationally less 

expensive to find a reasonable solution in a large or infinite search space. However, SHC often 

suffers from being stranded at a local optimum, which can result in a sub-optimal solution. 

Restarting the search multiple times with random initializations can help this issue (Koller and 
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Friedman, 2009). However, random restart alone has the cost of too many trials which is 

computationally expensive and time-consuming. Hence, a new search method is proposed in this 

research referred to as Stochastic Hill-Climbing with Adaptive Steps (SHC-AS). In this method, 

larger steps are taken initially with random starts to explore the potential local optima. Based on 

this initial search, a further search is performed in a narrower subspace by reducing the step size 

to reach the optimal possible solution. This process is described in detail in the flowchart shown 

in Figure 4.3. The Hill-climbing method is a greedy approach (Elsken et al., 2019) where each 

step is taken with a higher score matric (Accuracy for classification, R2 for regression) than the 

previous step. For the adaptive step process, initially, larger step sizes were applied for the 

hyperparameters providing the freedom to explore a large range while searching for the local 

optima of the score. A few random initial parameter sets were used to find the possible local 

optima. A threshold score is provided for the initial searches to decide on going to the next level 

of the search. As shown in Figure 4.3, a random value from the standard Gaussian distribution is 

multiplied with the step size for a hyperparameter with each iteration of SHC. The randomization 

of the step size is important to avoid sampling at equal intervals (equivalent to grid search) which 

skip in between points with possibilities of better performance. Moreover, the Gaussian process 

helps to maintain a central tendency towards the starting values of the hyperparameters ensuring 

higher probabilities for refined steps within a smaller range as well as descent probabilities for 

larger steps to acquire a higher score with each trial. This specifically benefits the refined search 

process by the SHC after the initial trials as the optima is more likely to be within proximity.  
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Figure 4.3 Flowchart of the SHC-AS technique. 
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4.4 Database Collection 

 The database used for this study was collected from the Northgate Link Extension 

tunneling project (N125) in Seattle, WA (Jacobs, 2013; Yu et al., 2020). The project involved a 

twin bored 5.6 km long tunnel excavated by a Hitachi Zosen EPB-TBM. The cover above the 

tunnel crown varied between 6 m to 40 m.  The TBM specifications are detailed in Table 4.3. 

 The soils encountered during the tunneling operation are mostly glacially overridden 

deposits representing four engineering soil units (ESUs) (Jacobs, 2013), namely Till and Till-

Like Deposits (TLD), Cohesionless Sand and Gravel (CSG), Cohesionless Silt and Fine Sand 

(CSF), and Cohesive Clay and Silt (CCS). The USCS classifications of the geotechnical 

sampling data collected corresponding to their ESU units are shown in Table 4.4. These soil 

units had varied strength, permeability, and abrasive properties. The TLD mostly represents an 

unsorted mixture of gravel, sand, silt, and clay to a relatively clean mixture of sand and gravel. 

On average, more than 20% by weight of the TLD unit passes through no. 200 sieve (0.075 mm) 

and around 5% by weight are retained on the No.4 sieve (4.75 mm). CSG consists of silty sand 

and sandy gravel which is characterized by dense to very dense soil layers; less than 20% by 

weight passes through No. 200 sieve. CSF consists of silt, silty fine sands, and fine sandy silts, 

characterized by very dense layers. More than 20% by weight of CSF passes the No. 200 sieve 

and less than 5% retains on the No. 4 sieve; the plasticity index is less than 4. CCS is hard, 

interbedded silt and clay. More than 50% by weight passes the No. 200 sieve and less than 5% 

retains on No. 4 sieve; the plasticity index is greater than 4. Due to the nature of the soil 

formation in this project, frequent lenses of differing soil types were encountered. An example of 

a typical mixed soil face condition along the geological profile of the tunnel alignment is shown 

in Figure 4.4.  
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 The ESU assigned to the soil strata along the tunnel alignment is based on the geological 

history of the region which provides a baseline ground condition before the tunnel construction. 

However, the only ground truth data available are the geotechnical records of the locations where 

boreholes were excavated in close horizontal proximity to the tunnel alignment and went to a 

depth larger than the depth of the tunnel invert. Hence, the data used in this research represent 

the data corresponding to 65 borehole locations, for both the soil properties and the EPB-TBM 

operational data. The data collection and processing are described in the following sections. 

Table 4.3 Specifications of the TBM or EPBM used in project N125. 

Parameter Value 

Type EPB 

TBM Shield Outer Diameter 6.44 m 

Cut Diameter 6.47 m to 6.5 m 

Maximum Shield Jack speed 102 mm/min 

Total thrust force 40,000 kN 

Stroke 2300 mm 

Propulsion cylinders 16 

Rotational speed 0.4 to 2.2 min-1 

 

Table 4.4 ESUs and the corresponding USCS classifications observed for the geotechnical 

sampling data. 

