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Abstract

Recently, Al-based models have been applied to accurately estimate tunnel boring machine (TBM) energy consumption. Although
data-driven models exhibit strong predictive capabilities, their outputs derived from ““black box” processes are challenging to interpret
and generalize. Consequently, this study develops an XGB_MOFS model that cooperates extreme gradient boosting (XGBoost) and
multi-objective feature selection (MOFS) to improve the accuracy and explainability of energy consumption prediction. The XGB_MOFS
model includes: (1) a causal inference framework to identify the causal relationships among influential factors, and (2) a MOFS approach
to balance predictive performance and explainability. Two case studies are carried out to verify the proposed method. Results show that
XGB_MOFS achieves a high degree of accuracy and robustness in energy consumption prediction. The XGB_MOFS model, balancing
accuracy with explainability, serves as an effective and feasible tool for regulating TBM energy consumption.

Keywords: Machine learning; Multi-objective feature selection; Explainability; Energy consumption; Shield tunneling

1 Introduction

Tunnel construction has been extensively employed to
alleviate traffic congestion in major cities. Shield tunnel
boring machines (TBM) have been prevalently used for
constructing tunneling systems due to their enhanced secu-
rity features and capability for swift construction (Qin
et al., 2024; Liu et al., 2023c). The shield tunneling process
often involves high energy consumption (e.g., several thou-
sand kilowatts), being not conductive to project cost con-
trolling and pollution prevention (Shi et al., 2014). It is a
common practice to estimate energy consumption during
TBM operation and take energy-saving measures in
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advance (Elbaz et al.,, 2022). However, it is a well-
recognized challenge to reliably estimate the energy con-
sumption of a TBM due to the complexities inherent in
engineering equipment construction. Against this contex-
tual, there is a need to develop an accurate analysis model
to forecast energy consumption, and contribute to the safe
operation of TBM and sustainability of tunnel
construction.

To date, numerous studies have applied diverse theories
to predict the efficiency and performance of shield
machines. These approaches encompass mechanical analy-
sis, physical experiments, and numerical models (Wang
et al., 2015). However, these methods encounter several
limitations, including the imprecision of mechanical models
(Zhou et al., 2019a), the high costs associated with physical
experimentation (Elbaz et al., 2022), and poor reusability
of numerical models (Chen et al., 2019). It also indicates
that these methods are difficult to help operators make
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efficient and accurate decisions in actual shield tunneling
projects.

In the past decade, significant advancements in artificial
intelligence (AI) have facilitated tunneling energy con-
sumption prediction (Zhou et al., 2019b; Sheela et al.,
2024). Despite their high accuracy, these data-driven mod-
els resemble black boxes, making them hard to explain
(Zhou et al., 2023; Love et al., 2023; Liu et al., 2024a).
Obviously, there is no such thing as a free lunch. Achieving
ideal predictions in algorithm selection is challenging due
to the perceived incompatibility between accuracy and
explainability. However, to let TBM’s managers trust Al
model’s results and use them make decisions, the achieve-
ment of the two goals is significantly necessary.

Thus, our research aims to address the following ques-
tion: How to reliably predict shield energy consumption
while balancing prediction performance and explainability?
In addressing the question, this research proposes an
XGB_MOFS model that integrates extreme gradient
boosting (XGBoost) and multi-objective feature selection
(MOFY) for quantitatively analyzing the TBM energy con-
sumption in tunnel construction. The innovation encapsu-
lated in this research is twofold: (1) the adoption of causal
inference for enhanced comprehension of the variables
affecting energy consumption, and (2) the proper combina-
tion of the XGBoost and MOFS for a trade-off between the
model’s predictive accuracy and explainability.

The rest parts of the paper are organized as follows. Sec-
tion 2 reviews the existing studies on TBM energy con-
sumption prediction from different perspectives. Section 3
introduces the proposed XGB_MOFS method, comprising
three components: causal information learning, MOFS
method design, and XGBoost model construction. Sec-
tion 4 extends the applicability and effectiveness of the pro-
posed approach with two engineering cases. Subsequent
sections address  contributions, limitations, and
conclusions.

2 Literature review

Historically, various methods to analyze and estimate
TBM'’s energy consumption emerged progressively. Table 1
lists several studies that model and predict TBM energy
consumption during tunnel construction, including classi-
cal and Al-based methods.

To elaborate, in mechanical analysis, the nonlinear with
multiparameter coupling during shield machine excavation
complicates the construction of a comprehensive and pre-
cise energy consumption model. The distinctiveness of con-
struction condition necessitates tailored physical testing,
which incurs significant costs. Computation of numerical
models is very complex and time-consuming. Moreover,
accurate model parameters are highly contingent on under-
standing the interaction between soil and machine, necessi-
tating extensive experimental tests and backward
parameter analysis that challenge simulation (Chen et al.,
2019). Classical methods exhibit limitations in practical

applications. Their implementation is also time-
consuming and cumbersome. By contrast, machine learn-
ing (ML) stands out for enabling more accurate, and
robust data-driven predictions of TBM energy consump-
tion without any assumptions, becoming an ideal solution
for constructing the complex relationships within multidi-
mensional data and facilitating intelligent TBM excavation
predictions at a significantly lower computational cost
(Zhang et al., 2020).

Recently, gradient boosting (GB)-based Al algorithms
evolve rapidly and improve the performance of tabular
data modelling. A representative example is XGBoost
algorithm that combines several weakly supervised models
to create a robust supervised model (Chen & Guestrin,
2016). In this model, the regularization term helps to con-
trol model’s complexity, thereby avoiding overfitting.
Compared to deep learning models, the tree model is more
robust to selection bias to achieve better performance with
lower training costs and higher explainability (Shwartz-Ziv
& Armon, 2022). XGBoost has been proven a promising
model in TBM performance prediction (e.g., porosity,
advance rate) during its tunneling (Zhou et al. 2021).
Therefore, this research introduces XGBoost algorithm to
predict TBM’s energy consumption.

Although existing XGBoost studies have yielded
promising results in prediction and explainability, it com-
plicates the explanation of why and how its outputs are
generated (Love et al., 2023; Liu et al., 2024b). If the out-
puts remain unexplained, how can decision-makers trust
the results that are crucial for their decision-making
processes?

