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ty evaluation, disaster forecasting, structural design, and supporting
monitored information is widely recognized as the most efficient and
w accuracy of measured data, and the scarcity of comprehensive data-
ilored for small sample sizes. We introduce a multi-faceted back anal-
ptimization and machine learning techniques. The auxiliary classifier
on algorithm is first employed to generate synthetic yet realistic sam-
riginal data, thereby expanding the dataset and mitigating the impact
imized particle swarm optimization (OPSO) integrated with support
ps between input and output variables. Then, relying on a case study,
eloped OPSO-SVM algorithms based on two different sample sizes are
almost coincide with the actual monitored convergences, exhibiting a

y of the OPSO-SVM algorithm is also demonstrated by comparing the
our indices. It is also indicated that the relative error of the predicted

O-SVM model trained with 25 samples and that trained with 625 sam-
ences predicted by the two OPSO-SVM models trained with different
n application of ACGAN and OPSO-SVM in back analysis of geome-
ession of underground engineering analysis in scenarios with limited
nd practitioners alike.

Abstract 

Accurate geomechanical parameters are key factors for stabili 
optimization. The intelligent back analysis method based on the 
cost-effective technique for inverting parameters. To address the lo 
sets, this study proposes an innovative back analysis framework ta 
ysis approach that combines data augmentation with advanced o 
generative adversarial network (ACGAN)-based data augmentati 
ples that adhere to the underlying probability distribution of the o 
of small sample sizes. Subsequently, we harness the power of opt 
vector machine (SVM) to mine the intricate nonlinear relationshi 
the validity of the augmented data and the performance of the dev
studied. Results show that the new datasets generated by ACGAN
correlation coefficient exceeding 0.86. Furthermore, the superiorit
displacement prediction capability of various algorithms through f
displacement values reduces from almost 20% to 5% for the OPS
ples. Finally, the inversed parameters and corresponding converg
samples are discussed, indicating the feasibility of the combinatio
chanical parameters. This endeavor not only facilitates the progr
data, but also serves as a pivotal reference for both researchers a
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1 Introduction 

The geomechanical parameters of surrounding rock 
mass are of vital importance for the layout and supporting 
system planning, design, and construction in underground 
engineer ing. Due to the randomness, complexity, and spa-
tial diversity of geological mass, the estimation methods of
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geological parameters by field or laboratory experiments 
are not representative, leading to inaccurate stability eval-
uation and unreliable supporting system design. Numerical 
simulation has been a promising tool for stability analysis
and structural behavior prediction with real geological con-
ditions (Liu et al., 2023). While numerous accurate geolog-
ical parameters are required, such as Elastic modulus, 
cohesion, and Poisson’s ratio. Therefore, it is necessary 
to estimate such parameters accurately to construct the
actual numerical model for further analysis.
behalf of KeAi Communications Co. Ltd. 

mmons.org/licenses/by-nc-nd/4.0/). 

https://doi.org/10.1016/j.undsp.2024.08.002
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:wzchen@whrsm.ac.cn
https://doi.org/10.1016/j.undsp.2024.08.002
http://crossmark.crossref.org/dialog/?doi=10.1016/j.undsp.2024.08.002&domain=pdf


216 H. Li et al. / Underground Space 21 (2025) 215–231
The back analysis method, which estimates the geome-
chanical parameters by forward and backward procedures, 
is considered to be one of the most useful methods. It actu-
ally means a thought to acquire the inner relationship of 
geomechanical parameters and monitoring data first, and 
then according to the actual monitoring data, the geome-
chanical parameters are adjusted and updated to minimize
the fitness function, normally the error between the moni-
tored and calculated data. Generally, the back analysis
method can be subdivided into three categories (Qi & 
Fourie, 2018), including analytical or semi-analyti cal meth-
ods (Bertuzzi, 2017), numerical simulations (Luo et al.,
2018), and artificial intelligence (AI)-based methods (Li 
et al., 2023b; Chang et al., 2023). The analytical or semi-
analytical methods are based on the traditional 
convergence-confinement methods with lots of assump-
tions that are hard to meet (Chu et al., 2019). Numerical 
simulations including finite element method (FEM), dis-
crete element method (DEM), and finite discrete element 
method (FDEM) estimate the geomechanical parameters 
by trial and error. It requires repetitive computation to
obtain the calculated data and then compare it with the
actual monitoring data (Manzanal et al., 2016). If the error 
between them satisfies the minimum error threshold, the 
geological parameters corresponding to the computed data 
are regarded as the approximation of the actual condition. 
Updating will be carried out for the geomechanical param-
eters if the error does not meet the threshold. It is no doubt
time-consuming and redundant. AI-based back analysis
methods fully utilize the benefits of machine learning algo-
rithms (Mahmoodzadeh et al., 2021; Gao , 2020; Zhang
et al., 2021; Kashani et al., 2021). In the back-forward pro-
cedure, based on the dataset obtained from the forward 
analysis, the machine learning (ML) algorithms are used 
to explore the highly nonlinear relationship between the 
monitoring data and geomechanical parameters. Neverthe-
less, the performance and generalization of the trained ML
model depend mainly on the quality of the provided data-
set. It seems to be impossible to reflect the high-order rela-
tionship without overfitting based on the small samples
(Ding et al., 2020). 

