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This research compares the support vector machine (SVM), gene expression 
programming (GEP), feedforward neural network (FFNN), gated recurrent 
unit (GRU), long short-term memory (LSTM), support vector regressor (SVR), 
and bidirectional long short-term memory (BiLSTM) models in predicting 
penetration (PR) rate of earth pressure balance shield tunnel boring machine 
(ETBM). A dataset has been compiled using the cutterhead rotation speed (CRS), 
mean thrust (F/A), mean cutterhead torque (T/D3), upper earth pressure (UEP), 
lower earth pressure (LEP), and torque penetration index (TPI) features of 
1,197 ETBM events. The presence of multicollinearity was analyzed using the 
variance inflation factor (VIF) method. It was observed that CRS, F/A, T/D3, UEP, 
LEP, and TPI have weak, moderate, considerable, moderate, problematic, and 
considerable multicollinearity, respectively. The performance (R) comparison 
revealed that the BiLSTM models predicted PR (=1.0000 in testing and validation) 
with higher performance than SVM, SVR, GEP, FFNN, GRU, and LSTM models. 
In addition, the score analysis (=285), error characteristics curve (=7.03E-
07), generalizability (m and n < 0.00), Wilcoxon test (confidence = 95.02%), 
uncertainty analysis (first rank), Anderson-Darling test (accept the normality 
hypothesis), and objective function criterion (=0.0003) presented that the 
BiLSTM model is an optimal performance computational model in predicting 
PR of ETBM. It was also noted that the CRS, F/A, T/D3, UEP, LEP, and TPI features 
are more reliable for accurately predicting PR.
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 1 Introduction

In rock excavation, the performance of a tunnel boring machine (TBM) is an essential 
parameter (Roxborough and Phillips, 1975). The average revolution of the cutterhead is 
referred to as the penetration rate, measured in millimeters per revolution (Bruland, 1998). 
The TBM is capable of high-speed excavation with high-quality performance (Barton, 2000). 
The net penetration rate of full-face TBM depends on the orientation of the rock anisotropy
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(Sanio, 1985). The rock mass porosity enhances the penetration rate 
(Howarth et al., 1986). However, the rock mass penetration rate 
and geological properties define the project's overall cost (Alber, 
2000). The underground excavation in hard rock using the TBM 
is difficult because of (i) boreability, (ii) advance rates, and (iii) 
penetration rates. The failure occurs because of the inaccurate 
assessment of TBM boreability, advance rate, and penetration rate. 
These unexpected outcomes demoralize the geotechnical and tunnel 
engineers who use the TBM for underground excavation (Ozdemir, 
1970). Several tunnel and geotechnical engineers used different 
computational methods to assess the TBM's performance and solve 
this issue.

Grima et al. (2000) utilized the neuro-fuzzy method to assess 
TBM performance. Yagiz (2002) reported a good agreement 
between actual and estimated penetration rates. Okubo et al. 
(2003) introduced an expert system to 18 tunnels in Japan, 
obtaining the most reliable results. Benardos and Kaliampakos 
(2004) stated that the strategic development of tunneling projects 
can be executed using an artificial neural network (ANN) model. 
Bieniawski von Preinl et al. (2006) introduced a new method, 
namely, the rock mass excavability indicator, for optimizing tunnel 
construction. The boreability analysis can be performed using an 
ensemble neural network (Zhao et al., 2007). The empirical method 
estimates the TBM performance using the average distance between 
planes of weakness (DPW), the angle between the tunnel axis and 
the planes of weakness (α), uniaxial compressive strength (UCS), 
and punch slope index (PSI) with an agreement of 0.82 (Yagiz, 
2008). Gong and Zhao (2009) noted that (i) the UCS and volumetric 
joint count significantly affect the penetration rate, (ii) the UCS of 
rock is inversely proportional to the penetration rate, (iii) the brittle 
index and penetration rate growths together, (iv) the penetration rate 
increases with angle of tunnel axial to joint plane (condition < 600). 
Hassanpour et al. (2009) concluded that the rock mass cuttability 
index (RMC) and TBM parameters, specifically the field penetration 
index (FPI), correlate well. Using empirical approaches, Ma and 
Luo (2009) accurately predicted the tender prices and budgets 
of tunneling projects. To derive nonlinear equations, Yagiz et al. 
(2009) used UCS, rock brittleness index (Bi), DPW, and angle 
as input variables. The coefficient of determination was obtained 
to be over 0.80. The researcher also reported that the ANN is 
a better predictive tool than empirical tools. Hassanpour et al. 
(2010) analyzed the TBM performance using empirical methods 
and concluded that (i) RMC has a better relation with FPI and 
(ii) fracture condition affects the TBM performance. Using a 
punch penetration test, Yagiz and Gokceoglu (2010) estimated rock 
brittleness. Hassanpour et al. (2011) noted that FPI is strongly related 
to rock quality designation (RQD), joint spacing, and uniaxial 
compressive strength (UCS). Yagiz and Karahan (2011) achieved a 
higher testing performance of particle swarm optimization (PSO) 
in assessing the TBM performance, specifically 0.737. Shahriar et al. 
(2012) estimated the penetration rate using UCS, α, joint spacing 
(Js), and volumetric joint count (Jv). The authors concluded that (i) 
penetration rate (PR) has a strong relationship with UCS, (ii) PR 
increases with UCS and Js, and (iii) PR decreases with Jv. A summary 
of the published empirical models/equations for predicting TBM 
performance is given in Table 1.

Several computational approaches have been developed and 
employed in tunnel engineering in the last decades to assess 

TMB performance (PTBM). Song Z. P. et al. (2023) estimated the 
PTBM using UCS, rock integrity factor (Kv), basic quality index 
(BQ), RQD, Brazilian tensile strength (BTS), and Bi as input 
variables for the computational model, i.e., the deep belief network 
(DBN) model. Song K. et al. (2023) computed PTBM using the 
whale optimization algorithm-based stacking model (WOA_STK) 
approach. Shi et al. (2023a) constructed two regression models: an 
ensemble regression model based on bagging (PRB) and random 
forest (PRF). Furthermore, Shi et al. (2023b) analyzed the cutting 
force of the cutter using the polynomial decision tree (DT_PR) 
model. Zhang et al. (2023) applied a decision forest model to 
classify the rock-breaking performance of TBM for surrounding 
rock excavability conditions. Yu Z. et al. (2023) employed support 
vector machine (SVM), random forest (RF), extreme gradient 
boosting (XGBoost), and artificial neural network (ANN) models, 
each combined with whale optimization algorithm (WOA) and 
sparrow search algorithm (SSA), to assess the PTBM. Yu et al. used 
RQD, UCS, the ratio of the boulder (RB), compression modulus 
(CM), internal friction angle (IFA), cohesion (C), cutterhead speed 
(CS), cutterhead torque (CT), total thrust (TT), and chamber earth 
pressure (CEP) as input variables to assess the PTBM. Yu H. et al. 
(2023) stated that the multi-channel decoupled deep neural network 
(MCD_DNN) model gives a reliable prediction of the PTBM. 
Conversely, Yan et al. (2023) employed the partial least squares 
regression with the boosted regression tree (PLSR_BRT) model to 
predict PTBM, achieving a correlation coefficient (R) of 0.9798 and a 
root mean square error (RMSE) of 1.78. Wang et al. (2023) noted that 
the biogeography-based support vector regression (BSVR) predicts 
PTBM better (R = 0.9995, RMSE = 0.00497) than the biogeography-
based multilayer perceptron neural network (BMLPNN) model. 
Shan et al. (2023) performed real-time PTBM prediction using 
the recurrent neural network (RNN) with an RMSE of 0.1239. 
Samadi et al. (2023) assessed the PTBM of metamorphic rocks using 
fuzzy techniques and concluded that the Takagi-Sugeno fuzzy model 
performed better, with an R of 0.8741. Qin et al. (2023) computed 
the cutterhead torque using long short-term memory (LSTM) neural 
network. Noorian-Bidgoli (2023) employed the whale-optimized 
gene expression programming (WOA_GEP) model (Li Z. et al., 
2021) and predicted PTBM with an RMSE of 1.41, which is better 
than the ordinary GEP model. An optimization algorithm can better 
predict PTBM (Lu and Shi, 2023). A two-dimensional convolutional 
neural network (CNN) predicts TBM's torque and total thrust with 
a determination coefficient (R2) of 0.865 and 0.923, respectively 
(Li et al., 2023). The stochastic model assesses the penetration rate of 
TBM with a Variance accounted for (VAF) of 84.4%, a determination 
coefficient (R2) of 0.84, and a root mean square error (RMSE) of 0.03 
(Jafarshirzad et al., 2023). Gokceoglu et al. (2023) predicted PTBM 
for the Bahce-Nurdagi tunnel using a random forest (RF) model. 
Fu et al. (2023) stated that the graphical convolutional network 
(GCN) model attains an accuracy of 0.9986 in predicting geological 
conditions. The cutterhead power and specific energy are significant 
variables for penetration rate prediction (Flor et al., 2023). Feng 
and Wang (2023) analyzed the theoretical importance of the field 
penetration index (FPI) in predicting TBM performance. The 
researchers reported that the FPI has a good relationship with UCS 
and rock integrity.

Zhang et al. (2022), Yu et al. (2022), Yang et al. (2022), Wang et al. 
(2022), Pan et al. (2022), and Mahmoodzadeh et al. (2022) 
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TABLE 1  Summary of the published empirical models/equations.

S.No. Equations R test References

1 PR = 3.425+ 0.03∗RPM+ 0.001∗TF− 0.096∗WZ− 0.021∗BTS− 0.02∗RMR− 0.003∗UCS−
0.004∗RQD

0.789 Jahed Armaghani et al. (2018)

2 FPI = 0.0066(DRI2 ln(DRI)) + 82.812∗ (1/√∝3) + 0.0009∗ J2
S + 22.348 0.826 Zare Naghadehi and Ramezanzadeh (2017)

3 PR = 0.01312∗∝0.013121 − 0.32839∗DPW+ 0.029086∗Bi− 0.0035507∗UCS− 12.661 0.817 Minh et al. (2017)

4 PR = 5.42− 0.013∗UCS− 0.003∗ α+ 0.066∗RPM+ 0.001∗T− 0.00008∗ F 0.620 Hosseini and Hosseini (2017)

5 PR = 2.602− 0.012∗UCS+ 0.037∗ Jv + 0.009∗ α− 0.004∗ Js 0.852 Shahriar et al. (2012)

6 PR = 2.827− 1.6756∗ α−0.217 − 0.4016∗DPW0.584 + 0.0292∗Bi− 0.0041∗UCS 0.737 Yagiz and Karahan (2011)

7 FPI = 6.883e0.013∗UCS 0.836 Hassanpour et al. (2011)

8 FPI = − 18.497+ 7.887Ln(UCS) 0.782 Hassanpour et al. (2010)

9 PR = 0.077+ 0.480∗ α0.286 − 0.255∗DPW+ 0.538∗Bi− 0.151∗UCS 0.820 Yagiz et al. (2009)

10 FPI = 11.85+ 0.116∗RMC 0.865 Hassanpour et al. (2009)

11 BI = (e−0.09 sin (∝+30) + 0.84e−0.05Jv) ∗ 3706∗UCS0.26Bi−0.10 0.848 Gong and Zhao (2009)

12 PR = 0.0247∗ PSI+ 1.19 0.580 Yagiz (2008)

RPM is round per minute of the cutterhead, TF is the thrust force, WZ is the weathering zone, BTS is the Brazilian tensile strength, RMR is the rock mass rating, UCS is the uniaxial 
compressive strength of rock, RQD is the rock quality designation, DRI is the drilling rate index, α is the angle between the tunnel Axis and the planes of weakness, Js is the joint spacing, DPW 
is the average distance between planes of weakness, Bi is the rock brittleness index, T is the torque, F is the thrust per cutter, Jv is the volumetric joint count, RMC is the rock mass cuttability 
index, PSI is the punch slope index. PR is the penetration rate, FPI is the field penetration index, and BI is the boreability index.