In addressing the question, this research introduces fea-
ture selection (FS) as a pre-processing technique to
enlighten the nature of data for ML model training,
thereby enhancing pre-modeling explainability (Minh
et al., 2021). Unlike post-hoc explainability methods, FS
directly impacts the prediction model and enhances the
understanding of predictive factors. This is because the per-
formance of such models hinges directly on the features
selected (Zhang, 2019). Additionally, the explainability of
FS plays a crucial role, as the goal is to ensure that the
model gets genuinely useful knowledge rather than learning
seemingly correlated but logically irrelevant information
(Zhou et al., 2024).

Traditional FS methods based on correlation have been
commonly used in previous studies. Zhang (2019) intro-
duced a novel FS method relying on global sensitivity anal-
ysis to efficiently identify the most pertinent feature
subsets, with feature ranking grounded on results from
Pearson, Sobol’, and PAWN. Pan et al. (2022) imple-
mented the FS process using a grey relational grade
(GRG), with higher GRG values being preferable. In other
fields, Park et al. (2022) recommended the Shapley additive
explanation approach for identifying significant features.
These FS processes enhance the model’s ability to capture
patterns and dependencies, finally leading to more accurate
predictions. However, the relevance-based FS methods
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Table 1

Prior works on ML-based energy consumption prediction.

Category Study Approach Description

Classical Shi et al. (2014) Mechanical analysis Provide a drive model with significant energy-saving potential by utilizing a variable speed
methods pump-controlled hydraulic drive system.

Shi et al. (2011) Physical experiments Propose an experimental method to analyze the energy consumption of the cutterhead
hydraulic drive system.

Wang et al. (2015)  Numerical Determine the disk tool energy equation, and further propose a disk tool wear prediction

simulations method for hard rock TBM cutterhead, according to the energy wear theory.
Al-based Zhou et al. (2019a) SVM Introduce a hybrid technique combining the least-squares support vector machine (SVM) with
methods particle swarm optimization to analyze energy consumption.

Elbaz et al. (2022)  KCNN-LSTM Propose a model cooperating convolutional neural network (CNN) and long short-term
memory (LSTM) predictor based on K-means clustering algorithm, aims to deliver precise
energy consumption forecasts.

Pan et al. (2022) GCN Propose an attention-based graph convolutional network (GCN) approach to significantly
enhance prediction performance.

Zhang et al. (2024) GCN-LSTM Employ a deep learning model integrating GCN with LSTM networks for the reliable

estimation of TBM energy consumption.

described above are susceptible to confounding and sample
selection bias, leading to spurious correlations.

Aiming at discovering the nature of interactions between
variables, causality-based approaches have access to effec-
tively model causal relationships and provide more reliable
explainability. These approaches primarily include Markov
blanket (MB) discovery and feature selection based on cau-
sal information, such as Granger causality and information
flow (You et al., 2023). Tang et al. (2024) selected causal
nodes from the Markov boundary in a causal diagram to
extract causal subgraphs. Liu et al. (2023b) introduced a
feature filter method relying on information flow where
causalities are inferred from information transmission
rates, albeit without strong evidence. However, existing
MB-based methods do not distinguish between parent
and child nodes, and therefore cannot directly assist in pre-
dicting the outcomes of actions (Yu et al., 2020). Addition-
ally, information-based methods often fail to achieve high
prediction accuracy (You et al., 2023). Therefore, it is nec-
essary to obtain more comprehensive causal information
and support pre-model explainability.

However, the accuracy of models using such causality-
based feature subsets is still not guaranteed. This is because
neither exhaustive search is performed nor convexity is
established during the FS process, which means that some
combinations of features that may improve the perfor-
mance of the model are missed (Feng et al., 2021). In other
words, the primary motivations for adopting causality-
based FS are model’s explainability and reliability rather
than the best prediction accuracy. In summary, there is
an inherent challenge in balancing prediction performance
and explainability. Consequently, a MOFS technique is
proposed, integrating both feature subsets’ causality and
model’s predictive accuracy as optimization objectives for
more substantial input evidence. Details on the construc-
tion of our MOFS method will be presented in the follow-
ing section.

3 Methodology

Our paper focuses on reliable energy consumption pre-
diction while maintaining a balance between predictive
accuracy and explainability. To achieve this goal, a novel
MOFS method is introduced, targeting causal effects and
the coefficient of determination (R*) as dual objectives to
pinpoint the optimal input feature between construction
parameters. Consequently, we employ the ensemble learn-
ing algorithm to generate precise forecasts of energy con-
sumption in shield tunneling. Figure 1 outlines our
proposed methodological framework, with subsequent sec-
tions detailing each step.

3.1 Causal information learning from monitoring data

Causal information evaluation is required as one of the
optimization objectives. Causal information learning seeks
to discern causal relationships among variables through
directed acyclic graphs (DAG) and to calculate causal
effect using observational data. Specifically, it entails a
two-step process: causal discovery followed by causal effect
estimation.

3.1.1 Causal discovery

We utilize the gradient-based neural DAG learning
algorithm (GraN-DAG) for causal discovery and derive
causal relationships (i.e., a DAG) from the observational
data. Consider a data matrix X € R™, where
X = (X1,Xy, -+, X,) represents n independent and identi-
cally distributed (i.i.d) observations of d variables. The
desired DAG (G,) exists in the space D*?, denoting the
Markov equivalence classes consistent with the joint distri-
bution of X. Building on the continual constrained opti-
mization scheme (Zheng et al., 2018), GraN-DAG
employs neural networks (NN) to address the nonlinear
relationships among variables, facilitating the depiction
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Fig. 1. Framework of the proposed methodology.

of complex interactions while avoiding the combinatorial
complexity of the problem (Lachapelle et al., 2019).

(1) Continuous optimization for structure learning

GraN-DAG develops a continuity-constrained equation
to encode the desired DAG, parameterizing this equation
with multi-layer perceptions, and resolving the parameter-
ized form, as demonstrated in Eq. (1):

min{F(0) + 2/|0]], }

F(0) = L(0) +5[h(W (0))* + 2h(W (0)), (1)

(W (0)) = tr(” OO _ g
where L(0) and W (0) represent the parametric forms of the
loss function and the matrix that encodes the desired DAG,
respectively. p and o are the penalty parameters and dual

variables, respectively. The symbol o denotes the Hadamard
product, while e represents the matrix exponential of A.