Engineering Soil Units (ESU) Unified Soil Classification System (USCS) 

Till and Till-Like Deposits (TLD) SM, ML 

Cohesionless Sand and Gravel (CSG) GP, SP-SM, SP, SM 

Cohesionless Silt and Fine Sand (CSF) SP-SM, SM, ML 

Cohesive Clay and Silt (CCS) CH, CL, MH, ML, OH 
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Figure 4.4 Geological profile with mixed ESUs along the tunnel alignment of N125 project. 

 

4.4.1 Geotechnical Data 

 For this study, the geotechnical testing data on borehole samples were collected along the 

vertical alignment of the tunnel (Figure 4.5). To mention, the variation in soil properties due to 

the minimal horizontal offset (0-20 m) between the actual borehole location and the tunnel 

alignment is considered insignificant. The data collected from the borehole samples include grain 

size distributions, natural moisture content, Atterberg limits, and USCS classifications.  

 1 

 T
B
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Figure 4.5 Borehole segment along the tunnel vertical alignment. 

 

4.4.1.1 Mixed Soil Face Condition 

Mixed-face soil is a well-known adverse geologic condition during tunnel construction 

(Jeong et al., 2018; Yi et al., 2014). While mixed face conditions traditionally refer to soil and 

rock, two or more different soil types within the tunneling horizon are equally challenging and 

are herein considered mixed face. So far, there are no designated criteria to define a mixed face 

condition (Maidl, 2003; Tóth et al., 2013; Zhang et al., 2020). The general idea of a mixed tunnel 

face is to encounter two or more geological materials simultaneously during excavation having 

contrasted geological, geotechnical or material properties, thus having the potential to affect the 

tunneling progress adversely (Ma et al., 2015; Tóth et al., 2013). The industry has accepted the 

definition of mixed face condition as having uniaxial compressive strength (UCS) ratio of 1/10 

between the weakest and the strongest material (Tóth et al., 2013). The minimum amount of mix 
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percentages between the materials is also undefined for a mixed face condition. However, Jung 

et al. (2019) defined mixed face conditions of two different materials with each covering at least 

one-fourth of the excavation face. 

 From Table 4.4 we can observe that facing the TLD and CSG soil types together during 

tunnel excavation might not be a mixed soil face condition if most of the TLD is soil type SM. 

Hence, The USCS classifications collected from the geotechnical data were considered to define 

the mixed soil face condition for the tunnel excavation face. The simultaneous occurrence of the 

USCS soil units representing cohesive fine-grained soils (CH, CL, MH, ML, OH) with 

cohesionless coarse soils (GP, SP-SM, SM, SP) with a significant amount (at least 25% of each 

category) at the excavation face of the tunnel was considered as mixed tunnel face (Figure 4.6) in 

this study. Later, the data instances satisfying this criterion are labeled as ómixed faceô, and 

others are labeled as óhomogeneous faceô for the categorical target feature.   

 

Figure 4.6 Definition of mixed soil condition for the tunnel excavation face. 

 

4.4.1.2 Representative Geotechnical Properties for the Excavation Face 

 Geotechnical properties are available for multiple samples collected from a borehole 

along the tunnel vertical alignment. Hence, a mechanism to map these properties to the nearest 
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tunnel excavation face is required. Consider the geotechnical property vector of a borehole 

sample Ὥ as Ὃ ὼȟὼȟȣȟὼ , where ά is the number of geotechnical properties used (e.g., 

USCS classification, grain size, Atterberg limits, etc.). Also, assume that the total number of 

samples available within the horizontal projection of the excavation face to the borehole is ὲ. 

The tunnel excavation face is divided into ὲ horizontal area segments ὃȟὃȟȣȟὃ  depending 

on the position of the horizontal projection from the sample to the tunnel face. The divisions are 

made by maintaining the ratio between the vertical distances of the projections along the vertical 

diameter of the tunnel face. Figure 4.7 depicts this process in the case of three available samples. 

Hence, the representative geotechnical property vector for the tunnel excavation face is 

calculated by,  

 Ὃ
В

В
Ὦ‭Ὅ ύὬὩὶὩȟὍ ρȟςȟȣȟά (4.6) 

 

Figure 4.7 Measuring representative geotechnical properties for the tunnel excavation face. 
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4.4.2 EPBM Operational Data 

 An EPB tunnel boring machine provides continuous support to the tunnel face using 

freshly excavated soil mixed with conditioning agents, which completely fills up the excavation 

chamber under pressure. TBMs are generally equipped with multiple sensors collecting data 

during the excavation which provides information about the operational and ground conditions. 