implemented optimized computational models. The investigators 
obtained the most reliable TBM performance. In addition, Ma et al. 
(2022) and Liu et al. (2022) compared different machine-learning 
approaches, including support vector machines, decision trees, K-
Nearest Neighbours, Naïve Bayesian, and stacked autoencoders, to 
determine the most effective prediction tool. Using Copula theory, 
Li et al. (2022) analyzed the five-dimensional joint probability 
distribution. Kullarkar et al. (2022) reported that the ANN model 
predicts the PTBM with low RMSE and high Kazemi and Barati 
(2022) predicted the PTBM of hard rocks using the multi-gene 
genetic programming (MGGP) model. Karrari et al. (2022) analyzed 
rock classification systems and geo-mechanical properties, such 
as rock mass index (RMI), rock mass quality (RMQ), geological 
strength index (GSI), rock mass rating (RMR), rock quality 
designation (RQD), toughness index (TI), joint parameters (JP), 
Young's Modulus (E), Brazilian tensile strength (BTS), UCS, and 
obtained good agreement (in terms of R) of more than 0.75. 
Kang et al. (2022) classified soil using support vector machine 
(SVM), decision tree (DT), light gradient boosting machine 
(LGBM), extreme gradient boosting (XGBoost), gradient boosting 
(GB), and adaptive boosting (AdaBoost) models, with TBM 
parameters. Jin et al. (2022) evaluated the cutterhead torque 
using an adaptive residual long short-term memory (ARLSTM) 
model, achieving a mean absolute percentage error (MAPE) of 
5.2%. Huang et al. (2022) used cutterhead rotational velocity 
(Vc), cutterhead power (W), cutterhead pressure (CP), total thrust 
force (F), advance rate (AR), sum of motor current (IC), sum 
of motor torque (T), sum of motor power (MP), and field 
penetration index (FPI) to assess the cutter-head torque by the 

BiLSTM model. Also, Guo et al. (2022), Geng et al. (2022), 
Bazargan et al. (2022), and Ayawah et al. (2022) successfully assessed 
the performance of tunnel boring machines using computational 
approaches.

Liu et al. (2021), Zhou et al. (2021), Zhang et al. (2021), 
and Zeng et al. (2021) developed the hybrid machine and deep 
models using the cutter diameter (D), round per minute of cutter 
(RPM), penetration rate (PR), cutter size (CZ), overload factor-
stability factor (N), thrust per cutter (F), torque (T), rock quality 
designation (RQD), UCS, rock mass rating (RMR), Brazilian tensile 
strength (BTS), weathering zone (WZ), thrust force per cutter 
(TFC), and round per minute of the cutter (RPM) variables. 
Yu et al. (2021) employed semi-supervised learning methods, 
including support vector machines (SVM), decision trees (DT), k-
nearest neighbors (kNN), random forests (RF), and deep neural 
networks (DNN), to predict the rock mass type for tunnel boring 
machines (TBM). Xu et al. (2021) noted that the long short-
term memory model performed better than convolutional neural 
network (CNN), Bayesian regularisation (BR), kNN, random forest 
(RF), gradient tree boosting (GTB), and SVM models, achieving 
an accuracy of 89.78%. Wu et al. (2021) assessed real-time rock 
mass conditions using DNN, RF, kNN, and Adaboost models using 
ten independent variables, i.e., RPM, torque (T), AR, pressure of 
shield (Ps), pressure of gripper shoe pump (Pgsp), penetration 
rate (PR), torque (T), cutterhead power (W), pressure of gripper 
shoe (Pgs), and pressure of control pump (Pcp). Shaterpour-
Mamaghani and Copur (2021) used twenty-one datasets to predict 
the performance of a raised boring machine by empirical methods. 
Shahrour and Zhang (2021) reviewed the use of computational 
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approaches in tunnel engineering. Parsajoo et al. (2021) and 
Harandizadeh et al. (2021) compared conventional adaptive neuro-
fuzzy inference system (ANFIS) and hybrid ANFIS in predicting 
TBM performance parameters using rock brittleness index (Bi), field 
single cutter load (PC), fracture spacing (Fs), and angle between 
the tunnel axis, the planes of weakness (α), etc. Li J. et al. (2021) 
estimated the thrust and torque of TBM using LSTM and RF. 
Grasmick and Mooney (2021) assessed the cutterhead clogging 
using computational approaches. Goodarzi et al. (2021) studied 
the Zagros Mountains water tunnel project for predicting the 
PTBM in soft sedimentary rocks. The researcher observed a strong 
relationship between UCS, penetration, and cutter load. Garcia et al. 
(2021) computed the penetration rate of TBM using context and 
control parameters of TBM. Gao et al. (2021) utilized the LSTM 
model and compared it with the autoregressive integrated moving 
average with exogenous variables (ARIMAX) model in assessing 
the penetration rate of TBM. Gao et al. used penetration rate 
(PR), thrust force (TF), cutterhead torque (CT), and cutterhead 
pressure (CP) as input variables to train and test the models. 
Bardhan et al. (2021) compared minimax probability machine 
regression (MPMR), relevance vector machine (RVM), extreme 
learning machine (ELM), functional network (FN), and hybrid 
ensemble (HENSM) models. Armaghani et al. (2021) used empirical 
and statistical methods to estimate the PR and AR of TBM in 
fresh through weathered granite. Afradi et al. (2021) concluded that 
the fuzzy algorithm is more effective in predicting the penetration 
rate of TBM.

Zhang Y. et al. (2020a) proposed a particle swarm-optimized 
relevance vector machine (R = 0.9875) model for assessing the 
PTBM. Moreover, Zhang et al. (2020b) used big data, i.e., 15182017, 
to assess the PTBM. Zhang et al. (2020c) concluded that the 
classification and regression tree (CART) predicted the PTBM with 
residuals of 0.003135. Liu B. et al. (2020) assessed the rock mass 
parameters, i.e., UCS, angle between the tunnel axis and the planes of 
weakness (α), average distance between planes of weakness (DPW), 
and rock brittleness index (Bi), with the R2 of 0.737, 0.845, 0.731, 
and 0.657 using model simulated annealing backpropagation neural 
network (SA_BPNN) by thrust per cutter (F), torque (T), PR, and 
RPM input parameters. In addition, Liu Q. et al. (2020) predicted 
rock mass parameters using the AdaBoost_CART model with an 
accuracy of 0.865.

Zhou et al. (2020), Yang et al. (2020), Samaei et al. (2020), 
Rispoli et al. (2020), Nagrecha et al. (2020), Mokhtari and Mooney 
(2020), Koopialipoor et al. (2020), and Hasanpour et al. (2020) 
compared the machine, hybrid, and deep learning approaches. It 
is noted that the quality and quantity of the database affect the 
model's performance. It was also found that selecting a suitable 
optimization algorithm plays a crucial role in the prediction. 
Arbabsiar et al. (2020) used 2058 datasets to assess the advance 
rate of TBM in hard rock. Afradi et al. (2020) compared the ant 
colony optimization (ACO), bee colony optimization (BCO), and 
particle swarm optimization (PSO) algorithms. The authors noted 
that the PSO predicts the PR of TBM with an R2 of 0.9717 and 
an RMSE of 0.3418. Afradi and Ebrahimabadi (2020) compared 
the SVM, ANN, and GEP models to predict the penetration rate 
of TBM. The authors concluded that the GEP model predicted PR 
better than the SVM and ANN models, with an RMSE of 0.11. 
Abolhosseini et al. (2020) analyzed the geotechnical parameters 

that affect the PR of TBM. For that aim, the investigators used 
UCS, BTS, Young's Modulus (E), porosity (n), tunnel quality index 
(Q), geological strength index (GSI), rock structure rating (RR), 
cutter life index (CLI), and RMR parameters to predict the PR. 
Koopialipoor et al. (2019a) predicted PTBM utilizing the group 
method of data handling (GMDH) approach with an R2 = 0.924 and 
RMSE = 0.169. Koopialipoor et al. (2019b) used RQD, UCS, rock 
mass rating (RMR), BTS, weathering zone (WZ), thrust force (TF), 
and RPM to assess the PR of TBM using 100 datasets. Conversely, 
Zhang et al. (2019) used a big operational dataset to assess the 
geological condition of the TBM. Xu et al. (2019) stated that ANN 
predicts the PR of TBM with higher performance than kNN, SVM, 
CART, and Chi-squared automatic interaction detection (CHAID) 
approaches in the testing phase. Seker and Ocak (2019) estimated 
the performance of road headers using the ELM approach. Liu et al. 
(2019) implemented improved SVR models using UCS, Bi, DPW, 
and α parameters of 180 samples. Frough et al. (2019), Fattahi (2019), 
Chen et al. (2019), Tan et al. (2018), Sun et al. (2018), Shaterpour-
Mamaghani et al. (2018), Salimi et al. (2018), Naghadehi et al. (2018), 
Mikaeil et al. (2018), Jamshidi (2018), and Jahed Armaghani et al. 
(2018) concluded that the soft computing approaches are less time-
consuming and reliable. Still, a quality database is required to 
achieve an excellent performance. Conversely, Fatemi et al. (2018), 
Avunduk and Copur (2018), Zare Naghadehi and Ramezanzadeh 
(2017), Yagiz (2017), Salimi et al. (2017), Minh et al. (2017), Hosseini 
and Hosseini (2017), Fattahi and Babanouri (2017), Armaghani et al. 
(2017), and Adoko et al. (2017) obtained a good relationship 
among PTBM, UCS, RQD, joint condition rating in RMR (Jc), joint 
spacing (Js), α, plastic limit, joint spacing (Js), Bi, siever's J value 
(SJ), drilling rate index (DRI), abrasion value (AV), BTS, fracture 
spacing (FS), individual cutter force (Fn), RQD, joint condition 
rating in RMR (Jc), ground water (GW), RMR, tunnel quality index 
(Q), and geological strength index (GSI), thrust per cutter (F), 
torque (T), RPM, the average distance between planes of weakness 
(DPW), weathering zone (WZ), thrust force (TF), and RPM. Table 2 
summarises the computational models used for predicting tunnel 
boring machine performance.

1.1 Gap identification

The literature study demonstrates that several researchers 
employed SVR, SVM, GEP, ANN, and LSTM models to predict 
the performance of ETBM. These investigations were conducted 
using various datasets and features. It is well known that feature 
selection plays a crucial role in predicting ETBM performance. 
Most researchers employed the soft computing models using 
different combinations of Bi, BTS, C, CT, CLI, CM, CS, DPW, 
EPF, F, IFA, Js, OP, T, W, TT, PSI, and WZ features to predict 
the performance of ETBM. Still, no researcher has developed and 
compared the different soft computing approaches, i.e., SVR, SVM, 
GEP, FFNN, GRU, LSTM, and BiLSTM, using cutterhead rotation 
speed (CRS), mean thrust (F/A), mean cutterhead torque (T/D3), 
upper earth pressure (UEP), lower earth pressure (LEP), and torque 
penetration index (TPI) features to assess the ETBM performance. 
The literature also demonstrated that the prediction capabilities of 
soft computing models are significantly affected by the number of 
databases. Therefore, it is quite less possible to speak about the 
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TABLE 2  Summary of published computational models.