(2) Gradient-based DAG (G,) learning

Within the GraN-DAG framework, a fully connected
neural network with L hidden layers models each variable

X;. The network’s parameters are denoted by
1 L+1 . ! .
(;’>(j)é{WEj)),~ e WEJ.;r >}, with WE/.)) representing the /th

weight matrix of the jth neural network, omitting biases
for clarity. Each neural network inputs variable X;, and
building upon this, GraN-DAG defines a weighted adja-
cency matrix Ay, as illustrated in Eq. (2):

A ._é{zf—l(co‘))kﬁ if j#i
* 0, otherwise )

(2)

where C;) represents the connectivity matrix of the neural
network linked to the variable X ;. Finally, remove edges in
Ay, from weaker to stronger until a DAG (G;) is obtained.

Regarding the loss function, GraN-DAG formulates a
maximum likelihood optimization problem, as depicted in
Eq. (3):

d
maxEy.p, Zlogp/_ (Xj|Xn4_s; ¢(1‘)) st.tre® —d =0, (3)
j=1 ’

where nf’ signifies the set of parent nodes of j in the graph
d . . . .
G 3 i log, (Xj|and_,; qS(j)) is a valid log-likelihood func-

tion when acyclic constraint is satisfied.

3.1.2 Causal effect estimation

Step 1: estimating the standard direct causal effect

(Vspce)

We use path analysis to estimate the standard direct cau-
sal effect. To estimate the standard direct causal effect, the
following assumptions are made: (1) variables exert unidi-
rectional causal effects; (2) measurement errors are inde-
pendent of the variables. In path analysis, dependent
variables are linearly approximated by summing the causal
effects of independent variables, as demonstrated in Eq. (4):

Y ="Vbceo + ZL] VDCE <ixin>- (4)

The causal effect is determined by minimizing the least
square’s function and its partial derivatives, as outlined
in Eq. (5):
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(5)
Step 2: validating the estimated causal model

The reliability of the estimated causal model is assessed
using two indicators: (1) path validation, which evaluates
the significance of each path coefficient using the p-value
(e.g., p-value < 0.05 deemed acceptable), and (2) overall
model validation, which checks the model’s consistency
with observational data. Standard performance metrics
include Chi-square (degrees of freedom), root mean square
error of approximation (RMSEA), and goodness of fit
index (GFI). Acceptable ranges are a Chi-square/degree
of freedom ratio between 1 and 3, RMSEA below 0.05,
and GFI above 0.9 (Hooper et al., 2008).

Step 3: computing the standard total causal effect
(VstcE)

The standard total causal effect integrates the causal
effect of all direct and indirect paths. The standard total
causal effect of variable i on j, considering n intermediate
variables (IV), is depicted in Eq. (6):

Vsrce iy = VDCE<imj> + Z VICE,<io1v,>
(6)

A key performance indicator (KPI) and truncation
selection process determine the causal impact of each influ-
ential factor on energy consumption. Subsequently, the
causal KPI serves as one of criterion to identify the optimal
feature subsets (i.e., inputs of the consequent-predicting
system).

X VICE,<IV1HIV2> X X VICE,<Iij>~

3.2 Multi-objective evolutionary algorithm for feature
selection

In this section, we introduce an evolutionary algorithm
to realize the MOFS process and finally obtain a
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trade-off (i.e., a collection of non-dominated feature sub-
sets) between different objectives (e.g., predictive error, or
the size of feature sets). The application schematic for the
MOFS task is illustrated in Fig. 2.

As to the optimization problem, many innovative and
advanced algorithms have emerged in recent years, such
as K-means clustering optimizer (Minh et al., 2023),
Shrimp and Goby association search algorithm (SGA)
(Sang-To et al., 2023; To et al., 2024) and balancing com-
posite motion optimization (Le-Duc et al., 2020). However,
these methods often have complex algorithm mechanisms
and structures, which may lead to longer iterations in find-
ing optimal solutions. This issue poses a challenge to their
applications in energy consumption prediction due to its
required timeliness. Therefore, we suggest artificial bee col-
ony (ABC) algorithm (Karaboga, 2005) to qualify the opti-
mization in MOFS with lower computational cost and
satisfactory accuracy (Li et al., 2024).

ABC algorithm simulated the foraging behavior of a bee
colony, which requires no complex mathematical opera-
tions, minimal computational resources and is easy to
implement. In this algorithm, a honey bee swarm is classi-
fied into three categories (i.e., employed bees, onlooker
bees, and scout bees), and food source position indicates
a possible optimization problem solution and food source
profitability corresponds to the quality of the associated
solution (fitness). The efficient balance between exploration
and exploitation drives ABC’s fast convergence, while the
mechanism of scout bees helps avoid local optima by main-
taining diversity and discovering new solution areas. Fig-
ure 3 shows the ABC algorithm flowchart.

To accomplish the MOFS task, we have designed the
coding method, objective function, and fitness function
within the ABC algorithm as follows.

(1) Encoding and decoding strategy for representing fea-
ture subsets

Vector-based representation, including binary encoding
and continuous encoding, is prevalent within the evolution-
ary feature selection community. The proposed algorithm
employs a continuous encoding strategy, where the

Obj,

Objective space

» Obj,

Fig. 2. Application schematic of the MOFS task.
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Fig. 3. Flowchart of ABC optimization algorithm.

determination of feature selection depends on whether the
continuous representation value rounds to 1 or 0 based on
a threshold 7, as depicted in Fig. 4.

So the ith individual bee is as follows:

X = (x1,%i2,- -, xip), Xi; €[0,1], (7)
where D is the total number of features, and x;; is a prob-
ability value where the jth feature is selected. If x;; > 0.5,
the jth feature is chosen into the feature subset. Supposing
that Z, = (z;1,zi2, - -,zip) is the decoding result of X, we
have

®)

Zij =

{ 17 Xij Z 0.5
0, otherwise

(2) Objective functions of MOFS

Aiming to extract high-quality feature subsets balancing
model’s performance and explainability, two evaluation
indicators are adopted as the objective functions of MOFS
(i.e., prediction accuracy and the causal indicator of the
selected feature subset). Consequently, this bi-objective
optimization problem is defined as follows:

Yobi1 = R*(feat bset
MOFS - maxY opi (feature subset) ’ )
maxY o2 = Vacg(feature subset)
1 D
V ace(feature subset) = 5 ; VEis (10)

where Vg, represents the total causal effect of the ith influ-
ential factor on energy consumption.