These data are collected by the TBM data acquisition system and stored as an operational 

database. The EPBM sensors for the project under study collected the operational data with a 0.2 

Hz sampling frequency, among which the data collected on the northbound (NB) tunnel 

construction was used in this research. The tunnel lining was constructed by the segmental 

installation of tunnel rings with 1.5 m of approximate width. It is to mention that the TBM data 

collected for Ring X is for the cutterhead when located typically 5-6 rings ahead of ring X. To 

refer to the ground truth conditions according to the borehole locations, only one ring nearest to 

each borehole location was chosen to collect the EPBM operational data (total 65 rings) (a 

similar approach was followed by Yu (2021). Figure 4.8 shows some of the borehole names and 

associated ring numbers, for example area along the tunnel alignment. Hence, for each tunnel 

ring, the operational data provided multiple data instances to represent a tunnel excavation face 

with a unique set of representative geotechnical properties. Here, the borehole samples are in 

inch scale whereas the tunnel envelop is in feet scale. Hence, the question arises if such a 

representation is meaningful. To answer this question, we must understand that the subsoil 

investigation is performed with vertical boreholes. This is done because soil layering is generally 

horizontal, which is expected to be reflected towards the tunnel envelop. Hence, existing scaling 

differences should not affect the meaningful representation of soil in the tunnel envelop by the 

nearby borehole samples. 
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Figure 4.8 Tunnel rings nearby to borehole locations with labels (an example area). 

 

 The data acquisition system had hundreds of sensors collecting data describing the 

operational conditions during EPBM excavation. From these data, the parameters collected for 

this study were the average shield jack speed or advance rate, AR (mm/min); cutterhead rotation 

speed, total thrust, F (kN); cutterhead torque, T (kN-m); screw conveyor rotation ;(min-1) ‫ 

speed, Rs (min-1); screw conveyor muck volume flow rate, Mf  (m
3/min); screw muck volume, Mv 

(Ring) (m3); average bulkhead soil pressure, P (kPa); foam flow rate, Qf (m
3/min); and additive 

flow rate, Qa (m
3/min). Here, the F, and Rs are the driver's operating parameters whereas T ,‫ 

and AR are the TBM response to the operation. All the other parameters are related to the 

mechanism of earth pressure balance (EPB). As the process of EPB is closely related to the 
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excavated soil properties, these parameters are considered essential to capturing the geotechnical 

properties of the excavated ground conditions. 

 Continuous face pressure is required for the stability of the excavated tunnel face. To 

maintain this pressure, the scraped formation soil is mixed with conditioning agents during 

excavation, such as foams (produced from surfactant in water) and other additives (e.g., 

bentonite slurry, polymer, etc.) (EFNARC, 2005; Yu et al., 2020). This soil is turned into a 

homogeneous muck inside the excavation chamber. The muck is pressurized inside the chamber 

by controlling the outlet opening and speed of a screw conveyor located at the bottom of the 

chamber along with the advance rate to maintain the required chamber pressure (Mosavat, 2015). 

The chamber pressures at different heights are measured with horizontally installed pressure 

gauges in the bulkhead of the tunnel face (Yu et al., 2020). The data collected by the EPBM 

sensors had six pressure gauges installed at three different heights. The average bulkhead soil 

pressure P (kPa) was calculated by taking the mean of the data collected from these pressure 

gauges. The Rs, Mf, and Mv represent the sensors collected data on the rotational speed of the 

screw conveyor connected to the chamber bottom, the muck flow rate from the chamber bottom 

through the screw conveyor opening, and the muck volume collected at the belt conveyor for 

each tunnel ring, respectively. The conditioning agents (foams and additives) were injected into 

the soil through nozzles in the EPBM cutterhead and the flow rates were recorded with meter 

gauges. The Qf and Qa used in this study represent the sum of the foam flow and additive flow 

rates collected from five foam flow meters and three additive flow meters respectively (Mooney 

et al., 2017).  
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4.5 Data Description and Preprocessing 

4.5.1 Preprocessing EPBM Operational Data 

 The tunnel construction during EPBM excavation was performed in repetitive tunneling 

cycles. Each tunneling cycle had an operational phase and a standstill phase (Figure 4.9(a)). The 

TBM pauses forward advance during standstill to assemble the lining ring. Hence, the driverôs 

operating parameters (F, and the cutterhead torque (T) become zero. Therefore, the data (‫ 

instances from the operational phase of a tunneling cycle were collected using the following 

function, 

 Ὂ ὪὃὙ Ὢz‫ ὪzὊ ὪzὝ
π ὛὸὥὲὨίὸὭὰὰ ὴὬὥίὩ

ρ ὕὴὩὶὥὸὭέὲὥὰ ὴὬὥίὩ
 

 ύὬὩὶὩȟὪὼ
π  ὭὪ ὼ π
ρ ὭὪ ὼ π

 (4.7) 

 For the project under study, precast tunnel rings were installed in the standstill phase after 

the excavation operation. The excavation phase of a tunneling cycle is further subdivided into 

two phases: 1) ascending phase, and 2) stable phase, as shown in Figure 4.9(b). After passing a 

standstill phase, the TBM cutterhead starts to rotate and the value of T rises sharply with a high 

gradient which is the ascending phase. After a while, the value of T stabilizes with little variation 

within a small range holding the main excavation operation, named the stable phase. As can be 

seen, the stable phase data is more suitable for representing the excavation operation by the TBM 

(Yu et al., 2020). Hence the data collected from this phase is used in this study. 
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                               (a)                                                                                 (b) 

Figure 4.9 (a) Sample tunneling cycles showing the standstill and operational phases, (b) 

Ascending and stable phase of a single tunneling cycle for cutterhead torque, T. 