S. No. Computing approach Inputs Dataset R test RMSE test Reference

1 WOA_XGBoost RQD, UCS, RB, CM, IFA, C, CS, CT, TT, 
CEP

503 0.9539 3.4100 Yu et al. (2023a)

2 RNN GEO, OP 550 0.9803 0.1239 Shan et al. (2023)

3 TSF UCS, RPM, TF 189 0.8741 0.0270 Samadi et al. (2023)

4 WOA_GEP EPF, WP, T, CT, RPM, CF, W 7465 0.9539 1.4100 Noorian-Bidgoli (2023)

5 BiLSTM F, T, PR, CS, CEP 527 0.9550 1.6570 Zhang et al. (2022)

6 RF UCS, Bi, DPW, α 151 0.9100 7.0000 Yang et al. (2022)

7 GWO_LSTM UCS, BTS, PSI, DPW, α, RFC 1125 0.9897 0.0040 Mahmoodzadeh et al. (2022)

8 MFO_SVM RQD, UCS, RMR, BTS, WZ, TFC, and RPM 1286 0.9861 0.1155 Zhou et al. (2021)

9 TAC_MNPSO_ELM RQD, UCS, RMR, BTS, TFC, RPM 1286 0.9798 0.1400 Zeng et al. (2021)

10 HENSM UCS, RQD, DPW 185 0.9301 0.3142 Bardhan et al. (2021)

11 PSO_RVM α, UCS, BTS, DPW, PSI 25 0.9875 0.0740 Zhang et al. (2020a)

12 GP RQD, UCS, RMR, BTS, TT, RPM 1286 0.9572 0.0388 Zhou et al. (2020)

13 SVR CEP, TT, CT, CS, C, IFA, CM, RB, UCS, 
RQD

350 0.980 0.9028 Yang et al. (2020)

14 ICA UCS, BTS, Bi, DPW, α 151 0.8718 0.1720 Samaei et al. (2020)

15 FA_ANN RQD, UCS, RMR, BTS, WZ, TF, RPM 1200 0.9701 0.0282 Koopialipoor et al. (2020)

16 GEP Js, α, RPM, UCS, PNR, BTS, F, W 100 0.9949 0.1100 Afradi and Ebrahimabadi (2020)

17 ANN UCS, BTS, RMR, E, CLI 63 0.9381 0.1400 Abolhosseini et al. (2020)

18 GMDH RQD, UCS, RMR, BTS, WZ, TF, RPM 206 0.9612 0.1410 Koopialipoor et al. (2019a)

19 DNN RQD, UCS, RMR, BTS, WZ, TF, RPM 100 0.9662 0.0319 Koopialipoor et al. (2019b)

20 ANN RQD, UCS, WZ, BTS, TF, RPM 209 0.9612 0.1800 Xu et al. (2019)

21 RVR UCS, DPW, RQD 185 0.9879 0.0529 Fattahi (2019)

22 GEP UCS, BTS, Bi, DPW, α, T, F 151 0.7913 0.4241 Naghadehi et al. (2018)

23 GEP RQD, UCS, RMR, BTS, WZ, TF, RPM 1286 0.9105 0.2640 Jahed Armaghani et al. (2018)

24 FLogics UCS, BTS, Bi, DPW, α 153 0.8452 0.2047 Minh et al. (2017)

25 ICA_ANN UCS, BTS, RQD, RMR, WZ, TF, RPM 1286 0.9549 0.0350 Armaghani et al. (2017)

26 ANN UCS, Bi, DPW, α 151 0.8500 0.104 Yagiz et al. (2009)

ANN is the artificial neural network, Bi is the rock brittleness index, BiLSTM is the bidirectional long short-term memory, BTS is the Brazilian tensile strength, C is the cohesion, CEP is the 
chamber earth pressure, CT is the cutterhead torque, CLI is the cutter life index, CM is the compression modulus, CS is the cutterhead speed, DPW is the average distance between planes of 
weakness, EPF is the field excavation performance, F is the thrust per cutter, FA_ANN is the firefly based artificial neural network, Flogics is the fuzzy logics, GEO is the geological parameters, 
GEP is the gene expression programming, GMDH is the group method data handling model, GP is the genetic programming, GWO_LSTM is the grey wolf optimized long short-term memory, 
HENSM is the hybrid ensemble model, ICA is the imperialist competitive algorithm, ICA_ANN is the imperialist competitive algorithm based artificial neural network, IFA is the internal 
friction angle, Js is the joint spacing, LSTM is the long short-term memory, MFO_SVM is the moth flame optimized support vector machine, OP is the operational parameters, PR is the 
penetration rate, PSI is the punch slope index, PSO is the particle swarm optimization algorithm, PSO_RVM is the particle swarm optimized relevance vector machine, RB is the ratio of 
boulder, RF is the random forest, RFC is the rock fracture class, RPM is the round per minute of the cutterhead, RMR is the rock mass rating, RNN is the recurrent neural network, RQD is the 
rock quality designation, SVR is the support vector regressor, T is the torque, TAC_MNPSO_ELM is the time-varying acceleration mean particle swarm optimized extreme learning machine, 
TF is the thrust force, TFC is the thrust force per cutter, TSF is the Takagi Sugeno Fuzzy, TT is the total thrust, UCS is the uniaxial compressive strength, W is the cutterhead power, WOA_GEP 
is the whale optimized gene expression programming, WOA_XGBoost is the whale optimized extreme gradient boosting, WZ is the weathering zone.
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optimal performance model to predict the performance of ETBM. 
The thorough literature review illustrates that no investigator has 
determined, analyzed, and discussed the collinearity in the dataset 
and its effect on the prediction capabilities of computational models. 

1.2 Novelty of the current investigation

Based on the gap identified in the literature, the following 
novelty statements have been drawn:

• The present investigation employs the SVR, SVM, GEP, FFNN, 
GRU, LSTM, and BiLSTM models to analyze their capabilities 
in predicting the penetration rate of shield tunnel boring 
machine in mixed face conditions.

• The research trains, tests, and validates the prediction 
capabilities of SVR, SVM, GEP, FFNN, GRU, LSTM, and 
BiLSTM models using cutterhead rotation speed (CRS), mean 
thrust (F/A), mean cutterhead torque (T/D3), upper earth 
pressure (UEP), lower earth pressure (LEP), and torque 
penetration index (TPI) features for the first time in predicting 
the penetration rate of TBM.

• This study examines the multicollinearity of CRS, F/A, T/D3, 
UEP, LEP, and TPI features using the variance inflation 
factor (VIF) method and analyzes the impact of feature 
multicollinearity on the prediction capabilities of SVR, SVM, 
GEP, FFNN, GRU, LSTM, and BiLSTM models.

• This investigation performs extensive analyses, including 
score analysis, error characteristics curve, Wilcoxon test, 
Uncertainty analysis, curve fitting, and accuracy matrix, to 
determine the optimal performance model for predicting the 
penetration rate of TBM.

1.3 Research significance

Alber (2000) stated, “The overall tunnel project cost depends 
on the TBM performance and geological properties, which is 
not easy to estimate.” Conversely, Ozdemir (1970) said, “The 
underground excavation in mixed face using the TBM is difficult, 
and the unexpected outcomes demoralize the geotechnical and 
tunnel engineers to use the TBM for underground excavation. 
This investigation will help tunnel and mining engineers calculate 
the penetration rate of ETBM and propose the overall cost of the 
tunnel project. This work will help engineers select the suitable 
computational method for predicting the ETBM performance. 

2 Investigation methodology

This research implements SVR, SVM, GEP, FFNN, GRU, LSTM, 
and BiLSTM models to predict the penetration (PR) rate of ETBM. 
The cutterhead rotation speed (CRS in RPM), mean thrust (F/A in 
MF), mean cutterhead torque (T/D3 in MT), upper earth pressure 
(UEP in MPa), lower earth pressure (LEP in MPa), and torque 
penetration index (TPI) parameters of 1197 datasets have been used 
for the first time in assessing the PR of ETBM. The selected parameters 
have been screened (Asteris et al., 2020) and normalized using the 

min-max function (Asteris et al., 2025a; 2025b) to develop models. 
The multicollinearity of the database has been determined for 
CRS, F/A, T/D3, UEP, LEP, and TPI parameters using the variance 
inflation factor (VIF) method. Furthermore, the hypothesis has 
been analyzed and identified using analysis of variance (ANOVA) 
and Z tests. Based on the literature study, it has been observed 
that researchers employed different soft computing models using 
70:30 and 80:20 datasets (train: test). Therefore, 1,000 (=84%), 100 
(=8%), and 97 (=8%) data points have been randomly selected 
for training (TRNG), testing (TSTG), and validation (VDTN) 
purposes, published by Yan (2022). The models based on SVR, 
SVM, GEP, FFNN, GRU, LSTM, and BiLSTM approaches have 
been developed and configured using MATLAB R2020a and Python 
platforms. Three new performance indexes, i.e., IOS, IOA, and a20, 
have been implemented to measure the prediction capabilities of 
the computational models. In addition, conventional performance 
metrics, including RMSE, MAE, MAPE, WMAPE, NS, NMBE, VAF, 
R2, adj R2, RSR, and R, have been used to measure the performance 
of models. A score analysis is performed for each TRNG, TSTG, 
and VDTN phase of PR prediction. In addition, the prediction 
accuracy has been determined by plotting the regression error 
characteristics (REC) curve and calculating the curve's (AOC) area. 
Moreover, the accuracy metrics have been derived using TRNG, 
TSTG, and VDTN performance metrics, namely, R, RSR, R2, VAF, 
NS, MAE, and RMSE. A generalizability analysis is also performed 
for the PR prediction. The predicted and actual penetration rates of 
ETBM have been compared using the Wilcoxon test. An uncertainty 
analysis is also performed to determine the uncertainty of the 
variables. The curve fitting is determined by computing the ratio 
of test/validation to training RMSE. To determine the normality 
of the output, the Anderson-Darling (AD) test is performed on 
the actual and predicted penetration rates of ETBM. Finally, an 
optimal performance computational model has been introduced 
to predict the PR of ETBM based on the overall analysis of 
performance metrics, generalizability, Wilcoxon test, uncertainty 
analysis, curve fitting, accuracy metrics, and AD test. The ability 
of the optimal performance model has also been analyzed by (i) 
performance comparison and (ii) parametric comparison in terms 
of correlation coefficient. Thus, the current work introduces an 
optimal performance computational model for assessing the PR of 
ETBM. Figure 1 presents the investigation methodology.