(3) Fitness function in ABC

Following the identification of a new candidate solution
and the computation of the objective function value, the fit-
ness values for both candidate solutions and the solutions
of the employed bees are computed as follows:

Ft‘it,z‘ :fuJFfz,n (11)

where Fp,; represents the fitness value of the ith candidate
solution, whereas /', and f,; denote the normalized out-
comes of the two objective function values for the ith
employed bee. Should the fitness value of the newly gener-
ated candidate solution surpass that of the existing solu-
tion, the latter is substituted with the former.

(4) Optimizing decision-making based TOPSIS

During the multi-objective optimization, various non-
dominant solutions emerge, notably the Pareto frontier.
Therefore, the TOPSIS optimization method was employed
to address the Pareto frontier. In decision-making opti-
mization, the Pareto frontier adheres to the form of norms
(Sayyaadi & Nejatolahi, 2011). In the process of normaliza-
tion, the two objective functions should be maximum:

ao (R), = (R)™
(R )i - (Rz)max _ (Rz)min’ (12)
(Vace); — (V ace)™

(VACE)maX _ (VACE)min :

(Vace); =



W. Liu et al. | Underground Space 22 (2025) 77-95 83

F1 Fz F3 F4 FS F6
07101108 [06|03]0.2

> 0.5
Selected feature= {F;, F3, F; }

Fig. 4. Tllustrations of vector representations based continuous encoding
strategy.

The feasible solution determines the Pareto boundary,
wherein the optimal solution is identified as the point near-
est to the positive ideal and furthest from the negative
ideal. The closeness coefficient is defined as
Ci = Si — .

Sf+5;

(14)

The closeness coefficient, C;, signifies the optimum solu-
tion as it approaches 1 (Cao et al., 2021). S} and S; mea-
sure the distances from any given boundary point to the
positive and negative ideal points, respectively:

SH = \/(<Rz):1 _ <R2)max)2 N ((VACE)? B (VACE)max)Z’
(15)

7= (7 = @)™+ ((ace)! — V™)’
(16)

Table 2 presents the pseudocode for the proposed
MOFS approach.

3.3 Energy consumption prediction with XGBoost

XGBoost employs a boosting learning strategy as its
ensemble learning algorithm, which combines many weak
tree-based learners to achieve robust, superior performance
(Chen & Guestrin, 2016). Figure 5 illustrates the boosting
strategy. In XGBoost, classification and regression trees
serve as the weak learners. Each new generated weak lear-
ner fits the prediction residuals of the previous ones and
updates the sample weights in each iteration. In the
XGBoost model, the objective function (i.e., the target
for optimization) is defined as follows:

Yoy = S L0+ Q0. 1)

where Y L(y;,»;) denotes the loss function, accounting
for the variance between the true and predicted values, thus
signifying the prediction error. As the energy consumption
prediction problem discussed in this paper is a regression
issue, we choose the mean square error to represent the
loss. >} Q(f,) is the regularization penalty, employed
to optimize model complexity and generalization abilities.
Based on the trained XGBoost model, the prediction for

each sample is equal to the sum of the leaf nodes’ scores
of each tree to which the sample belongs.

4 Case study

In this section, two tunnel projects with different geolog-
ical and operational conditions are selected as study cases
to validate the proposed method’s effectiveness and gener-
alizability: (1) a metro tunnel in Wuhan, China with a
diameter of 15.2 m; (2) a railway tunnel in Shenzhen, China
with a diameter of 8.2 m.

4.1 Case 1

The tunneling project in Wuhan features a double-spool
design, extending 2.59 km in length with an outer diameter
of 15.2 m. It has a maximum longitudinal slope of 2.8%
and a minimum turning radius of 1.2 km. The tunnel’s
depth beneath the ground surface varies from 8.4 to
39.5 m. During its construction, the tunnel encountered
complex geological conditions and significant groundwater
pressure.

It has been proven that the geological and TBM opera-
tional parameters (e.g., tunnel depth, water content and
penetration) have a significant influence on TBM energy
consumption (Zhou et al., 2019a; Elbaz et al., 2022). In this
research, the data were collected from a web-based shield
operation support system designed by Huazhong Univer-
sity of Science and Technology (Liu et al., 2023a). By col-
laborating with a contractor, sensors were deployed on the
TBM system to monitor excavation and operational
parameters, capturing data from 501 tunnel rings. Table 3
delineates the selected factors and their attributes.

4.1.1 Causal information of TBM'’s energy consumption
system

(1) Causal structure learning with GraN-DAG

Numerous hyperparameters (e.g., learning rate and con-
strained threshold) influence the learning capability of the
GraN-DAG model. We use the Bayesian optimization
and HyperBand (BOHB) to identify the optimal hyperpa-
rameter combination to improve the accuracy of the
causality structure learning. This hyperparameter tunning
process uses generation data processed by the additive
noise model based on a known DAG. The structural ham-
ming distance (SHD, the sum of added, removed, and
reversed edges required to align a learned DAG with the
ground truth) serves as a performance metric and is calcu-
lated as indicated in Eq. (18):

SHD = E + M +R, (18)

where R represents the set of reversed edges estimated from
the ground truth, while £ and M denote the sets of extra
and missing edges in the learned results, respectively.
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Table 2
Pseudocode of the proposed MOFS algorithm.

Algorithm 1: Multi-objective evolutionary algorithm for feature selection

Phase 1: Multi-Objective Optimization

Input: npep: population size, imax: maximum iterations; nqy: number of onlooker bees; 7., length of the food source vector; vmax, Umin: upper and

lower bounds on the value of each dimension of the nectar vector

Output: pareto_res: The set of Pareto optimal solutions obtained at the max_it

1. Population initialization
Generate initial solutions X; = (x,;l JXi2, -,x;_D), xi; €[0,1].
Evaluate the fitness of X;, Fri; = f1; + /1,
2. ABC algorithm main loop '
while (iterations < iyay) do:
(1) Employed Bee Phase:
For each food source i < n1pgp:

Perform local search and calculate the fitness of the new solution Frj_new,i

If Frit_new.; 18 superior, replace the old X;.