 

4.5.1.1 Data Distribution: Removing Outliers 

 The EPBM operational data can suffer from erratic sensor measurements, which can be 

considered as outliers. These outliers have the potential to affect the machine learning modelôs 

performance (Zhang et al., 2019; Zhu et al., 2021). Hence, the outliers should be removed from 

the database before feeding to the ML algorithms. In this study, the process used for removing 

outliers is the three-sigma rule where the data instances with values being plus or minus three 

standard deviations „ apart from the mean ‘ value are truncated from the database (Zhao et 

al., 2013). Here, the ‘ and „ values are unique to the stable phase data of each tunneling cycle 

where the truncation is applied. To visualize the concept, the outliers in a sample tunneling 

cycleôs stable phase data are shown in Figure 4.10. Although some outliers detected in Figure 

4.10 might not seem like erratic sensor measurements, they are identified as inconsistent with 

respect to the other data points under the same tunneling cycle. Also, some of these outliers are 

simply due to the limitation of sensor resolution. However, losing these data does not pose a 

substantial threat to securing sufficient data for training of ML models as abundant data were 
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collected by the TBM sensors with 0.2 Hz sampling frequency. To observe the distributions in 

the final database, the probability distribution plots of the parameters against their standardized 

score or Z-score values ὢ ὼȟὼȟȣȟὼ   

ύὬὩὶὩȟά ὲόάὦὩὶ έὪ Ὠὥὸὥ ὭίὲὸὥὲὧὩί are displayed in Figure 4.11. As can be observed, 

minor percentages are still outside the range ‘ σ„ for some parameters (e.g., for T = 2.48%). 

This is because the ‘ and „ values utilized in the standardized plots of the parameters were based 

on the overall data, which is different from their values used in the level of individual cycles for 

the truncation. Hence, these data are accepted in the final database. 

4.5.1.2 Multicollinea rity and Feature Selection 

 Multicollinearity among the input feature variables of a machine learning model can 

hamper the modelôs performance (Garg and Tai, 2013; Mokhtari and Mooney, 2020). Hence it is 

important to assess the collinearity between the prospective input features before feeding them 

into the ML algorithms. In this study, the EPBM operational parameters are used as the input 

features for the machine learning model training. Hence, the pairwise Pearson correlation 

coefficient r values for the EPBM parameters are assessed to determine the collinearity between 

them. Figure 4.12(a) indicates that the parameters having the highest correlations are Rs and Mf (r 

= 1.00). Also, AR is highly correlated with both Rs and Mf (r = 0.85). This is expected as screw 

rotation increases the removal of mass per time, and both of them increase with AR. To avoid 

this issue, one of the two highly collinear features (Mf) was removed from the input features. 

Hence, the newly selected input feature set contains nine parameters with the correlation 

coefficients shown in Figure 4.12(b). To mention, both AR and Rs are kept in the input feature set 

as their r < 1, which might cause some loss of information with either one removed. 
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Figure 4.10 Outlier detection of the EPBM parameters for a tunneling cycleôs stable phase data. 
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Figure 4-10 Continued 
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Figure 4.11 Standardized scores of EPBM operational parameters: (a) AR, (b) ɤ, (c) F, (d) T, (e) 

Rs, (f) Mf, (g) Mv (Ring), (h) P, (i) Qf, and (j) Qa. 
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Figure 4.11 Continued 

   

   

 

 

 

 

 

 

 

 

 



110 
 

 

(a) 

 

(b) 

Figure 4.12 Pearson correlation coefficients (r) between input features: (a) before, and (b) after 

removing Mf. 
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4.5.2 Data Statistics 

 The descriptive statistics for the nine selected EPBM parameters as input features are 

shown in their frequency histogram plots with density distribution curves in Figure 4.13. It can 

be observed from Figure 4.13 that AR has approximately unimodal distribution (left-skewed) 

with a peak at 40 mm/min; ɤ has quantized values (1.5-2.2; quantization step 0.1) with a 

prominent peak at 1.9 revolution/min-1; F has multimodal distribution with three peaks near 

12000 kN, 16000 kN, and 19000 kN; T has a bimodal distribution with peaks near 1000 kN-m 

and 2000 kN-m; P has approximate unimodal distribution with a peak near 170 kPa.  

The representative geotechnical data obtained from the borehole logs along the tunnel 

alignment including grain size distributions (gravel%, sand%, and fine%), natural moisture 

contents (MC %), and Atterberg limits (Liquid Limit or LL %, Plastic limit or PL %) are shown 

in box and whisker plots in Figure 4.14. Among the distributions of grain size, the gravel% 

indicates a very low range of distribution with less variability (as the tunnel geology consists of 

sand and fine soil). The LL and PL data are representative of fewer boreholes (19 among 65) 

depending on the type of soils encountered (only clay/silt soils have LL, and PL). According to 

the definition of the mixed soil face condition adopted in section 4.4.1.1., the distributions of the 

EPBM parameters for the ómixed faceô and óhomogeneous faceô tunnel excavation faces are 

shown in Figure 4.15. As can be observed, most of these parameters have significantly varied 

spread between these two classes.  
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Figure 4.13 Frequency histogram plots with density curves for EPBM parameters selected as 

input features. 
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Figure 4.13 Continued 
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Figure 4.14 Box and whisker plots of the geotechnical data. 