3 Data analysis and computational 
methods

3.1 Data analysis

The present research uses the database published by Yan 
(2022), which was collected from the project in the center of 
Guangzhou City, China, connecting Dayuan station (Long-Da 
section) and Guangzhou South station, as shown in Figure 2a. The 
distance between Zhuliao Station and Guangzhou South Station 
is approximately 46.5 km. The Long-Da section had two sections: 
mining and shield tunnel sections (approximate length is 3.11 km). 
Before shield tunnel excavation, a series of boreholes were drilled 
along the tunnel alignment to assess the geological conditions. 
Soil and rock samples extracted from these boreholes were tested 
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FIGURE 1
Investigation methodology chart.

to determine the geotechnical parameters required for shield 
tunneling. However, the geological properties between boreholes 
were estimated through interpolation, which may not accurately 
capture the real-time subsurface conditions encountered during 
tunneling. As such, the geological profile derived from borehole 
data only offers an approximate representation of the actual ground 
conditions. Based on the borehole investigations, the geological 
formations along the west and east tunnel lines were classified into 
three categories: formations with soft soil, formations with uneven 
soft soil and hard rock, and formations with full-section hard rock. 
The distribution of these formations is as follows: (a) formation 
with soft soil: 1,159 m (37.3%) along the west line and 1,131 m 
(35.3%) along the east line, (b) formation with uneven soft soil and 
hard rock: 1,194 m (38.5%) along the west line and 1,236 m (39.7%) 
along the east line, and (c) formation with full-section hard rock: 
747 m (24.1%) along the west line and 750 m (24.1%) along the
east line.

The earth pressure balance shield machine (ETBM) was installed 
to excavate the double-line tunnel. The ETBM was configured 
with a shield diameter of 9,150 mm, shield length of 15 m, 
entire device length of 103 m, a total mass of 1,260 t, installed 
power of 4,500 kW, screw conveyor power of 315 kW, cutter-
head power of 12∗250 kW, cutter-head speed of 0–2.8 r/min, the 
cutter-head opening rate of 35%, maximum torque of 19760 kN.m, 
the maximum thrust of 81.895 kN, and a maximal advance rate 
of 60 mm/min. The geological conditions and properties were 

determined from the boreholes along the tunnel, as shown in
Figure 2b.

The database consists of 1,197 results of cutterhead rotation 
speed (CRS), advance rate (AR), mean thrust (F/A), mean 
cutterhead torque (T/D3), upper earth pressure (UEP), lower earth 
pressure (LEP), penetration rate (PR), torque penetration index 
(TPI), specific energy (SE), field penetration index (FPI). The CRS 
(in RPM), F/A (in MF), T/D3 (in MT), UEP (in MPa), LEP (in 
MPa), and TPI have been used as independent variables to assess 
the PR of ETBM. Table 3 presents the statistical summary of the 
independent and dependent variables. Furthermore, the frequency 
distributions of each variable (independent and dependent) have 
been determined and plotted in Supplementary Figure A1.

The strength among the variables is identified using the 
correlation coefficient method, which includes both linear and 
nonlinear methods. The present study employs the distance 
correlation coefficient method, a nonlinear approach, to examine the 
strength of relationships among CRS, F/A, T/D3, UEP, LEP, TPI, AR, 
and PR. The value of correlation shows (i) very strong strength if 
it is more than ±0.81, (ii) strong strength if it varies from ±0.61 to 
±0.80, (iii) moderate strength if it varies from ±0.41 to ±0.60, (iv) 
weak strength if it varies from ±0.21 to ±0.40, (v) no strength if it 
varies from ±0.00 to ±0.20 (Hair et al., 2013). Figure 3 presents the 
strength of the variables used in this work.

Figure 3 illustrates that (a) CRS has strong strength with PR, 
TPI, and T/D3; (b) CRS has very strong strength with LEP, UEP, 
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FIGURE 2
Illustration of (a) map of Guangzhou City and Long-Da section, (b) geological profile of construction site.

and F/A; (c) F/A has strong strength with PR; (d) F/A very 
strongly strengthen with TPI, LEP, UEP, T/D3, CRS; (e) T/D3 
has very strong strength with TPI, LEP, UEP, F/A; (f) T/D3 
strongly strengthen with PR and CRS; (g) UEP has very strong 
strength with CRS, F/A, T/D3, LEP; (h) UEP strongly strengthen 
with PR and TPI; (i) LEP very strongly strengthen with CRS, 
F/A, T/D3, UEP; (j) LEP strongly strengthen with PR and TPI; 
and (k) TPI very strongly strengthen with PR, T/D3, and F/A. 
Figure 5 illustrates the cumulative predictive strength of CRS, F/A, 
T/D3, UEP, LEP, and TPI variables in predicting the PR (Figure 4) 
of ETBM. Figure 4 presents that the TPI, F/A, CRS, LEP, T/D3, 
and UEP variables have cumulative strength of 84.72%, 80.20%, 
79.55%, 79.13%, 78.91%, and 77.92%, respectively, with PR. It 
can be observed that the TPI variable plays a significant role in
predicting PR.

The distance correlation and cumulative strength results 
demonstrate the significance of the input variables, indicating 
the presence of multicollinearity. Therefore, a multicollinearity 
analysis has been performed for each input variable to predict the 
probability of penetration rate (PR) of ETBM. Multicollinearity is a 

phenomenon that occurs when the variables are highly correlated 
in regression analysis. Figure 3 reveals the multicollinearity 
between the CRS (=0.795) and LEP (=0.791) in the PR 
prediction. The correlation coefficient is one method used 
to determine the degree of multicollinearity in a dataset. 
However, the correlation coefficient does not reveal the level 
of multicollinearity. Therefore, the variance inflation factor 
(VIF = 1/(1−R2)) method has determined the multicollinearity 
levels of input variables in the PR prediction. Khatti and Grover 
(2023a) proposed five levels of multicollinearity in databases, 
namely, problematic (VIF> 10), moderate (5 < VIF ≤ 10), 
considerable (2.5 < VIF ≤ 5), weak (0 < VIF ≤ 2.5), and 
no multicollinearity (VIF = 0). Table 4 consists of the results 
of multicollinearity in the PR prediction. Table 4 presents 
that the LEP has problematic multicollinearity in predicting 
ETBM performance. On the other side, the F/A and UEP 
variables have moderate multicollinearity. Still, T/D3 and TPI 
have considerable multicollinearity in predicting the PR of 
ETBM. The cutter-head rotation speed (CRS) is an important 
parameter of TBM because it determines the movement of the 
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TABLE 3  Statistical summary of datasets.

Particulars Category Units Mean SE SD Kurtosis Skewness Min Max CL

CRS Input RPM 1.43 0.01 0.18 0.16 0.82 0.90 2.00 0.01

F/A Input MF 453.68 4.94 170.94 −0.66 0.46 66.91 912.41 9.69

T/D3 Input MT 6.67 0.10 3.40 −0.04 0.85 1.57 16.97 0.19

UEP Input MPa 0.16 0.00 0.08 −0.31 −0.54 0.00 0.33 0.00

LEP Input MPa 0.20 0.00 0.09 −0.53 −0.18 0.00 0.40 0.00

TPI Input - 542.01 13.75 475.61 2.64 1.41 48.75 3380.00 26.97

PR Output mm/r 16.35 0.33 11.27 −0.32 0.89 2.31 50.00 0.64

 SE is the standard error, SD is the standard deviation, and CL is the confidence level at 95%.

FIGURE 3
Strength among the variables using the distance correlation method.

TBM. Notably, the CRS exhibits weak multicollinearity in this
database.

The following statements have been mapped for the research 
hypothesis (RH) based on the multicollinearity results.

• Cutterhead rotation speed (CRS) and lower earth pressure 
(LEP) affect the prediction of the PR of TBM.

• Mean thrust (F/A), mean cutter-head torque (T/D3), and 
torque penetration index (TPI) have equal contributions in the 
prediction of the PR of TBM.

Analysis of variance (ANOVA) and Z and T tests are statistical 
approaches used to test the research hypothesis. The t-test is 
performed for limited datasets, i.e., those with fewer than 30 
observations. However, this research consists of more than 30 

datasets. Therefore, the ANOVA test is performed in this research, 
and the results are mentioned in Supplementary Table A1. From 
Supplementary Table A1, it is noted that the CRS (=2098.6), 
F/A (=7800.7), T/D3 (=809.0), UEP (=2472.5), LEP (=2460.5), 
and TPI (=1461.4) have higher F value than F crit value, 
i.e., 3.8 in the PR prediction. Moreover, the CRS, F/A, T/D3, 
UEP, LEP, and TPI variables have p-values of less than 0.05. 
Therefore, the variables accept the RH in predicting PR. 
Furthermore, a Z-test has been performed to confirm the research 
hypothesis. The results of the Z-test have been summarised in 
Supplementary Table A2. Supplementary Table A2 shows that 
the CRS, T/D3, UEP, and LEP variables have negative z-values, 
indicating that the z-scores are below the mean. It can be seen 
that the CRS, F/A, T/D3, UEP, LEP, and TPI variables have 
higher z critical two tail values (=1.96) than z critical one tail 

Frontiers in Built Environment 09 frontiersin.org

https://doi.org/10.3389/fbuil.2025.1699466
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org


Khatti and Mishra 10.3389/fbuil.2025.1699466

FIGURE 4
Cumulative strength of input variables with PR.

TABLE 4  Results of dataset multicollinearity.

STP C SE t Stat P-value Lower 95% Upper 95% R2 VIF Multicollinearity

Intercept 50.78 1.93 26.33 0.00 46.99 54.56 - - -

CRS −18.16 1.26 −14.45 0.00 −20.62 −15.69 0.22 1.28 Weak

F/A −0.02 0.00 −6.83 0.00 −0.02 −0.01 0.83 5.77 Moderate

T/D3 0.97 0.12 7.94 0.00 0.73 1.21 0.77 4.35 Considerable

UEP 39.36 7.47 5.27 0.00 24.70 54.02 0.88 8.49 Moderate

LEP −18.38 7.59 −2.42 0.02 −33.27 −3.50 0.91 10.63 Problematic

TPI −0.02 0.00 −21.78 0.00 −0.02 −0.01 0.69 3.17 Considerable

SE is the standard error, STP is the statistical parameters, and C is the coefficient.

(=1.64). According to the outcomes of the ANOVA and Z tests, 
it can be stated that the selected variables—i.e., CRS, F/A, T/D3, 
UEP, LEP, and TPI—follow the statistical criteria in predicting 
PR, and support the research hypothesis statements for the
current study. 

3.2 Computational approaches

3.2.1 Support vector regressor (SVR)
One popular supervised learning network for estimating 

continuous variables is support vector regression (SVR). The 
support vector machine (SVM) algorithm and SVR concept 

are comparable. The hyperplane with maximum marks in 
this model of computing machinery is the best-fit line 
(Khatti et al., 2023; Smola and Schölkopf, 2004). SVR is well-suited 
for predicting TBM penetration rate due to its ability to model 
non-linear relationships between input features (e.g., geotechnical 
parameters, machine settings) and output values. Its robustness 
to outliers and high generalization capability make it ideal for 
handling noisy real-world data often encountered in tunneling
operations. 

3.2.2 Support vector machine (SVM)
Support vector machine (SVM) is an established method 

of supervised machine learning algorithms successfully applied 
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to classify and predict with small samples and nonlinearity by 
constructing a hyperplane or set of hyperplanes in a high or 
infinite-dimensional space (Cortes and Vapnik, 1995). SVM is 
traditionally used for classification, and it can assist in categorizing 
TBM operational modes (e.g., efficient vs. inefficient cutting) or 
predicting discrete penetration rate classes. This categorization can 
help predefine TBM behavior under varying geological conditions, 
thereby supporting decision-making in real-time control systems. 