(2) Onlooker Bee Phase:

For each solution found by the employed bees i < nojx:
Perform local search based roulette strategy P(X;) =
Update X; if a better solution is found.

(3) Scout Bee Phase:

For each solution not improved i < #1p0p:
Generate a new food source randomly,X pew i
Calculate the fitness of Xnew.i, F'rit_new.i
Perform the non-dominated sorting task on the solutions.
Record the Rpareto-
Phase 2: Optimizing decision-making based TOPSIS

Frie(X;)

ST ()

Input: 4: Decision matrix of alternatives with respect to two objectives; R2, ¥ acg: two objectives of the decision matrix
Output: S: Score of each alternative representing its relative closeness to the ideal solution

1. Initialize: (&) ()™
Normalize the decision matrix A: (Rz):.1 = e
2. Procedure: (®) ")

n _ (Vace);=(Vace)™
(VACE) = e P~ ca™

(1) Determine the positive ideal solution ((R?)™, (V' ace)™") and negative ideal solution ((Rz)min, (V ace)™™).

(2) Calculate the separation measures (57, S;)

(3) Calculate the relative closeness (C;) of each alternative to the ideal solution C; = s*ST
(4) Rank the alternatives based on the relative closeness C; Y
Return §
Table 4 presents the configuration of optimal hyperpa- FDR = &8
rameters resulting in the lowest SHD value, identified TPR =T
through 1800 iterations of the GraN-DAG model via FPR — ReEFP ) (19)
F

BOHB optimization.

In this case, 14 variables (e.g., H) were fed into the
GraN-DAG to ascertain the initial causality structure,
depicted in Fig. 6. In the causality matrix, a value of 1 indi-
cates causality from the row parameter to the column
parameter, while 0 signifies the absence of a causal
relationship.

To assess the robustness of the inferred causality struc-
ture, a variable-reduction test is performed. The process
entails obtaining a DAG to: (1) eliminate causal relation-
ships involving X, in the original DAG derived from the full
data set X = {X,Xy,---,X,}, and (2) apply learning on a
reduced variable data set Xgeduced = {X1, X1, X,_1 }-

Four KPIs are used to evaluate the performance: (1)
false discovery rate (FDR), (2) true positive rate (TPR),
(3) false positive rate (FPR), and (4) SHD. KPIs can be cal-
culated using Eq. (19):

SHD =E+ M +R

where T represents the set of true edges, F the set of non-
edges in the ground truth, P the set of edges in learned
results, and TP and FP the sets of correctly and incorrectly
estimated edges from the ground truth, respectively.
Results showcased in Fig. 7 illustrate that the GraN-
DAG algorithm attains satisfactory performance, with an
average value of 6.0 and a rate of 11.52% across 13 exper-
iments featuring variable reduction.

(2) Causal effect estimation with AMOS

AMOS 28.0 software is used to assess and evaluate the
causal relationship among variables (Arbuckle, 2017). Fig-
ure 8 depicts the final causal model, allowing for the calcu-
lation of the standardized total effect of each factor on
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Fig. 5. Boosting learning strategy of XGBoost.

Table 3

Attribute factors of tunnel construction.

Category Name Abbr. Unit Mean Std

Geometric parameter Tunnel depth H m —13.962 15.619

Geological parameter Water content w Y% 14.273 9.467
Static Poisson’s ratio v - 0.460 0.037
Hydraulic conductivity k m/d 8.077 7.608
Coefficient of subgrade reaction Ky MPa/m 129.999 118.494

TBM machine parameter Bubble chamber pressure Py bar 4.389 0.685
Excavating chamber pressure P, bar 22.039 3.593
Net stroke per ring Ny mm 1893.365 281.580
Penetration d mm/rot 15.205 8.209
Total thrust force Fiot MN 10.630 1.970
Advance speed Sadv mm/min 16.718 7.986
Cutterhead torque Ten MN-m 15.255 6.019
Cutterhead speed Sch r/min 1.155 0.200

Objective Energy consumption E. MW-h 9.300 8.808

energy consumption. The p-value of each path is less than
0.05, the Chi-square/degree of 2.058, the RMSEA of 0.046,
and the GFI of 0.970, jointly signifying the statistical sig-
nificance of all pathways and the whole model (Hooper
et al., 2008).

4.1.2 Optimal feature subsets for TBM’s energy consumption
prediction

We compare the performance of ABC with several
widely-used swarm intelligence algorithms, including parti-
cle swarm optimization (PSO) and the non-dominated

sorting genetic algorithm II (NSGA-II), to demonstrate
its effectiveness in finding optimal feature subset. The initial
population size for all algorithms was set to be 20. For
PSO, the acceleration constant was set to be 2, and the
inertia weight was set to be 0.5. For NSGA-II, the muta-
tion probability and the crossover probability are set to
be 0.01 and 0.5, respectively. As shown in Fig. 9, ABC
identifies the optimal feature subset in fewer iterations,
while PSO and NSGA-II exhibit lower convergence effi-
ciency and are more prone to being trapped in local
optima, indicating that ABC is well-suited for MOFS.
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Table 4
Best hyperparameters configuration after the BOHB optimization.

Hyperparameter Optimized value
Number of iterations 25 000
Learning rate 553 x 1073
Constrained threshold 2.37 x 1077
Batch size of each training of NN 75

Initialization of penalty coefficient 472 % 1073
Tolerance 514 x 107

Tunnel geometry Geological factors

Operational parameters Objective
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Fig. 6. Causality structure derived from the GraN-DAG.
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Fig. 7. Results of four structural recovery measures in the variable-
reduction test, where “1-TPR” is a form to maintain uniformity in the
direction of indicators change.