 

 The clogging potential at the tunnel excavation face is dependent on the Atterberg limits 

(LL, PL) and the moisture content of the excavated soil (Hollmann and Thewes, 2013). The 

moisture content in the ground before excavation defines the existing clogging potential, which 

helps to decide on the amount of soil conditioning agents to be used to reach desired muck 

consistency inside the EPBM chamber. The Atterberg limits and moisture contents of the soil are 

available at limited borehole locations from prior investigations, which is not sufficient to 

describe the whole tunnel geology (e.g., in-between boreholes). Especially, in ómixed faceô 

ground conditions, understanding the clogging potential is more challenging due to the presence 

of transitional ground.  Hence, it will be beneficial if EPBM-generated data can be used during 

the operation to predict the in-situ clogging potential of the excavated tunnel face, thus providing 

insight to carefully improve the conditioning mechanism during operation.  

For the prediction of the clogging potential of the tunnel face, the representative MC%, 

LL%, and PL% obtained from 19 bore logs (Section 4.5.2) were used to calculate their 
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consistency index, Ὅ  , from which their clogging potential categories were obtained 

according to the clogging evaluation diagram for EPB operations produced by Hollmann and 

Thewes (2013). Figure 4.16(a) shows the diagram with the positions of these 19 points. For 

detecting the clogging potential, the EPBM data collected on the corresponding 19 tunnel rings 

were used for the analyses. The distribution of these parameters for different classes of clogging 

potentials according to the diagram mentioned above are shown in Figure 4.16(b). 

 

 

 

 

 

 

Figure 4.15 Distributions of the input features corresponding to ómixed faceô and óhomogeneous 

faceô classes. 
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Figure 4.16 (a) Representative clogging potentials of the tunnel face displayed on the clogging 

evaluation diagram (Hollmann and Thewes, 2013), (b) distributions of the input features for the 

available classes of clogging potential (ólumpsô is equivalent to óno cloggingô). 
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4.6 Detecting Properties of the Tunnel Excavation Face 

4.6.1 Model Construction 

4.6.1.1 Input and Output Features 

 In this research, the nine selected EPBM parameters (Section 4.5.1.2) were used as input 

features for the machine learning model construction. The output or target features were obtained 

from the geotechnical properties. The mixed soil condition of the excavated tunnel face was 

predicted as a categorical target feature with binary class labels as ómixed faceô / óhomogeneous 

faceô. For clogging potential prediction, the clogging potential classes available were also 

predicted as a categorical target feature as shown in Figure 4.16. Finally, for grain size 

distribution, sand% and fine% were considered as the two numerical target features (gravel% 

was omitted due to its narrow distribution range, as shown in Figure 4.14). The mixed face 

conditions and representative grain size distributions from different boreholes and their 

associated ring numbers are shown in Table 4.5. Similar details for clogging potential predictions 

are shown in Table 4.6. 

Table 4.5 Mixed face conditions and representative grain size distributions of tunnel rings with 

boreholes. 