3.2.3 Gene expression programming
Gene expression programming (GEP) is a genotype-phenotype 

multi-genic system that combines the strengths of genetic 
programming and the simplicity of the genetic algorithm (Ferreira, 
2001). Unlike its predecessors, GEP encodes multiple evolutionary 
algorithms as linear structures known as chromosomes composed 
of genes of equal length. The determinants of GEP are the 
chromosomes and the expression tree (Ets). The algorithm utilizes 
two languages: the language of genes and the language of expression 
trees. The sequence of genes can be deduced from the expression 
tree, and vice versa, using the Karva language. GEP has two domains: 
the head and the tail. The head encodes the chosen functions 
and variables to solve problems, while the tail provides a terminal 
reservoir to ensure that all programs produced by GEP are error-
free (Ferreira, 2001). GEP is a symbolic regression method that 
can evolve interpretable mathematical expressions to predict the 
TBM penetration rate. Its ability to discover complex, non-linear 
relationships and represent them as human-readable formulas 
makes it particularly valuable for providing insights into influential 
variables and their interactions. 

3.2.4 Feedforward neural network
The feedforward neural network (FFNN) is a multilayer 

perceptron neural network model. It is characterized by moving in 
a single direction and progressing through hidden layers to estimate 
output factors. The learning process of FFNN involves adjusting the 
weights and biases of the nodes to optimize the model's output (Zell, 
1994). The FFNN model has the following features: (i) universal 
approximation, (ii) capability for nonlinear function approximation, 
(iii) Support parallel processing, (iv) robustness to noise, (v) ease 
of training, and (vi) capability for adaptive learning. Therefore, 
the FFNN models have been constructed in this work. The FFNN 
model exhibits complex, non-linear relationships between multiple 
input parameters (e.g., thrust force, torque, and uniaxial compressive 
strength) and the penetration rate. Their flexibility and adaptability 
to diverse data patterns make them effective for static prediction 
tasks in TBM performance modeling. 

3.2.5 Gated recurrent network
Cho et al. (2014) proposed the gated recurrent unit (GRU) 

structure to solve the overhead reduction in the LSTM network. 
The GRU incorporates reset and update gate concepts to mitigate 
the vanishing gradient problem. Specific coefficients and sigmoid 
functions define these gates. The update gate, denoted as Tu, 
functions as a switch, determining whether to use the previous 
mode, input, or a combination of both. By employing this 
functionality, the GRU can consider multiple past time steps when 
predicting future steps, making it effective for long sequential data. 
The reset gate also functions as a switch, indicating how much 

previous information is irrelevant to the current step and how 
much of the preceding step information should be utilized. When 
the reset gate is in the zero position, the network treats the input 
sequence as if reading the initial part, allowing it to discard the 
previously calculated state. GRU is a type of recurrent neural 
network capable of learning temporal dependencies in sequential 
data. In TBM operations, where performance evolves, GRU can 
capture the influence of past tunneling behavior (e.g., cumulative 
advance, changing geology) on the current penetration rate, thereby 
improving time-dependent predictions. 

3.2.6 Long short-term memory
Long Short-Term Memory (LSTM) is an artificial neural 

network in the field of artificial intelligence and deep learning 
(Hochreiter and Schmidhuber, 1997). When training conventional 
recurrent neural networks (RNNs), the vanishing gradient problem 
can occur. The LSTM approach was developed by Hochreiter (1991). 
An input gate, an output gate, a forget gate, and a cell component of 
a typical LSTM unit (Hochreiter and Schmidhuber, 1996; Gers et al., 
2000). LSTM networks excel at learning long-term dependencies in 
sequential data. For TBM penetration rate prediction, LSTM can 
leverage historical data trends and account for time lags between 
input conditions and machine response, making it suitable for 
dynamic and adaptive performance forecasting. A flowchart of the 
LSTM model's computation (Equations 1–6) is shown in Figure 5.

The LSTM networks compute from an input J = (J1,…… Jt) to 
a target/output Y = (y1,……yt) using the equations for the forward 
pass of an LSTM cell with a forget gate's compact forms.

Pt = βg(APJt +BPUt−1 + bP) (1)

Qt = βg(AQJt +BQUt−1 + bQ) (2)

Rt = βg(ARJt +BRUt−1 + bR) (3)

St = βS(ASJt +BSUt−1 + bS) (4)

St = Pt ∗ ct−1 +Qt ∗ St (5)

Ut = Rt ∗ βh(St) (6)

where Initial values S0 = 0,Uo = 0, and the operator∗denotes 
the Hadamard product. The time step is t mentioned as the 
subscript index.

Jt ∈ ℝd – Input vector to the LSTM unit
Pt ∈ (0,1)

U – Forget the gate's activation vector
Qt ∈ (0,1)U – Input/update gate's activation vector
Rt ∈ (0,1)U – Output gate's activation vector
Ut ∈ (−1,1)U – Hidden state vector
St ∈ (−1,1)

U – Cell input activation vector
St ∈ ℝU – Cell state vector
A ∈ ℝU×d, B ∈ ℝU×U, and Jt ∈ ℝU weight matrices and bias vector 

parameters need to be learned during training. Where d is the 
number of input features, and U is the number of hidden units. 

3.2.7 Bidirectional long short-term memory
An improved LSTM method, specifically BiLSTM, combines 

data from previous and future time steps to produce predictions 
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FIGURE 5
Flowchart of the LSTM model's computation (Khatti and Grover, 2023a).

or classifications. The two distinct LSTM networks that comprise 
this system are designed to process input sequences in two 
ways: (1) forward and (2) backward. These networks enhance the 
comprehension of sequential data. A BiLSTM's cells consist of 
the forward LSTM, the backward LSTM, and the concatenation. 
BiLSTM enhances the prediction capability of standard LSTM 
by processing input sequences in both forward and backward 
directions. This is particularly useful for analyzing pre- and 
post-cutting geological conditions, allowing the model to better 
understand the contextual relationships that affect the TBM 
penetration rate over time. 

3.2.8 Hyperparameter tuning
Hyperparameter tuning is essential to computational mechanics 

to obtain the best results. The hyperparameters of SVR, SVM, GEP, 
FFNN, GRU, LSTM, and BiLSTM have been configured by analyzing 
published research by Khatti et al. (2023), Khatti et al. (2024), 
Hosseini et al. (2023), and Kumar et al. (2023). Table 5 shows the 
configurations of hyperparameters of SVR, SVM, GEP, FFNN, GRU, 
LSTM, and BiLSTM models in predicting the PR of E_.

3.3 Sensitivity analysis

Sensitivity analysis is carried out to assess the relative impact 
of the input variables on the result. This study employs the cosine 
amplitude method, the most popular approach. Equation 7 has 
been used to determine the strength of independent variables in 
predicting the PR of ETBM:

JSA =
∑k

i=1
ap,ibq,i

√∑k
i=1
(ap,i)

2∑k
i=1
(bq,i)

2
(7)

where ap,i is input variables at ith value, k is total observation 
count, p is total independent variables, bq,i is output variable at 
ith value, q is the total dependent variable, JSA shows the strength 
between p and q variables. This work has p = 6, q = 1, and k = 
1197. The strength of CRS, F/A, T/D3, UEP, LEP, and TPI variables 
with PR is shown in Figure 6. Figure 6 shows that the CRS (JSA =
0.781) strongly predicts PR (contributing = 20.032%). In addition, 
the UEP, LEP, F/A, and T/D3 variables have the strength (JSA) of 
0.727 (contributing = 18.656%), 0.714 (contributing = 18.328%), 
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TABLE 5  Configuration of hyperparameters.

Support vector regression (SVR) Configurations

Gamma 9.72 × 103

Function Nonlinear

Epsilon 1-E5

c 100

Support vector machine (SVM)

Gamma 0.84206

F 0.0026253

Hyperparameters 2.625256-03

Optimization routine Simplex

Kernel function Nonlinear

Termination function TolFun

Gene expression programming (GEP)

Chromosomes 32

Head size 7

Genes 3

Functions +, −,∗,/

Mutation rate 0.04

IS transportation rate 0.1

RIS transportation rate 0.1

Inversion rate 0.1

One-point recombination rate 0.3

Two-point recombination rate 0.3

Gene recombination rate 0.1

Gene transposition 0.1

Constants per gene 0.2

Data type Floating points

Upper and lower Bound +10, −10

Feedforward neural network (FFNN)

Epochs 600

Performance 0.00551

(Continued on the following page)

TABLE 5  (Continued) Configuration of hyperparameters.

Support vector regression (SVR) Configurations

Gradient 0.004561

Mu 0.0009

Algorithm Levenberg-marquardt

Gated recurrent unit (GRU)

Input layer GRU layer

Optimizer Adam

Loss function Huber

Batch size 32

np, shape 197, 7

Long short-term memory (LSTM)

Input layer SequenceInputLayer

Learn rate schedule Piecewise, ‘linear'

RNN layer lstmlayer

Optimizer Adam

Max Epochs 1500

Min Batch size 64

Gradient threshold 0.01

Initial learn rate 0.0001

Learn rate drop period 125

Learn rate drop factor 0.2

Bidirectional long short-term memory (BiLSTM)

Optimizer Adam

Loss function MSE

Dropout rate 0.3

Learning rate 0.0001

Number of Epochs 1000

Dense layer 50

Activation function ReLu

Batch size 64

Hidden layers 2
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FIGURE 6
Depiction of sensitivity of independent variables in predicting the PR of ETBM.

0.695 (contributing = 17.841%), and 0.623 (contributing = 15.977%), 
respectively, in predicting the PR. The TPI variable also plays the 
least significant role in predicting the PR of TBM.

4 Results and discussion

To determine the optimal performance computational model 
(OPCM), the performance of the employed models has been 
measured using fourteen metrics, including three new index 
metrics: IOA, IOS, and a20. The conventional metrics, including 
RMSE, MAE, MAPE, WMAPE, NMBE, NS, VAF, R2, Adj R2, 
RSR, and R, have also been implemented to compare the OPCM 
with published models. These metrics have been selected to 
capture various dimensions of model accuracy and reliability. RMSE 
and MAE quantify the average magnitude of errors, with RMSE 
being more sensitive to large deviations. MAPE and WMAPE 
express errors in percentage terms, offering scale-independent 
interpretations. NMBE helps detect systematic bias by indicating 
tendencies towards under- or overestimation. NSE and VAF assess 
how well the model predictions replicate the observed variance. 
At the same time, R2 and Adjusted R2 measure the explanatory 
power of the model, with the latter adjusting for the number 
of predictors to avoid overfitting. RSR normalizes RMSE against 
the standard deviation of observations, enabling cross-model 
comparability. Lastly, the correlation coefficient (R) evaluates the 
strength and direction of the linear relationship between observed 
and predicted values. Together, these metrics provide a holistic 
and robust assessment of model performance. In addition to 
conventional error and correlation metrics, the Agreement Index 
(IOA), Scatter Index (IOS), and a20-index were employed to further 
assess the agreement between predicted and observed values. The 
Agreement Index (IOA), proposed by Willmott, measures the 
degree to which predictions align with observations, accounting 

for both bias and dispersion; values closer to 1 indicate stronger 
agreement. The Scatter Index (IOS) is a normalized version of the 
RMSE, typically expressed as the ratio of RMSE to the mean or 
standard deviation of the observed data, making it particularly 
useful for comparing performance across datasets of different 
scales. The a20-index evaluates the percentage of predictions that 
fall within ±20% of the observed values, offering a practical 
interpretation of model accuracy, especially in real-world scenarios 
where a certain error tolerance is acceptable. The mathematical 
formulation, with ideal values of the performance metrics, is 
presented in Supplementary Table A3. 