Currently, the data augmentation algorithms include 
geometric transformations, window cropping (Iwana & 
Uchida, 2021), random forest (RF) (Zhang et al., 2022), 
support vector machine (SVM), and some ne ural
network-based algorithms (Goodfellow et al., 2014;
Radford et al., 2015; Zhu et al., 2017), such as artificial 
neural networks (ANNs) (Bani-Hani, 2007; Ni & Li,
2016), generative adversarial networks (GANs), deep neu-
ral networks (DNNs) and convolution neural networks
(CNNs) (Oh et al., 2020; Zhang et al., 2019). Particularly, 
deep convolution generative adversarial network 
(DCGAN) has been proven to exhibit excellent perfor-
mance in mining the high-dimensional a nd nonlinear distri-
bution characteristics of the relationship between the input
and output data (Mao et al., 2021). Conditional GAN 
(CGAN) added class label constraints to the original
GAN, making the samples generated by GAN more con-
trollable (Mirza & Osindero, 2014). Based on CGAN, aux-
iliary classifier generative adversarial network (ACGAN) 
enhances sample generation quality by incorporating label 
information into the inpu t of the generator, allowing for
the production of multi-mode and high-quality samples
(Zou et al., 2020). Additionally, the discriminator in 
ACGAN is capable of discerning both sample authenticity
and category (Odena et al., 2017). GANs were widely 
applied in various fields, especially in image processing, 
natural language processing, and anomaly detection
(Fahimi et al., 2020; Lee et al., 2019). By training the struc-
tural probability distribution of samples, GANs can gener-
ate a new dataset which follows the distribution 
characteristics of real sampl e data. The above algorithms
are mainly applied to sequential data or image data
(Argilaga, 2023; Kim et al., 2023). For the dataset between 
the geomechanical parameters of surrounding rock mass 
and the stability response, the numerical experimental 
groups of geomechanical parameters are usually obtained
from Latin hypercube sampling technology (McKay 
et al., 1979), orthogonal experimental design (Zhao et al.,
2020), uniform design (Xiong et al., 2019), and random 
generation (Sun et al., 2023). They are discrete and may 
be independent. Specifically, the stability response values 
of the surrounding rock mass used for back analysis are 
normally deterministic values of a certa in time, such as
the computed values when the specific floor of the under-
ground powerhouse is excavated and the mechanics
response is stable (Li et al., 2023a). Due to the time-
consuming computation of numerical simulation and low 
accuracy of measured data, combination of various sources 
of data also cannot meet the requirement of machine learn-
ing algorithms. It is essential to enhance discrete datasets
by fully mining the probability distribution of real data.
The improvement based on ACGAN is essential for dis-
crete data augmentation.

In this study, to address the inherent challenges in 
underground engineering analysis, particularly the time-
consuming nature of numerical simulations, the low accu-
racy of measured data, and the scarcity of comprehensive 
datasets, we propose an innovative back analysis frame-
work tailored for small sample sizes. The scarcity of 
sequential enriched data during the actual construction 
process poses a significant barrier to the application of 
advanced machine learning algorithms. To overcome this 
limitation, we introduce a multi-faceted back analysis 
approach that combines data augmentation with advanced 
optimization and machine learning techniques. The 
ACGAN-based algorithms are first employed to generate 
synthetic yet realistic samples that adhere to the underlying 
probability distribution of the original data, thereby 
expanding the dataset and mitigating the impact of small 
sample sizes. Then, the optimized particle swarm optimiza-
tion (OPSO)-SVM algorithm is used as the tool for mining
the intricate nonlinear relationship between the input and
output data, and this hybrid OPSO-SVM algorithm serves
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as a substitute tool for not only uncovering these relation-
ships but also optimizing the geomechanical parameters to 
minimize the discrepancy between calculated and moni-
tored displacement values. As a case study, the proposed 
framework is verified on a representative underground 
engineering project by comparing the inversed accu racy.
This work not only contributes to the advancement of
underground engineering analysis under limited data con-
ditions but also provides a valuable reference for research-
ers and practitioners alike.