Bore log Ring no. Mixed face condition* Gravel% Sand% Fine% 

NB 594 1 0 0.43 0.83 98.74 

NB 563 15 0 0.00 0.00 100.00 

NB 562 50 0 0.00 0.00 100.00 

NB 560 115 0 0.00 0.00 100.00 

NB 559 153 0 0.00 0.00 100.00 

NB 558 196 0 0.00 0.00 100.00 

NB 557 233 1 0.00 45.98 54.03 

NL 402 317 0 0.00 96.00 4.00 

NB 555 348 0 0.01 92.20 7.79 

NB 554 394 1 0.05 58.58 41.38 

NB 539 404 1 0.19 40.08 59.73 

NB 596 450 1 0.00 19.91 80.09 



119 
 

Table 4.5 Continued 

Bore log Ring no. Mixed face condition* Gravel% Sand% Fine% 

NB 552 465 1 0.00 15.93 84.08 

NB 550 584 0 0.00 88.75 11.25 

NB 549 681 0 0.00 92.28 7.73 

NB 548 713 0 0.00 95.20 4.80 

NB 547 787 0 0.00 97.63 2.38 

NB 546 868 0 0.05 86.10 13.85 

NB 545 896 0 0.00 91.45 8.55 

NB 544 972 0 0.00 92.13 7.88 

NB 543 1022 0 0.02 19.48 80.50 

NB 542 1103 0 0.00 93.73 6.28 

NB 541 1147 0 0.00 90.85 9.15 

NB 540 1193 0 0.00 93.43 6.58 

NB 538 1244 0 0.00 94.00 6.00 

NB 218 1288 0 0.00 84.00 16.00 

NB 537 1326 0 0.00 90.80 9.20 

NB 536 1356 0 0.03 89.95 10.03 

NB 535 1393 0 0.00 88.20 11.80 

NB 534 1442 0 0.15 96.58 3.35 

NB 533 1507 1 8.13 52.68 39.23 

NB 532 1556 0 16.90 53.60 29.60 

NB 529 1686 1 4.13 24.43 71.45 

NB 528 1739 1 0.55 69.80 29.65 

NB 527 1803 0 3.10 82.60 14.25 

NB 526 1871 0 0.00 92.25 7.75 

NB 216 1914 1 0.00 25.25 74.75 

NB 525 1930 1 0.00 24.25 75.75 

NL 323 1956 0 0.00 0.00 100.00 

NB 524 2021 1 0.00 21.65 78.35 

NB 523 2093 0 0.00 13.26 86.74 

NB 522 2153 1 0.01 68.74 31.25 

NB 521 2235 1 0.05 50.43 49.53 

NB 520 2312 1 0.00 64.26 35.74 

NB 519 2414 0 21.71 68.63 9.69 

NB 518 2476 1 2.60 41.40 56.00 

NB 517 2559 0 12.75 54.48 32.78 

NB 118 2638 0 9.00 65.20 25.80 

NB 603 2729 0 29.05 41.43 29.50 

NB 514 2769 0 0.30 49.00 50.70 

NB 606 2827 0 18.76 52.16 29.08 

NB 513 2898 0 0.33 93.65 6.03 
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Table 4.5 Continued 

Bore log Ring no. Mixed face condition* Gravel% Sand% Fine% 

NB 369 2942 0 6.00 86.50 7.25 

NB 512 3013 0 1.30 96.60 2.10 

NB 511 3086 0 0.00 3.28 96.73 

NB 510 3143 0 0.00 2.90 97.10 

NB 509 3198 0 0.00 0.25 99.75 

NB 508 3235 0 0.00 1.30 98.70 

NB 507 3269 0 0.00 0.10 99.90 

NB 506 3353 0 0.00 0.00 100.00 

NB 505 3382 0 0.00 0.00 100.00 

NB 255 3408 0 0.00 7.00 93.00 

NB 504 3470 0 0.00 0.00 100.00 

NB 502 3528 0 6.46 65.98 27.56 

NB 501 3610 0 0.00 96.20 3.80 

*1 - Mixed face, 0 - Homogeneous face 

 

Table 4.6 Representative geotechnical properties and clogging potentials of tunnel rings with 

boreholes. 

Bore log Ring 

no. 

MC 

(%) 

LL (%) PL (%) Consistency 

Index, Ic 

Stiffness Clogging 

potential 

NB 594 1 27.86 52.92 25.25 98.74 stiff medium clogging 

NB 563 15 26.49 41.25 23.13 100.00 stiff medium clogging 

NB 562 50 25.46 42.63 24.25 100.00 stiff medium clogging 

NB 560 115 27.30 46.75 21.00 100.00 stiff medium clogging 

NB 558 196 26.60 50.00 25.00 100.00 stiff medium clogging 

NB 596 450 38.45 67.75 48.25 80.09 hard lumps 

NB 552 465 58.63 118.13 76.75 84.08 hard lumps 

NB 543 1022 29.63 51.25 33.75 80.50 very stiff lumps 

NB 216 1914 25.98 37.75 26.75 74.75 very stiff lumps 

NB 525 1930 27.35 48.00 29.00 75.75 very stiff lumps 

NL 323 1956 24.85 21.00 19.50 100.00 liquid fines dispersing 

NB 524 2021 34.11 48.25 27.75 78.35 soft strong clogging 

NB 523 2093 29.86 57.25 30.50 86.74 very stiff lumps 

NB 511 3086 24.33 40.00 28.00 96.73 hard lumps 

NB 510 3143 25.11 43.00 29.00 97.10 hard lumps 

NB 509 3198 27.35 32.00 26.25 99.75 stiff medium clogging 

NB 508 3235 27.15 26.75 26.00 98.70 liquid fines dispersing 

NB 507 3269 29.83 32.25 28.00 99.90 soft strong clogging 

NB 506 3353 27.95 41.00 23.00 100.00 soft strong clogging 
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Table 4.6 Continued 

Bore log Ring 

no. 