4.1 Simulation of results

The SVM, SVR, GEP, FFNN, GRU, LSTM, and BiLSTM 
models predict the advance and penetration rate of ETBM in this 
work. The training (TRNG) and testing (TSTG) performances 
of the models are summarized in Supplementary Table A4. 
Supplementary Table A4 shows that the SVM model again 
outperformed the SVR model in predicting TBM's PR. Model 
SVM computed PR with NMBE of 0.0009 mm/r, WMAPE of 
0.0063 mm/r, MAPE of 0.0075 mm/r, MAE of 0.0531 mm/r, and 
RMSE of 0.0889 mm/r, comparatively less than SVM model in the 
TSTG phase. It is also found that model SVM attained R of 0.9999, 
RSR of 0.0105, Adj R2 of 0.9999, VAF of 99.99, and NS of 0.9999, 
which are close to the ideal values. The comparison of GEP and 
SVM models presents that the GEP model predicted PR with less 
residuals (RMSE = 0.6763 mm/r, MAE = 0.5137 mm/r) than the 
SVM model. Model GEP gained R of 0.9971, RSR of 0.0802, Adj 
R2 of 0.9938, VAF of 99.41, and NS of 0.9936, comparatively less 
than the SVM model. Moreover, model GRU (R = 1.0000, RSR 
= 0.0103, Adj R2 = 0.9999, VAF = 99.99, NS = 0.9999, NMBE = 
0.0009 mm/r, WMAPE = 0.0065 mm/r, MAPE = 0.0088 mm/r, 
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FIGURE 7
Illustration of (a) statistical relationship between actual and predicted PR and (b) residual using the BiLSTM models.

MAE = 0.0553 mm/r, RMSE = 0.0870 mm/r) outperformed the 
FFNN model (R = 0.9937, RSR = 0.1172, Adj R2 = 0.9564, VAF = 
98.75, NS = 0.9863, NMBE = 0.1151 mm/r, WMAPE = 0.0977 mm/r, 
MAPE = 0.1118 mm/r, MAE = 0.8294 mm/r, RMSE = 0.9885 mm/r) 
in predicting the PR of TBM. Comparing the LSTM and BiLSTM 
models, it has been observed that model BiLSTM (R = 1.0000, RSR = 
0.0048, Adj R2 = 1.0000, VAF = 100.00, NS = 1.0000) achieved higher 
performance than LSTM (R = 1.000, RSR = 0.0097, Adj R2 = 0.9999, 
VAF = 99.99) model in predicting PR. Model BiLSTM (NMBE 
= 0.0002 mm/r, WMAPE = 0.0039 mm/r, MAPE = 0.0045 mm/r, 
MAE = 0.0330 mm/r, RMSE = 0.0406 mm/r) computed PR with 
least residuals than LSTM, close to ideal values. The overall analysis 
reveals that model BiLSTM outperformed the SVR, SVM, GEP, 
FFNN, GRU, and LSTM model in TRNG (R = 1.0000, RSR = 
0.0014, Adj R2 = 1.0000, VAF = 100.00, NS = 1.0000, NMBE = 
0.0000 mm/r, WMAPE = 0.0008 mm/r, MAPE = 0.0013 mm/r, 
MAE = 0.0133 mm/r, RMSE = 0.0163 mm/r) and TSTG (R = 
1.0000, RSR = 0.0048, Adj R2 = 1.0000, VAF = 100.00, NS = 
1.0000, NMBE = 0.0002 mm/r, WMAPE = 0.0039 mm/r, MAPE = 
0.0045 mm/r, MAE = 0.0330 mm/r, RMSE = 0.0406 mm/r) phases 
of PR prediction. Furthermore, the reliability of SVR, SVM, GEP, 
FFNN, GRU, LSTM, and BiLSTM models has been analyzed by 
IOS, IOA, and a20 indexes. Conversely, it has been found that 
model BiLSTM is highly reliable in predicting the PR of TBM in 
the TRNG (IOS = 0.0009, IOA = 1.000, a20 = 100.00) and TSTG 
(IOS = 0.0478, IOA = 0.9998, a20 = 100.00) phases. For the visual 
analysis of results, the statistical relationship between actual and 
predicted PR has been mapped with residual for the BiLSTM model 
and presented in Figure 7.

4.2 Validation of models

From the analysis of the TRNG and TSTG performances, it is 
observed that each model is highly capable of predicting the PR. 
Each model achieved a performance of over 95% (R = 0.95) in both 
the TRNG and TSTG phases. To validate the prediction accuracy of 

each model, ninety-seven datasets were used as validation (VDTN) 
databases in predicting TBM's PR. The validation performance of 
each model is summarized in Supplementary Table A4. In addition, 
the models' prediction capabilities have been analysed using the 
Taylor plot, as depicted in Supplementary Figure A2.

Supplementary Figure A2 shows that the models SVM, SVR, 
GEP, FFNN, GRU, LSTM, and BiLSTM predicted PR with a standard 
deviation of 4.050, 2.695, 4.261, 4.099, 4.056, 4.058, and 4.055, 
respectively. The Model BiLSTM computed the PR of TBM with 
a standard deviation of 4.055, which is close to the actual values 
in the validation datasets. Therefore, the BiLSTM model is the 
best architectural model for predicting the PTBM. Additionally, the 
VDTN performances of each model were analysed and compared in 
the PR prediction. Model BiLSTM (R = 1.000, RSR = 0.0029, Adj R2 = 
1.0000, VAF = 100.00, NS = 1.0000, NMBE = 0.0001 mm/r, WMAPE 
= 0.0023 mm/r, MAPE = 0.0027 mm/r, MAE = 0.0267 mm/r, RMSE 
= 0.0321 mm/r) also outperformed the SVM, SVR, GEP, FFNN, 
GRU, and LSTM models in predicting PR of TBM. The SVR model 
performed poorly compared to the SVM, GEP, FFNN, GRU, and 
LSTM models in predicting the PR of TBM. Based on the analysis 
of the Taylor plot and performance metrics, it has been observed 
that model BiLSTM is the best architectural model for predicting PR. 
Therefore, the confidence interval has been computed for each phase 
of model BiLSTM in predicting PR, as shown in Figure 8. Figure 8 
demonstrates that model BiLSTM assessed the penetration rate of 
TBM with confidence intervals of ±1.1, ±1.3, and ±1.5 in the TRNG, 
TSTG, and VDTN phases, respectively.

4.3 Score analysis

A straightforward method called score analysis is used to 
determine the optimal performance computational model for 
predicting the PR of ETBM. In this analysis, each model's score 
is calculated based on the total number of models, i.e., LX 
(where LX in the current research is 7), for each performance 
metric. Furthermore, the total score of each model is calculated by 
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FIGURE 8
Illustration of the confidence interval for model BiLSTM in predicting PR of TBM.

summating the scores of all performance metrics. Thus, the total 
score is calculated for each training, testing, and validation phase. 
The summation of selected phases calculates the grand score. In 
this work, fourteen performance metrics measured the score of 
each model in each TRNG, TSTG, and VDTN phase. The results 
of the score analysis are summarized in Supplementary Table A5. 
Supplementary Table A4 shows that the BiLSTM model obtained the 
highest score in each phase of the PR prediction for TBM. Model 
BiLSTM scored 95, 95, and 95 in the TRNG, TSTG, and VDTN 
phases, respectively, followed by the LSTM (TRNG = 82, TSTG = 
74, VDTN = 82) model. Supplementary Figure A3 depicts the score 
comparison of all models in predicting PR.

From the overall analysis, the model BiLSTM shows 
superiority with an overall score of 285 in predicting PR, as 
depicted in Supplementary Figure A4. The LSTM model obtained 
an overall score of 238 in predicting the PR of TBM and secured 
second place in this research. It is also noted that the SVR model 
achieved the lowest overall score, i.e., 42, in predicting PR. Hence, 
the BiLSTM model is the best architectural model for predicting the 
performance of TBM. 

4.4 Regression error characteristics (REC)

The REC curve for a particular model represents the trade-off 
between accuracy and precision. Plotting the percentage of predicted 
points within the tolerance (y-axis) against the error tolerance (x-
axis) is how REC displays data. The amount of error that is acceptable 
for a particular prediction is measured by the error tolerance. The 
percentage of data points where the predicted value falls within the 
designated error tolerance of the true value is the predicted within 
tolerance percentage. Higher curve models are able to correctly 

predict a higher percentage of points within a given error tolerance 
because they have less area over the curve. In this work, the REC 
curve has been plotted for each TRNG, TSTG, and VDTN phase of 
the PR prediction. Figures 9a–c illustrates the PR prediction's REC 
curve and the AOC value shown in Table 6.

Table 6 reveals that model BiLSTM predicted PR with the AOC 
of 1.16E-07, 7.03E-07, and 4.41E-07 in the TRNG, TSTG, and 
VDTN phases, respectively. Hence, the BiLSTM model is the most 
suitable architectural model for predicting TBM performance. 

4.5 Accuracy metrix

Based on the outstanding performance of the BiLSTM 
model, the accuracy of each model in each TRNG, TSTG, and 
VDTN phase has been calculated, compared, and presented in 
Supplementary Figure A5. Supplementary Figures A5a–c presents 
that model BiLSTM achieved higher accuracies in TRNG (RMSE = 
99.98%, MAE = 99.99%, NS; VAF; R2; R = 100.00%, RSR = 99.86%), 
TSTG (RMSE = 99.96%, MAE = 99.97%, NS; VAF; R2; R = 100.00%, 
RSR = 99.52%), and VDTN (RMSE = 99.97%, MAE = 99.97%, NS; 
VAF; R2; R = 100.00%, RSR = 99.71%) phase of the PR prediction, 
close to the 100%. Hence, this research identifies the BiLSTM model 
as the most effective architectural model. 

4.6 Generalizability analysis

The generalizability analysis is an external validation method 
used to assess the predictive capabilities of the computational model. 
It makes sure that the model is not just overfitting the training 
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FIGURE 9
Illustration of REC plot in (a) TRNG, (b) TSTG, and (c) VDTN phases of 
the PR prediction.

set. In this work, the generalizability of models has been analyzed 
to identify the optimal computational model for predicting the 
performance of TBM. Golbraikh and Tropsha (2002) proposed 
a theory and applied it to develop an accurate model in this 
investigation. Supplementary Table A6 provides a summary of the 
theory's various mathematical aspects related to its expressions. 
Table 7 presents the results of each model's generalizability in 
predicting TBM's PR. Table 7 shows that the BiLSTM models 
achieved excellent generalizability in predicting PR, demonstrating 
superiority over the SVR, SVM, GEP, FFNN, LSTM, and GRU 
models employed in this work.

4.7 Wilcoxon test

The present research employs the Wilcoxon signed-rank test 
to determine the optimal computational model for predicting 
TBM PR. This test compares the two samples and examines 
their difference. There is a significant difference between 
zero and the median difference between the paired scores. 
Supplementary Table A7 shows the Wilcoxon test results in 
predicting the PR of TBM. Figures 10a–c shows that the model 
BiLSTM predicted PR with the least confidence level (CL) difference, 
which is close to the actual PR confidence level difference. 
Hence, this work has identified the BiLSTM model as the optimal 
computational model for achieving optimal performance.