In Fig. 10(a), the XGB_MOFS with red data points sig-
nify optimal solutions (feature subsets) surpassing the full-
feature XGBoost model in both R? and average causal
effect. Regarding the distribution of solution sets based
on varying feature counts, a higher number of features cor-
relates with a reduced quantity of solution sets. Addition-
ally, as the number of features ascends, the quality of
solution sets initially improves and then decreases. Specifi-
cally, when considering eight features, the prevalence of
optimal solutions is the highest, suggesting an increased
likelihood of identifying the best feature set for predicting
energy consumption.

Figure 10(b) illustrates the Pareto fronts across various
solution sets. Consistent with the findings in Fig. 10(a),
optimal performance is observed when the feature count
is eight, yielding a feature subset with the highest TOPSIS
Score (0.897 058). The optimal set identifies key attributes
of tunnel construction, including H, w, k, Ng, P, Saav> Tch»
and Sg,.

4.1.3 Energy consumption prediction

The XGBoost model takes the optimal feature subsets
from MOFS as the final input features for TBM energy
consumption prediction. Numerous hyperparameters
(e.g., learning rate and number of trees) influence the pre-
diction performance of the XGBoost model (Kingma &
Ba, 2014). To gain the best combination of hyperparame-
ters efficiently, an automatic hyperparameter optimization
framework Optuna is applied in this research. This frame-
work allows users to dynamically create a hyperparameter
search space tailored to specific needs, eliminating less
probable parameter intervals through prediction and allo-
cating greater computational resources to more likely
regions to enhance search efficiency. Table 5 displays the
results of the final tuned parameter optimization.

The database is randomly segmented into training and
testing sets at a ratio of 8:2. Comprising 400 data samples,
the training set is balanced by a testing set with 101 corre-
sponding data samples. Two KPIs quantify the predictive
performance of the XGB_MOFS model: (1) R% and (2)
the root mean square error (RMSE).

RP—1— Z:;:l (5\1 _yi)zz (20)
2 (V=)
RMSE = % S G- (21)

i=1

The predictive performance of XGB_MOFS in the test-
ing set is compared against other popular ML algorithms
(i.e., SVR, RF, and XGBoost) to demonstrate the pro-
posed model’s superiority. Prediction results and KPIs
are depicted in Fig. 11 and Table 6, respectively. Results
indicate that XGB_MOFS surpasses other commonly uti-
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Fig. 8. (a) Standard direct causal effects between variables, and (b) standard total effect of each factor to energy consumption.
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Fig. 9. Comparison of optimization performance between ABC and baselines (i.e., PSO and NSGA-II). (a) Convergence process of R% and (b)

convergence process of mean total effect.

lized ML methods (namely, SVR, RF, and XGBoost) in
performance. XGB_MOFS achieves the highest R* and
lowest RMSE values at 0.924 and 2.305, respectively.

Foramoredirected and precise evaluation, the Taylor dia-
gram and Taylor skill score (TSS) computed via Eq. (22) eval-
uates the accuracy of XGB_MOFS and baselines (Taylor,
2001). Figure 12 depicts the Taylor diagram and TSS.

TSS = 40+t
(SDR-+lg) (1+70)*

y = P 7:1(Y;n7?"‘)(yéf?p)

OymO0Yy,
SDR = : (22)

= o

" i % 2 n . 2

O'Ym = Z' ](I:EH*Ym) ,O'Yp — Zi 1(:;)7YP)

where n denotes the number of testing set samples; oy, and
oy, represent the variances of monitored and predicted val-
ues, respectively;  denotes the correlation coefficient, with
ro as the optimal value, customarily set to be 0.999.

Figure 12 illustrates that the correlation coefficient and
the root mean square deviation (RMSD) for XGB_MOFS
approach closer to 1 and 0, surpassing the baseline models.
Concurrently, XGB_MOFS achieves the highest TSS of
0.054. XGB_MOFS outperforms selected popular ML
models in predicting energy consumption. Therefore, the
XGB_MOFS model’s predictive accuracy for energy con-
sumption is confirmed.

To further affirm the XGB_MOFS model’s superior
predictive accuracy, the Wilcoxon signed-rank test was uti-
lized for verification, which is a non-parametric verification
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Table 5
Hyperparameters tunning results for XGB_MOFS and baseline models.
Type Model Parameters Parameter ranges Best result
Proposal Approach XGB_MOFS N trees 50-300; step = 50 250
Learning rate 0.1-0.5; step = 0.05 0.1
Maximum depth 1-25; step = 1 3
Minimum child weight 1-15; step = 1 1
Gamma 105, k= =5, -4, +,0, 1,2 0.0001
Lambda 105, k= =5, -4,+,0,1,2 0.01
Alpha 10F, k = =5, —4,+,0,1,2 0.0001
Baselines XGBoost N trees 50-300; step = 50 150
Learning rate 0.1-0.5; step = 0.05 0.3
Maximum depth 1-25; step = 1 5
Minimum child weight 1-15; step = 1 1
Gamma 105, k= =5, —4,+,0,1,2 0.01
Lambda 10, k= =5, -4, 0, 1,2 0.1
Alpha 10f, k = =5, —4,+,0,1,2 0.01
Random forest N trees 50-300; step = 50 50
(RF) Maximum depth 1-25; step = 1 15
Minimum child weight 1-15; step = 1 1
Support vector regression Regularization coefficient 1-50; step = 1 14
(SVR) Tolerance 0-1 0.067

method and required any prior data distribution assump-
tions. The null hypothesis posited no significant variation
in forecasting error between the developed model and other
methods. The decision to reject or accept the original
hypothesis depends on the p-value, reflecting the confi-
dence level. A significance level of 0.05 was adopted for
the Wilcoxon signed-rank test, with most confidence levels
below 5%, as depicted in Fig. 13. Statistically significant
differences in forecasting errors exist between the proposed
model and others, indicating the XGB_MOFS model’s
superior performance.

4.1.4 Model reliability and robustness

Considering monitoring data’s uncertainty within prac-
tical TBM tunnel projects, this section assesses the pro-
posed model’s robustness and performance under
different data qualities.

Firstly, training sets featuring varied data characteris-
tics, modified by altering the sample size, are employed
to instruct the XGB_MOFS and baseline models. Training
sets are reconstructed through sampling from the original
set at designated sparsity (1, 3, 5, and 10), resulting in sam-
ple sizes of 400, 134, 80, and 40, respectively. Predictive
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Fig. 11. Prediction of the energy consumption for XGB_MOFS and baselines in the testing set. (a) Data samples, and (b) scatter plot.