2 Methodology 

2.1 Convolutional neural network 

The concept of CNN was first proposed by Fukushima
in 1980 (Fukushima, 1980). In 1989, Lecun et al. improved 
it to solve the handwritten character recognition problem
(Lecun et al., 1989). Results showed that the improved net-
work performed much bette r than any other technique
(Lecun & Bottou, 1998). CNN can be regarded as the 
improvement of a conventional artificial neural network 
(ANN). The matrix-format data with pixel values, like 
the pixels of an image, which are dependent on each other, 
could benefit from the hierarchical feature extraction capa-
bilities of CNNs. For data with variations in the distribu-
tion and scale of features, CNNs can learn to handle 
such variations effectively, leading to more robust models. 
Besides, it is also adept in scenarios where the data exhibits 
spatial relationships or complex patterns that traditional 
models may struggle to capture. Compared with traditional 
ANN, the convolution layer, pooling layer, activation 
layer, and full connection layer constitute the hidden layers 
of CNN, and the combination of them with the input and 
output layers form the structure of CNN. Particularly, the 
alternating convolution layer and pooling layer are the key 
modules for feature extraction with high dimensions. By
setting the size of the convolution kernel
(length width depth, named ‘‘filter”), the original
matrix-format data is divided into various parts. After
the arithmetic operations between each block and filter,
the original data can be transferred into new feature maps
by moving filters throughout the input feature maps.
Lastly, the feature maps of convolution and pooling layers
are merged with a full connection layer, and then, the out-
put features are treated by the activation layer and trans-
ferred to the output layer. The typical architecture of
CNN is shown in Fig. 1. All the input information in 
CNN is essential to be processed into matrix form with pix-
els. For each pixel, it always has multi-channels corre-
sponding to various information. For example, a 
colorfully digital image has three channels and each chan-
nel means one of the primary colors, generally red, green, 
and blue. In each channel, the image constitutes a
matrix-formed pixel map with a single color. Thus, the
pixel of the color image includes three values correspond-
ing to the intensities in the three channels (Jiang et al.,
2023). For the non-image discrete data, different types of 
variables at the same position of the surrounding rock mass 
can be treated as ‘‘channels” and the variable values are
‘‘intensities” of each channel.

2.2 Generative adversarial network 

Learn from the minimax game theory, the GAN is a 
contest system containing two players (networks): a gener-
ator and a discriminator (Goodfellow et al., 2014). The 
generator of GAN is the tool to generate new data from 
the noise sampl e, and the discriminator is able to distin-
guish its true or false (see Fig. 2). Correspondingly, the 
generator updates until the generated data can trick the dis-
criminator, and the discriminator is trained until the true 
and false data can be identified. The ultimate aim of GANs 
is to reach Nash equilibrium by competition of the genera-
tor and discriminator during training. Assuming that a 
given data is x, z is the noise data, D( ) is the discriminator 
network, and the G( ) is the generator network. By training 
the input data and corresponding output data, the genera-
tor network will generate forged data for the given noise 
data (G(z)). Then, the discriminator network will judge 
the truth of the given data. Thus, D(G(z)) is the probability 
for the discriminator network to judge the generated data 
as true. On the one hand, the generator network is expected
to have a robust function to generate the data very close to
the true output information. While, on the other hand, the
discriminator has also been given high expectations to
identify the real information from the fake information.
It can be regarded as a game, in which the discriminator
attempts to maximize the discrimination accuracy (lgD
(x)) and the generator tries to minimize the probability
(lg(1 D(G(x)))) of data being identified as fake through
interactive computations. The loss function of the training
process is

min 
G 

max 
D 

V  D  G Ex pdata x lgD  x  

Ez pz z lg 1 D G z 1

where epresents the expectations of the specific data dis-
tribution; z is the noise distribution space ata is the
distribution space of the real data information without
noise.

E r 
pz ; P d

2.3 Auxiliary classifier generative adversarial network 

ACGAN is the extension of CGAN (Odena et al., 2 017), 
which receives the class conditions as input along with the 
data and classifies the dataset into different classes. It also 
replaces multilayer perceptron networks of the generator 
and discriminator with CNN architectures (Radford 
et al., 20 15), resulting in more robust performance on the 
feature extraction. The incorporation of class labels within 
the conditional generative adversarial network (CGAN) 
architecture directs the generator to produce data corre-
sponding to predefined class labels. ACGAN, an extension



218 H. Li et al. / Underground Space 21 (2025) 215–231

Fig. 1. Typical architectu re of CNN.