4.8 Uncertainty analysis

The ability of the proposed computational models to 
accurately predict the output is demonstrated through the 
use of uncertainty analysis to assess model uncertainty. The 
uncertainty analysis is performed separately using the total 
TRNG, TSTG, and VDTN datasets. This analysis is carried out 
by mean of error (MOE), standard deviation (SD), sample size 
(SS), margin of error (ME), standard error (SE), upper band 
(UB), lower band (LB) and width of confidence band (WCB). 
The results of uncertainty analysis in predicting AR and PR are 
summarized in Supplementary Table A8. Supplementary Table A8 
demonstrates that model BiLSTM ranked first in each training, 
testing, and validation of the PR prediction. It is noted that 
the BiLSTM model predicted the penetration rate of TBM 
with the minor uncertainty band. Figure 11 illustrates the 
uncertainty band during the PR prediction training, testing, and 
validation phases.

4.9 Anderson-darling test

A statistical test to determine whether a sample of data is 
representative of a given probability distribution is the Anderson-
Darling (AD) test. By comparing the sample data's cumulative 
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TABLE 6  Results of REC curve.

Phase Actual SVM SVR GEP FFNN GRU LSTM BiLSTM

Train 0.00E+00 4.75E-07 2.43E-03 1.51E-04 4.75E-04 6.49E-07 1.86E-07 1.16E-07

Test 0.00E+00 3.25E-06 2.39E-03 1.95E-04 4.15E-04 2.97E-06 2.90E-06 7.03E-07

Valid 0.00E+00 9.32E-07 3.43E-03 1.72E-04 3.87E-04 1.12E-06 7.02E-07 4.41E-07

Bold values present the best architectural model.

TABLE 7  Generalizability result obtained in predicting AR and PR of TBM.

Models Phase k k′ R2
o R′2o Rm |m| |n|

SVM

TRNG 1.00 1.00 1.00 1.00 1.00 0.00 0.00

TSTG 1.00 1.00 1.00 1.00 0.98 0.00 0.00

VDTN 1.00 1.00 1.00 1.00 0.99 0.00 0.00

SVR

TRNG 1.00 0.98 1.00 1.00 0.79 −0.03 −0.03

TSTG 1.03 0.90 0.98 0.94 0.21 −0.70 −0.62

VDTN 1.22 0.80 0.34 0.65 0.25 0.58 0.21

GEP

TRNG 1.00 1.00 1.00 1.00 0.95 0.00 0.00

TSTG 0.99 1.01 1.00 1.00 0.80 −0.03 −0.03

VDTN 1.00 1.00 1.00 1.00 0.84 −0.02 −0.02

FFNN

TRNG 1.00 1.00 1.00 1.00 0.91 −0.01 −0.01

TSTG 1.01 0.98 1.00 1.00 0.68 −0.08 −0.07

VDTN 1.04 0.96 0.99 0.98 0.81 −0.03 −0.02

GRU

TRNG 1.00 1.00 1.00 1.00 1.00 0.00 0.00

TSTG 1.00 1.00 1.00 1.00 0.98 0.00 0.00

VDTN 1.00 1.00 1.00 1.00 0.99 0.00 0.00

LSTM

TRNG 1.00 1.00 1.00 1.00 1.00 0.00 0.00

TSTG 1.00 1.00 1.00 1.00 0.98 0.00 0.00

VDTN 1.00 1.00 1.00 1.00 0.99 0.00 0.00

BiLSTM

TRNG 1.00 1.00 1.00 1.00 1.00 0.00 0.00

TSTG 1.00 1.00 1.00 1.00 0.99 0.00 0.00

VDTN 1.00 1.00 1.00 1.00 0.99 0.00 0.00

Bold values present the optimal performance computational model.

distribution function (or CDF) to the CDF of the proposed 
distribution, one can compute the Anderson-Darling test statistic. 
The null hypothesis, which states that the data are taken from 
the proposed distribution, is then evaluated to see if it should be 
rejected by comparing the test statistic to a critical value. This 
research uses the Minitab statistical tool to conduct the AD test for 

complete datasets (including predicted). Supplementary Table A9 
presents the AD test results and graphical presentation, as shown 
in Figure 12. Supplementary Table A9 indicates that model BiLSTM 
assessed the PR with an AD value of 55.593, which is close to the 
actual AD value of the PR, i.e., 55.596. It is also noted that the 
BiLSTM model adheres to the clause of the normality hypothesis. 
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FIGURE 10
Illustration of CL difference in (a) TRNG, (b) TSTG, and (c) VDTN of the PR prediction.

FIGURE 11
Illustration of uncertainty band in (a) TRNG, (b) TSTG, (c) VDTN of the PR prediction.
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FIGURE 12
Illustration of AD test results in the prediction of PR.

Hence, the AD test accepts the normality hypothesis in predicting
TBM's PR.

4.10 Curve fitting

Curve fitting is finding a function that minimizes the 
error between the actual and estimated values. The under, 
over, and best fit are the types of curve fitting. This research 
predicts models' overfitting in predicting TBM's PR. The ratio of 
test/validation RMSE to training RMSE estimates the overfitting of 
the models. Figure 13 illustrates that the model BiLSTM achieved 
an overfitting of 2.49 and 1.98 in the TSTG and VDTN phases, 
respectively, which is close to the best-fit line. Therefore, the BiLSTM 
model is highly recommended for predicting the penetration rate of 
ETBM.

4.11 Objective function (OBJE) criterion

Gandomi et al. (2010) introduced the objective function (OBJE) 
criterion to evaluate the model's performance in the TSTG and 
VDTN phases, utilizing TRNG performance. Equation 8 is used to 
determine the OBJE.

OBJE = (
DTR −DTS

DT
)∗(

MAETR

R2
TR

)+(
2DTS

DT
)∗(

MAETS

R2
TS

) (8)

This work calculates the OBJE for both the TSTG and VDTN 
phases. The smallest value of OBJE presents the best computational 
models. The results of OBJE in predicting PR are graphically 
presented in Figure 14. Figure 14 demonstrates that the model 
BiLSTM outperformed the SVM, SVR, GEP, GRU, FFNN, and 
LSTM models, achieving an OBJE of 0.0003 in both the TSTG and 
VDTN phases. Thus, the objective function criterion also shows the 
robustness of the BiLSTM model in predicting the performance of 
ETBM.

4.12 Discussion and analysis of results

The number of statistical metrics in this work measures the 
prediction accuracy. Still, the RMSE, MAE, MAPE, WMAPE, 
NMBE, and RSR metrics have been used to measure the prediction 
accuracy in this work. This investigation presents the BiLSTM 
model as the optimal computational model for predicting the PR 
of ETBM, achieving optimal performance. Therefore, the RMSE, 
MAE, MAPE, WMAPE, NMBE, and RSR metrics of each SVM, 
SVR, GEP, FFNN, GRU, and LSTM model have been compared 
to find the efficiency of computational models. The results of 
comparing metrics with respect to BiLSTM model metrics are 
summarised in Supplementary Table A10. In this comparison, the 
higher percentage presents the poor efficiency of models. In case 
of PR prediction, it is noted that model LSTM gained high 
efficiency, close to the BiLSTM model in each TRNG (RMSE = 
21%, MAE = 23%, MAPE = 20%, WMAPE = 23%, NMBE = 
38%, RSR = 21%), TSTG (RMSE = 51%, MAE = 50%, MAPE = 
50%, WMAPE = 50%, NMBE = 76%, RSR = 51%), and VDTN 
(RMSE = 21%, MAE = 19%, MAPE = 14%, WMAPE = 19%, 
NMBE = 37%, RSR = 21%) phase. Therefore, it can be stated 
that the SVR model has lower efficiency, while LSTM has higher 
efficiency in predicting the performance of ETBM. Figures 15a–c 
demonstrates the efficiency comparison of each model in terms of 
percentage.

Another analysis has been conducted using a regression tool 
to determine the BiLSTM model's robustness in predicting TBM's 
PR. For this analysis, the complete database is analyzed using 
linear regression, and the relationship between the input variables 
is mapped and illustrated in Figure 16.

Figure 16 presents (a) CRS has no relationship with F/A 
(=−0.0064), T/D3 (=0.0533), LEP (=−0.1114), (b) CRS has a weak 
relationship with UEP (=−0.2119), TPI (=0.2925), (c) CBR has a 
moderate relationship with PR (=−0.5151), (d) F/A has a strong 
relationship with T/D3 (=0.7761), UEP (=0.7693), (e) F/A has 
a very strong relationship with LEP (=0.8426), (f) F/A has a 
weak relationship with PR (=−0.3768), (g) T/D3 has a strong 
relationship with LEP (=0.6127) and TPI (=0.7774), (h) T/D3 has a 
moderate relationship with UEP (=0.5043), (i) T/D3 has a moderate 
relationship with PR (=−0.4311), (j) UEP has no relationship with 
PR (=−0.0477), (k) UEP has a very strong relationship with LEP 
(=0.9289), (l) LEP has no relationship with PR (=−0.1807), and 
(m) TPI has a strong relationship with PR (=−0.7001). The study 
reveals that PR has a negative correlation with the CRS, F/A, T/D3, 
UEP, LEP, and TPI variables. Here, the negative sign shows that 
the two variables are inversely proportional. In simple words, one 
variable decreases if the relative variable increases continuously. 
In the regression analysis, one input variable is varied, while 
the remaining variables remain constant. Table 8 presents the 
selection criteria for variables and their values in predicting the
PR of TBM.

Figure 17 illustrates that the penetration rate of TBM 
continuously decreases with the increase of each input variable. 
Figures 17a,d illustrates the inverse relationship between PR, 
CRS, and UEP variables. Figure 16 also presents that the PR 
of TBM is decreasing with each input variable, confirming the 
prediction capabilities of the optimal performance computational 
model, i.e., BiLSTM, in this research. In addition, the comparison 
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FIGURE 13
Illustration of overfitting of models in predicting the penetration rate of TBM.

FIGURE 14
Illustration of OBJE in predicting the penetration rate.
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FIGURE 15
Illustration of efficiency comparison in (a) TRNG, (b) TSTG, (c) VDTN phase of the PR prediction.

of the BiLSTM model's performance with that of published 
models reveals that the BiLSTM model outperforms the 
published models in predicting the performance of ETBM, 
as shown in Supplementary Table A11.

5 Summary and conclusion

This investigation compares the SVM, SVR, GEP, FFNN, GRU, 
LSTM, and BiLSTM models to find the optimal performance 

computational model for predicting the penetration rate (PR) of 
ETBM. Eleven hundred and ninety-seven datasets created training, 
testing, and validation databases by selecting 1,000, 100, and 97 
datasets, respectively. Fourteen performance metrics were used to 
measure the model's performance in each phase. The following 
conclusions are drawn in this investigation:

• Impact of Input Variables–This investigation uses CRS, F/A, 
T/D3, UEP, LEP, and TPI variables, and it concludes that each 
model achieves a prediction performance of more than 96% 
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FIGURE 16
Relationship between variables in predicting TBM performance.

TABLE 8  Selection of variables and their values.