MC 

(%) 

LL (%) PL (%) Consistency 

Index, Ic 

Stiffness Clogging 

potential 

NB 505 3382 22.15 47.00 22.50 100.00 very stiff lumps 

NB 504 3470 23.10 42.00 22.00 100.00 stiff medium clogging 

 

 

4.6.1.2 Train -test data split  

 The data collected from individual tunnel rings represent the ground conditions within 

very close proximity (approximately 1.5 m). Hence, to achieve robust and generalized 

performance by the machine learning algorithms, the train-test splits of the datasets were 

performed in the óring levelô (all the data instances from an individual tunnel ring were assigned 

to either train set or test set data). To mention, one set of representative geotechnical data from 

boreholes is assigned to all the 5 sec TBM data collected from each ring. For example, there is a 

single value of sand% for all the 5 sec TBM data collected from a specific tunnel ring (Ray and 

Page, 2001). The instances collected from each ring are independent in their input features even 

after having the same numerical output. Moreover, the train-test split is performed by óring levelô 

stratification, which makes the ótest setô data completely independent from ótrain setô data. Two 

datasets were used in the analyses: óGSD datasetôô (for mixed tunnel face condition and grain 

size prediction models), óClogging datasetô (for clogging potential prediction models). In all 

cases, the ratio of the ótrain setô to ótest setô data was maintained as 80% to 20%. To mention, 

ótest setô data is completely independent of the ótrain setô data. Later, machine learning 

algorithms are trained and validated on the ótrain setô data by using the 10-fold cross-validation 

method, whereas ótest setô data were used for evaluating the performance of the already trained 

models. Hence, the total number of rings considered on the train set and the test set data from the 

óGSD Datasetô was 52 (80% of 65) and 13 respectively. For the clogging potential prediction, 
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these numbers were 15 (80% of 19) and 4 respectively from the óClogging datasetô. Table 4.7 

shows the details of these two processed datasets used. 

Table 4.7 Details of the two processed datasets used to build prediction models. 
 

Set Total 

instances 

Total 

tunnel 

rings 

Ring label 

GSD 

dataset 

train set 8976 52 1, 50, 153, 196, 233, 317, 348, 394, 404, 450, 

465, 584, 681, 713, 787, 868, 972, 1022, 1193, 

1288, 1326, 1356, 1393, 1442, 1556, 1686, 1739, 

1871, 1930, 1956, 2021, 2093, 2153, 2235, 2414, 

2476, 2559, 2638, 2729, 2898, 2942, 3013, 3086, 

3198, 3235, 3269, 3353, 3382, 3408, 3470, 3528, 

3610 
 

test set 1740 13 15, 115, 896, 1103, 1147, 1244, 1507, 1803, 

1914, 2312, 2769, 2827, 3143 

Clogging 

dataset 

train set 2407 15 1, 15, 50, 196, 450, 465, 1914, 1930, 2021, 2093, 

3086, 3198, 3353, 3382, 3470 
 

test set 477 4 115, 1022, 3143, 3269 

 

 

 There is a data imbalance between the ómixed faceô and óhomogeneous faceô classes 

(fewer tunnel rings satisfied the ómixed faceô condition) in the óGSD datasetô, which required a 

stratified train-test split based on their ratio (ómixed faceô: óhomogeneous faceô = 3: 10). A 

machine learning classifier generally struggles to perform well in the presence of extreme class 

imbalance (Elrahman and Abraham, 2013). Hence, a further data truncation was applied to the 

óGSD datasetô with a systematic sampling of the data instances of the majority class (1st and 3rd 

from every 5 consecutive instances were kept only). This truncation was only applied to the 

dataset for the prediction of ómixed faceô / óhomogeneous faceô classes, excluding the grain size 

distribution prediction (sand%, fine%). For predicting the clogging potentials with óClogging 
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datasetô, stratified sampling for the train-test set was performed based on their class ratios to 

have representative data instances from all the class labels in either set.  

4.6.1.3 Training Classification and Regression Algorithms 

 In this research, five machine learning methods with different philosophies (Section 4.3) 

were adopted to perform both classification and regression tasks. The hyperparameters optimized 

for these algorithms, their search space (SS), and a brief description for each are provided in 

Table 4.8. While using the SHC-AS method (section 4.3.2), only the numerical hyperparameters 

were considered with adaptive steps, while the categorical ones were uniformly randomized for 

optimization. For training regression algorithms, the multi-output regression method was adopted 

for the grain size prediction (sand%, fine%). The classification algorithms were trained for 

binary classification to detect mixed tunnel face conditions and for multiclass classification to 

detect clogging potentials. The effect of hyperparameter optimization on the modelôs 

performance was evaluated by 10-fold cross-validation on the train set data. This method divides 

the training set into ten representative subsets of equal size. Then, nine of them are used to train 

the model and the remaining one is used for validation. Thus, scores from the ten training and 

validation pairs are obtained that are averaged to get a final result. The process is displayed in 

Figure 4.17. 

  

 

 

 

  

 



124 
 

Table 4.8 The search space/categories and brief descriptions of the optimized hyperparameters 

for the models. 