Table 6

KPIs of XGB_MOFS and baseline methods in the testing set.

KPI XGB_MOFS XGBoost RF SVR
R? 0.924 0.871 0.811 0.806
RMSE 2.305 3.008 3.642 3.691

performance analysis for XGB_MOFS and baseline mod-
els using the original testing set is depicted in Fig. 14 (scat-
ter plot) and Table 7 (KPIs).

According to Table 7, XGB_MOFS demonstrates
greater robustness compared to selected popular ML mod-
els. Figure 14 illustrates that XGB_MOFS’s data points in
the monitoring-prediction coordinate system align closely
with the line y = x. Additionally, XGB_MOFS not only
outperforms others with the same training set but also
secures superior performance with a reduced number of
training samples. With a diminishing training set sample
size, XGB_MOFS exhibits a robust ability to learn data
features, resulting in greater accuracy compared to
baselines.
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Secondly, a bootstrapping approach is utilized to vali-
date the out-of-sample performance of the proposed
model. Being similar to cross-validation, new training sets
are reconstructed from the original dataset through sam-
pling with the same size, and the remainder are utilized
as corresponding test sets. However, in the bootstrapping
experiments, sampling occurs randomly on multiple occa-
sions (100 times in this study).

Table 8 indicates that XGB_MOFS outperforms the
selected popular ML models in terms of out-of-sample per-
formance. Figure 15 displays the distribution of the pro-
posed model’s R*> and RMSE over 100 bootstrapping
experiments as closer to 1 and 0, surpassing the baseline
values. Thus, XGB_MOFS exhibits superior performance
not only with the original training and test sets but also
with varied data samples.

The two tests analyze uncertainties in energy consump-
tion prediction related to sample size and distribution. This
constitutes strong evidence of the proposed XGB_MOFS

model’s robustness and feasibility for engineering
applications.
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Fig. 12. (a) Taylor diagram, and (b) TSS for XGB_MOFS and baselines in the testing set.
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4.2 Case 2

The left line tunnel of the intercity railway in Shenzhen,
China, is selected as another example for TBM’s energy

consumption prediction, which crosses the Huiyan
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Expressway and possesses an outer diameter of 8.8 m.
Table 9 delineates the attributes of the monitoring data.

4.2.1 Causal information and optimal feature subsets

In this case, 15 variables (e.g., H) were fed into the
GraN-DAG and AMOS to ascertain the causal structure
and causal effect, depicted in Fig. 16. In the causality
matrix, the value indicates Vsrcg from the row parameter
to the column one, where 0 signifies the absence of a causal
relationship.

Following the MOFS procedure described above, the
Pareto fronts across various solution sets are illustrated
in Fig. 17. In this case, a subset of 7 features with the high-
est TOPSIS Score (0.700 525) was selected. The optimal set
identifies key attributes of tunnel construction, including C,
k: Ns, Ftot, Sadvs Tchs and Sch~

4.2.2 Energy consumption prediction

The predictive performance of XGB_MOFS in the test-
ing set is compared against other baseline algorithms to
demonstrate the proposed model’s superiority. Prediction
results and KPIs are depicted in Fig. 18 and Table 10,
respectively. Results indicate that XGB_MOFS surpasses
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Fig. 14. Prediction of the energy consumption for XGB_MOFS and baselines in original testing set under different training sets. (a) Sample gap = 1, (b)
sample gap = 3, (c) sample gap = 5, and (d) sample gap = 10.
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Table 7
KPIs of XGB_MOFS and baseline methods in original testing set under different training sets.
Data_Gap RMSE R?
XGB_MOFS XGBoost RF SVR XGB_MOFS XGBoost RF SVR
1 2.305 3.008 3.642 3.691 0.924 0.871 0.811 0.806
3 3.603 3.920 4.406 4.763 0.815 0.781 0.723 0.676
5 4.091 4.576 4.849 6.014 0.761 0.701 0.664 0.484
10 4.271 4.894 4.974 6.442 0.740 0.658 0.647 0.408
Table 8
KPIs of XGB_MOFS and baseline methods in the 100 bootstrapping experiments.
KPI Statistical indicators Model
XGB_MOFS XGBoost RF SVR
R Mean 0.890 0.840 0.809 0.708
Std 0.013 0.014 0.019 0.064
Median 0.888 0.840 0.813 0.716
Low_quartile 0.880 0.828 0.798 0.668
Up_quartile 0.898 0.849 0.824 0.751
RMSE Mean 2.755 3.327 3.662 4.464
Std 1.385 0.399 0.336 0.545
Median 2.758 3.336 3.646 4.432
Low_quartile 2.604 3.142 3.467 4.117
Up_quartile 2.967 3.556 3.870 4.779
40
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Fig. 15. Uncertainties for KPIs of XGB_MOFS and baseline methods in the boostrapping test. (a) R, and (b) RMSE.

other commonly utilized ML methods (namely, SVR, RF,
and XGBoost) in performance. XGB_MOFS achieves the
highest R* and lowest RMSE values at 0.922 and 0.086,
respectively.

In the further performance tests, XGB_MOFS model
still possesses significant superiority in Case 2. To be speci-
fic, in the Wilcoxon signed-rank test, confidence levels for
each contrast experiment are below 5%, as depicted in
Table 11. As to the Taylor test illustrated in Fig. 19,
XGB_MOFS approach achieves the best correlation coeffi-
cient and RMSD with closer to 1 and 0, respectively, and
the highest TSS of 0.059.

In general, the results from both cases demonstrate that
the effectiveness and generalizability of the proposed
approach under varying tunneling conditions.