Variables Constant input variables Database matrix Reference

Parameters Range

CRS 1–2 F/A = 469.62; T/D3 = 6.16; UEP = 0.18; LEP = 0.22; TPI = 385.43 25 × 5 Fig. 21 (a)

F/A 167–882 CRS = 1.48; T/D3 = 7.13, UEP = 0.16; LEP = 0.20; TPI = 467.81 25 × 5 Fig. 21 (b)

T/D3 1.96–16.97 CRS = 1.41; F/A = 493.88; UEP = 0.16; LEP = 0.21; TPI = 377.98 25 × 5 Fig. 21 (c)

UEP 0.05–0.29 CRS = 1.36; F/A = 454.12; T/D3 = 6.08; LEP = 0.20; TPI = 238.72 25 × 5 Fig. 21 (d)

LEP 0.03–0.39 CRS = 1.36; F/A = 418.17; T/D3 = 5.66; UEP = 0.17; TPI = 248.53 25 × 5 Fig. 21 (e)

TPI 56–1760 CRS = 1.40; F/A = 542.20; T/D3 = 9.12, UEP = 0.18; LEP = 0.23 25 × 5 Fig. 21 (f)

in each phase. Therefore, the combination of CRS, F/A, T/D3, 
UEP, LEP, TPI variables is better than the combinations of (i) 
RQD, UCS, RB, CM, IFA, C, CS, CT, TT, CEP; (ii) UCS, Bi, 
DPW, α; (iii) EPF, WP, T, CT, RPM, CF, W; (iv) F, Jv, UCS, 
RPM, T, α, a, Ab, Qc; (v) RQD, UCS, RMR, BTS, TFC, RPM 
in predicting the TBM performance.

• Impact of Multicollinearity–This research computes the 
weak, moderate, considerable, moderate, problematic, and 
considerable multicollinearities for CRS, F/A, T/D3, UEP, 
LEP, and TPI, respectively. The impact of multicollinearity 
is observed in predicting PR using SVR models. The SVR 
model performs poorly compared to the BiLSTM, LSTM, GEP, 
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FIGURE 17
Illustration of regression analysis using model BiLSTM in predicting PR for a constant variable (a) CRS, (b) F/A, (c) T/D3, (d) UEP, (e) LEP, (f) TPI.
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GRU, SVM, and FFNN models. On the other hand, it is noted 
that the BiLSTM model achieved excellent performance and 
accuracy in predicting PR, even in the presence of moderate 
and problematic multicollinearity.

• Optimal Performance Computational Model–This research 
conducts over eight analyses to determine the optimal 
performance computational model for predicting TBM 
performance. These analyses, (i) performance (R = 1.0000 
in PR prediction); (ii) score analysis (total score = 285 in PR 
prediction); (iii) REC (AOC = 7.03E-07 in PR prediction); 
(iv) accuracy metrics (R = 100.00% in PR prediction); (v) 
generalizability analysis (m and n = −0.03 and 0.00 in PR 
prediction); (vi) Wilcoxon test (confidence = more than 
95% in PR prediction); (vii) uncertainty analysis (rank = 1 
in PR prediction); (viii) AD test (= reject null hypothesis 
of normality); (ix) curve fitting (close to the best-fit); 
and (x) objective function criterion (OBJE = 0.0003 in 
PR prediction) present the BiLSTM model is an optimal 
performance computational model in predicting PR of TBM. 
BiLSTM outperformed due to its ability to learn from both 
past and future contextual information in sequential data. 
Unlike single-directional or static models, BiLSTM captures 
temporal dependencies more comprehensively, enhancing 
accuracy in dynamic tunneling environments. Its bidirectional 
structure makes it especially effective in modeling complex, 
time-dependent patterns in real-time operations.

To conclude, this investigation introduces the BiLSTM model 
as an optimal performance computational model in predicting 
the mixed face's earth pressure balance shield tunnel boring 
machine performance (ETBM). Based on the capabilities of the 
BiLSTM model, it may be used to solve the tunnel and mining 
problems. Finding the ideal structure through various analyses is 
one of the drawbacks of the machine learning models used in 
this work. Consequently, metaheuristic optimization algorithms can 
be used to optimize the coefficients and weights of the models. 
The current study will assist experts and tunnel engineers in 
estimating the total project cost by determining the performance 
of the ETBM. This investigation may be extended by developing 
different combinations of features and analyze the impact of 
feature dimensionality on the performance of soft computing 
models. To the best of the author's knowledge, a significant 
advantage over the published work is that the SVM, SVR, GEP, 
FFNN, GRU, LSTM, and BiLSTM models have never before 
been developed, trained, tested, and analyzed for estimating the 
performance of an earth pressure balance shield tunnel boring
machine (ETBM).
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Nomenclature

a Specific work of Chiseling

a20 a20 Index

Ab Rock Abrasion Resistance Index

ABC_SVR Artificial Bee Colony Algorithm Based Support 

Vector Regressor

AdaBoost Adaptive Boosting

Adj R2 Adjusted Coefficient of Determination

ANFIS Adaptive Neuro-Fuzzy Inference System

ANN Artificial Neural Network

AR Advance Rate

ARIMAX Autoregressive Integrated Moving Average with

Explanation

ARLSTM Adaptive Residual Long Short-Term Memory

AV Abrasion Value

BBO_FW_MKL_SVR Biogeography-Based Optimized Feature Weighted

Multiple Kernel Learning Support Vector Regressor

BI Boreability Index

Bi Rock Brittleness Index

BMLPNN Biogeography-Based Multilayer Perceptron 

Neural Network

BPNN Backpropagation Algorithm-Based Neural Network

BQ Basic Quality Index

BR Bayesian Regularization

BRMR Bored Rock Mass Rating

BSVR Biogeography Based Support Vector Regressor

BTS Brazilian Tensile Strength

C Cohesion

CART Classification and Regression Trees

CEP Chamber Earth Pressure

CFF Core Fracture Frequency

CHAID Chi-squared Automatic Interaction Detection

CLI Cutter Life Index

CM Compression Modulus

CNN Convolutional Neural Network

CoP Control Parameters

CS Cutterhead Speed

CT Cutterhead Torque

CxP Context Parameters

CZ Cutter Size

D Cutter Diameter

DE_SVR Differential Evolution Algorithm Based Support 

Vector Regressor

di Actual Performance of TBM

DPW Average Distance between Planes of Weakness

DRI Drilling Rate Index

DT Decision Tree

DT Total Datasets used in the research

DT_PR Decision Tree Polynomial Regression Model

DTR Total Datasets used in the Training

DTS Total Datasets used in the Testing

E Young's Modulus

Edyn Dynamic Elasticity Modulus

ELM Extreme Learning Machine

EM Empirical Method

ENN Ensemble Neural Network

EPR Evolutionary Polynomial Regression

ES Static Elasticity Modulus

ETBM Earth Pressure Balance Shield Tunnel Boring Machine

F Thrust per Cutter

FA_ANN Firefly Algorithm-Based Artificial Neural Network

FEP Field Excavation Performance

FLogics Fuzzy Logics

FN Functional Network

Fn Individual Cutter Force

FPI Field Penetration Index

FS Fracture Spacing

GB Gradient Boosting

GCN Graph Convolutional Network

GEO Geological Parameters

GEP Gene Expression Programming

GMDH Group Method of Data Handling

GP Genetic Programming

GSA_SVR Gravitational Search Algorithm Based Support 

Vector Regressor

GSI Geological Strength Index

GTB Gradient Tree Boosting

GW Ground Water
GWO_FW_
MKL_SVR Grey Wolf Optimized Feature Weighted Multiple Kernel 

Learning Support Vector Regressor

GWO_LSTM Grey Wolf Optimized Long Short-Term Memory

HENSM Hybrid Ensemble Model

IC Sum of Motor Current

ICA Imperialist Competitive Algorithm

IFA Internal Friction Angle

IOA Agreement Index

IOS Scatter Index

Jo Joint Orientation
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JP Joint Parameters

J s Joint Spacing

Jv Volumetric Joint Count

k Slope of Predicted versus Actual Performance of TBM

k′ Slope of Predicted versus Actual Performance of TBM 

concerning the Origin

kNN K-Nearest Neighbor

KR Rock Mass Permeability

Kv Rock Integrity Factor

LGBM Light Gradient Boosting Machine

LR Linear Regression

LSSVM Least Square Support Vector Machine

LSTM Long Short-Term Memory

m and n Factors for Estimating the Predictive Power of the 

Proposed Models

MAE Mean Absolute Error

MAETR Mean Absolute Error of Model in the Training Phase

MAETS Mean Absolute Error of Model in the Testing Phase

MAPE Mean Absolute Percentage Error

MCD_DNN Multi-Channel Decoupled Deep Neural Network

MFIS Mamdani Fuzzy Inference System

MKL_SVR Multiple Kernel Learning Support Vector Regressor

MLP Multilayer Perceptron

MLR Multilinear Regression

MP Sum of Motor Power

MPMR Minimax Probability Machine Regression

MSE Mean Square Error

N Overload Factor-Stability Factor

n Porosity

NB Naïve Bayesian

NFIS Neuron Fuzzy System

NMBE Normalized Mean Bias Error

NS Nash-Sutcliffe Efficiency

OA Orientation Angle

OBJE Objective Function Criterion

OD Overburden Construction Depth

OP Operational Parameters

Pcp Pressure of Control Pump

PDP Partial Dependence Plots

PF Field Single Cutter Load

Pgs Pressure of Gripper Shoe

Pgsp Pressure of Gripper Shoe Pump

PLSR_BRT Partial Least Squares Regression with Boosted 

Regression Tree

PNR Poisson Ratio

PNRdyn Dynamic Poisson Ratio

PNRs Static Poisson Ratio

PR Penetration Rate

PRB Ensemble Regression Model Based on Bagging

PRF Ensemble Regression Model Based on Feature 

Randomness

PS Pressure of Shield

PSI Punch Slope Index

PSO_RVM Particle Swarm Optimized Relevance Vector Machine

Q Tunnel Quality Index

Qc Quartz Content

R Correlation Coefficient

R2 Coefficient of Determination

R2
0 Coefficients of Determination of the Predicted versus 

Actual Performance of TBM

R2′
0 Coefficients of Determination of the Actual versus 

Predicted Performance of TBM

RB Ratio of Boulder

RF Random Forest

RFC Rock Fracture Class

RMC Rock Mass Cuttability Index

RMFD Rock Mass Fracture Degree

RMI Rock Mass Index

RMQ Rock Mass Quality

RMR Rock Mass Rating

RMSE Root Mean Square Error

RNN Recurrent Neural Network

RPM Round Per Minute of the Cutter

RQD Rock Quality Designation

RR Rock Structure Rating

RSR Root Mean Square Error to Observation's Standard 

Deviation Ratio

RVM Relevance Vector Machine

SA_BPNN Simulated Annealing Backpropagation Neural Network

SAE Stacked Autoencoder

SHH Schmidt Hammer Hardness

SJ Siver's J value

Sp Spacing

SRE Surrounding Rock Excavatability

SRMBi Specific Rock Mass Boreability Index

SSA Sparrow Search Algorithm

SSH Shore Scleroscope Hardness

SVM Support Vector Machine

SVR Support Vector Regressor
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T Torque

TF Thrust Force

TFPC Thrust Force per Cutter

TI Toughness Index

TSF Takagi Sugeno Fuzzy

TT Total Thrust

UCS Uniaxial Compressive Strength

VAF Variance Accounted For

V c Cutter-head Rotational Velocity

Vp Velocity of P-wave

V s Velocity of S-wave

W Cutter-head Power

w/d Water-table Surface relative to the tunnel Depth

WD Weathering Degree

WMAPE Weighted Mean Absolute Percentage Error

WOA Whale Optimization Algorithm

WOA_STK Whale Optimization Algorithm-Based Stacking Model

WOA_XGBoost Whale Optimization Algorithm-Based Extreme 

Gradient Boosting

WZ Weathering Zone

XGBoost Extreme Gradient Boosting

yi Predicted Performance of TBM

α Angle between the Tunnel Axis and the Planes 

of Weakness
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