Model Hyperparameter 
Search Space 

(SS) / Categories 
Description 

RF 

classifier/regressor 

n_estimators [1, 200] total no. of base learners 

max_depth [1, 25] max. possible depth of tree/base 

learner 

min_samples_leaf [1, 100] min. samples required to be on the 

leaf node 

max_features [1, 9] max. features considered at each 

node for the best split 

AdaBoost 

classifier 

n_estimators [1, 50] max. base learners used to 

terminate boosting 

learning rate [0.1, 3] weight applied to each learner at 

each iteration 

AdaBoost 

regressor 

n_estimators [1, 50] max. base learners used to 

terminate boosting 

learning rate [0.1, 3] weight applied to each learner at 

each iteration 

loss linear, square, 

exponential  

loss function used to update the 

weight after each boosting 

iteration 

MLP 

classifier/regressor 

hidden layer size [1, 100], [1, 100] number of nodes for each of the 

two hidden layers used 

solver adam, lbfgs, sgd performs training of algorithm 

activation relu, logistic, 

tanh 

performs standardization of data 

SVM classifier C [0.001, 1] regularization parameter 

g [0.01, 1] kernel coefficient 

kernel linear, poly, rbf transforms data to a higher 

dimensional plane 

SVM regressor C [0.001, 1] regularization parameter 

e [0.01, 1] controls the distance allowed from 

actual to predicted value without 

penalty  

kernel linear, poly, rbf transforms data to a higher 

dimensional plane 

k-NN 

classifier/regressor 

n_neighbors [1, 300] no. of neighbors used as queries 

p [1, 3] power parameter for the distance 

matric 
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 The hyperparameter optimization process by the SHC-AS method for mixed soil face 

detection, clogging potential detection, and grain size distribution prediction are shown in Figure 

4.18-4.20 respectively. These figures indicate the best search for each case corresponding to the 

secondary search level by the SHC-AS method (Figure 4.3) after passing the threshold score 

(50% of Accuracy / 0.50 of R2) from the preliminary search. Two numerical hyperparameters 

from each algorithm were chosen to show their gradual development with the increase of the 

performance score. The optimization results (the tuned hyperparameter values) and the 

corresponding maximum scores are shown in Tables 4.9-4.11. In the case of AdaBoost 

algorithms, the base estimators or learners used are decision trees with a maximum depth of two.  

 

 

Figure 4.17 Diagram to describe the 10-fold cross validation process. 
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Figure 4.18 Hyperparameter optimization by SHC-AS method for detecting mixed soil face. 
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 Figure 4.19 Hyperparameter optimization by SHC-AS method for detecting clogging potential. 
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Figure 4.20 Hyperparameter optimization by SHC-AS method for predicting grain size 

distribution. 
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Table 4.9 SHC-AS optimization results for mixed soil face detection. 

Model Hyperparameter Best value Accuracy 

RF classifier n_estimators 24 99.4% 

max_depth 5  

min_samples_leaf 2  

max_features 6  

AdaBoost classifier n_estimators 16 98.5% 

 learning rate 0.25  

MLP classifier hidden layer size 18, 28 99.8% 

solver adam  

activation relu  

SVM classifier C 0.2 99.9% 

g 0.5  

kernel rbf  

k-NN classifier n_neighbors 97 98.2% 

p 1  

 

Table 4.10 SHC-AS optimization results for clogging potential detection. 

Model Hyperparameter Best value Accuracy 

RF classifier n_estimators 7 99.8% 

max_depth 5  

min_samples_leaf 93  

max_features 7  

AdaBoost classifier n_estimators 8 99.4% 

 learning rate 0.75  

MLP classifier hidden layer size 6, 6 99.9% 

solver adam  

activation relu  

SVM classifier C 0.04 99.8% 

g 0.37  

kernel rbf  

k-NN classifier n_neighbors 133 99.7% 

p 1  
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Table 4.11 SHC-AS optimization results for grain size distribution prediction. 

Model Hyperparameter Best value R2 

RF regressor n_estimators 118 0.99 

max_depth 21  

min_samples_leaf 1  

max_features 4  

AdaBoost regressor n_estimators 26 0.93 

 learning rate 2.8  

 loss linear  

MLP regressor hidden layer size 50, 19 0.98 

solver adam  

activation relu  

SVM regressor C 0.2 0.89 

e 0.06  

kernel rbf  

k-NN regressor n_neighbors 119 0.98 

p 1.11  

 

 

4.6.2 Model Evaluation 

4.6.2.1 Evaluation Metrics 

 A detailed description of the evaluation metrics used in this study is provided in 

Appendix A. 

4.6.2.2 Evaluation Results 

 The trained models (classifiers and regressors) are evaluated by their prediction 

performances on the test set data. Figure 4.21 shows the confusion matrices for the predictions 

on the mixed tunnel face condition produced by the five classifiers used in this study (RF, 

AdaBoost, MLP, SVM, and k-NN). The corresponding score metrics (Accuracy and F1) are 

shown in Figure 4.22-4.23 (the terms óBalanced Accuracyô and óF1 (macro avg.)ô used in Figure 
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4.22 indicate the balanced measure of Accuracy of the predicted classes and the uniform average 

of the F1 values calculated for each predicted class).  

 

 

 

Figure 4.21 Confusion matrices for the predictions of mixed face condition by, (a) RF, (b) 

AdaBoost, (c) MLP, (d) SVM, and (e) k-NN. 

 

 Among the five classifiers, MLP provided the best performance with the highest balanced 

accuracy (87.42%) and F1 (macro) (0.893), followed by RF (82.32%, 0.826) and AdaBoost 


















































































































































