5 Discussion
5.1 Contributions and findings

Explainable technique can offer insights into decision-
making processes of Al models, which is crucial for energy

consumption prediction in tunnel construction. However,
achieving ideal predictions in algorithm selection is chal-
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Table 9
Attribute factors of tunnel construction.
Category Name Abbr. Unit Mean Std
Geometric parameter Tunnel depth H m -26.537 2.222
Geological parameter Soil unit weight C kN/m? 22.421 1.99
Water content w Y% 7.931 4.992
Static Poisson’s ration v - 0.222 0.036
Hydraulic conductivity k m/d 2.373 1.763
Coefficient of subgrade reaction Ky MPa/m 162.072 215.188
TBM machine parameter Soil chamber pressure Py bar 2.993 3.706
Grout pressure P, bar 0.412 0.502
Foam usage Uy m? 7.452 3.920
Net stroke per ring Ny m 1.807 0.531
Total thrust force Fiot MN 34.941 8.310
Advance speed Sadv mm/min 27.747 8.236
Cutterhead torque Ten kN-m 3298.235 1698.892
Cutterhead speed Sen r/min 1.527 0.130
Objective Energy consumption E. MW-h 0.594 0.673
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Fig. 16. (a) Vspce between variables, and (b) Vsrcg of each factor to energy consumption.

lenging due to the perceived incompatibility between accu-
racy and explainability. Improving the accuracy of optimal
algorithm recommendations incurs a cost: enhanced com-
plexity of the ML model. This complexity entails higher
computational demands and crucially decreased explain-
ability (Gunning, 2019; Barredo Arrieta et al., 2020). In
the context, our proposed XGB_MOFS model accurately
predicts energy consumption while concurrently elucidat-
ing the generation of outcomes. This research contributes
in two significant ways.

Firstly, we employ causal inference to augment our
understanding of relationships among diverse factors influ-
encing energy consumption. This causality-based approach
helps identify true causal relationships between variables

and energy consumption, eschewing spurious correlations
arising from confounding factors and sample selection bias.

Causal relationship and causal effects equip operational
managers with an understanding of the mechanism behind
energy consumption fluctuations, aiding in informed con-
trol decisions. For instance, Fig. 8 shows that water con-
tent (w) does not have a direct impact on the shield
machine’s energy consumption; however, it has an indirect
effect by influencing the penetration rate and the cutter tor-
que via the static Poisson’s ratio (v), hydraulic conductivity
(k), and coefficient of subgrade reaction (K}). The sum of
the effects of each causal path is 0.861.

Secondly, we introduce a MOFS approach to balance
predictive performance and explainability in the XGBoost
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Fig. 17. Trade-off between mean total effect and R> for the MOFS.

model. This feature selection strategy integrates two objec-
tives: the R? and the Vacg of the feature subset. Applying
causal indicator (i.e., Vacg) primarily serves to improve
the explainability and robustness of the prediction model.
Maximizing this goal might also remove relevant or com-
plementary features, impacting prediction performance,
to preserve those with significant causal effects. There is a
similar situation for another objective R*, namely better
prediction performance but higher model complexity.
Thus, simultaneous optimization of both the two objectives
can help the XGBoost model achieve reliable predictions.

Consequently, our approach seeks to identify the opti-
mal solution that equilibrates the above-mentioned com-
peting objectives from all possible feature combinations.

Monitoring «+<<** XGB_MOFS XGB RF

3.0

=

z j

= |

= t

> 1

g ]

o) i

5 }

o0 1]

g t

T:J 1}

= H A

= IAASW

INAVY

o T T T T T T

! J\.%'

Table 10

KPIs of XGB_MOFS and baseline methods in the testing set.

KPI XGB_MOFS XGBoost RF SVR
R? 0.922 0.875 0.843 0.781
RMSE 0.086 0.130 0.155 0.255

The research finally pinpointed eight variables, including
cutterhead torque and speed, as determinants of energy
consumption, aligning with engineering practices.

5.2 Limitations and future research

While this study notably advances accurate predictions
of TBM energy consumption and enhances explainability,
it is imperative to acknowledge and address several limita-
tions in subsequent research.

Firstly, it should be acknowledged that there is an inher-
ent loss of precision when learning causal information.
Learning about causality structures may not fully capture
the causal nature between variables, and a multiple linear
regression may merely approximate the nonlinear causality
among variables. Enhancing the precision of these steps
might involve employing a more stable approach to causal-
ity structure learning and executing multiple nonlinear
regressions.

Secondly, the method currently lacks full-process
explainability. Although post-training feature relevance
techniques can elucidate the XGB_MOFS model’s deci-
sions, explicating the model’s rationale during training
remains a challenge. Future research aims to develop a
transparent model that offers explanations during the train-
ing phase. Concurrently, it is feasible to design a loss func-
tion that integrates causal relationships and physical
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Fig. 18. Prediction of the energy consumption for XGB_MOFS and baselines in the testing set. (a) Data samples, and (b) scatter plot.

Table 11

Results of Wilcoxon signed-rank test between XGB_MOFS and baseline methods.

Contrast experiment XGB_MOFS vs XGBoost

XGB_MOFS vs RF XGB_MOFS vs SVR

Confidence level 1.472 x 10°

1.716 x 10° 4.409 x 10"
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Fig. 19. (a) Taylor diagram, and (b) TSS for XGB_MOFS and baselines in the testing set.

knowledge, thereby aligning the model’s internal structure
with the actual physical processes.

6 Conclusions

This research strives to answer the question: How to
design a robust ML-based model to predict shield energy
consumption reliably while balancing the model’s perfor-
mance and explainability? To tackle this issue, we intro-
duce a novel MOFS strategy capturing both regressive
and causal features in the data. The proposed approach
encompasses: (1) employing causal inference techniques
to uncover the causal mechanisms among influent factors;
(2) utilizing a MOFS method, rooted in ABC algorithms,
to achieve an optimal balance between predictive perfor-
mance and explainability.

The case study from a real tunnel construction project in
Wuhan validates the effectiveness and feasibility of our
approach. The results reveal that: (1) XGB_MOFS pre-
cisely predicts energy consumption, demonstrating high
accuracy with an R* of 0.924 and RMSE of 2.305; (2) the
XGB_MOFS exhibits exceptional robustness, performing
admirably across varied data features and surpassing base-
line models (XGB, RF, and SVR) with training sample
sizes of 400, 134, 80, and 40; (3) the XGB_MOFS has been
proven more reliable than baseline models (XGB, RF, and
SVR) across 100 bootstrapping experiments; (4) the MOFS
method identifies key parameters with significant predictive
value, notably cutterhead torque and speed, impacting
energy consumption. The prominent results of the other
case study from Shenzhen’s tunnel verify the proposed
method’s robustness and generalizability.
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