Fig. 2. Typical architecture of GAN.
of CGAN, innovatively omits the direct provision of class 
label data to the discriminator. Rather, the discriminator 
undergoes training to forecast the class labels associated 
with the data it assesses. This entails not only discern the
authenticity of the data but also accurately identify the
source or class label of the provided data (Odena et al.,
2017). The loss functions of source and label are defined as

LSource Ex pdata x lg P  S  real xreal 
Ez pz z lg P  S  generated xgenerated 2

LClass Ex pdata x lg P Class c  xreal 

Ez pz z lg P Class c xgenerated 3

where P  S  real xreal and P  S  generated xgenerated are 
the probabilities that the real data is judged to be true 

d the fake data identified as false, respectively; 
P Class c  xreal an d P Class c xgenerated represent the

category probabilities of the real and generated data,
respectively. The training process is to maximum

an is 
urce LClass for the discriminator, and to maximum 
ass LSource for the generator.

LSo 
LCl 

The ACGAN has been proven to have more outstand-
ing capability to augment data and resolve data imbalance
(Ding et al., 2022; Li et al., 2022). Different from GAN, the 
convolution layer, the batch normalization layer, and the 
activation layer constitute the structure of ACGAN. The 
convolution layer is used for feature extraction. The origi-
nal data will be centralized, and the training efficiency can 
be improved by introducing the normalization layer. The 
activation layers are applied to all layers, while the activa-
tion function LeakyReLU is utilized in all layers apart 
from the output layers of the generator and discriminator 
networks. The activation functions Sigmoid and softmax 
are used in the output layer of the discriminator to identify
the real data and category of provided sample, respectively.
Figure 3 shows the general structure of the ACGAN used 
in this study. For the discrete data, the original data is first 
reconstructed into a matrix with the shape of 1 n 1 for 
a signal sample. The value of each pixel is the value for the



H. Li et al. / Underground Space 21 (2025) 215–231 219

Fig. 3. Architecture of the ACGAN used in this study.
nth variable. The input of the generator is the combination 
of noise data and multiple label information for various 
variables, and the output is the generated values of sam-
ples. For the discriminator, the input is the data whose 
scale is the same as the original data, and the output
includes the authenticity that the discriminator judges for
the input data and the predicted labels of variables.

2.4 Framework of the comprehensive back analysis technique 

Particle swarm optimization (PSO) is one of the most 
popular algorithms to solve the optimization problem in
geotechnical engineering (Khatti et al., 2024). It is inspired 
by the animal foraging behavior and was first proposed by
Eberhart and Kennedy (1995). Due to the nonadjustable 
learning ability and the diminishing searching area during 
iteration, the traditional PSO algorithm has been improved
by us from two aspects, namely optimized particle swarm
optimization (OPSO) (Li et al., 2023b). The SVM method 
has been proven to have good performance on feature 
extraction based on small datasets. However, the general-
ization of the SVM model is mainly affected by the hyper-
parameters of the algorithms. The trial-and-error method 
is no doubt time-consuming and inefficient. Meanwhile,
the estimation of the hyperparameters can be regarded as
an optimization problem, which can be figured out with
the aid of OPSO. Therefore, the combination of OPSO
and SVM is used for the optimization of geomechanical 
parame ters corresponding to the real structural response.

As aforementioned, the ACGAN is of potential to gen-
erate additional data that is in conicoid with the inherent 
regularity of the initial samples. The generated samples 
enrich the training database to avoid over- or under-
fitting. Based on the augmented database, the novel back 
analysis method OPSO-SVM is employed to mine the com-
plex relationship and then earn the optimal parameters set 
by the intelligent optimization algorithm. Thereafter, a
multi-faceted back analysis approach combining data aug-
mentation with advanced optimization and machine learn-
ing techniques is proposed to inverse the rock parameters
corresponding to the monitored data. The framework is
presented in Fig. 4, including three steps, i.e., data genera-
tion in phase I, hyperparameters optimization in phase II,
and geomechanical parameters estimation in phase III. In
Fig. 4, C is the penalty coefficient of the objective function; 
r2 is the coeffici ent of the kernel function; e is the slack
variable.

3 Case study 

3.1 Data source 

To demonstrate the performance of the proposed data 
augmentation method and the back analysis technique
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Fig. 4. Framework of the back analysis technique.

Table 1 
Physical and mechanical parameter s of rock mass.

Parameters (Unit) Lithology Values 

Density, q (kg/m3 ) – 2500 
Friction angle, u (°) Hard rock 40 

Soft rock 30 
Lateral coefficient, k – 1.2 
Poisson’s ratio, m Hard rock 0.25 

Soft rock 0.35 
Elastic modulus, E (GPa) Hard rock 6–10 

Soft rock 1–3 
Cohesion, c (MPa) Hard rock 2–4 

Soft rock 0.6–2.0 
based on the OPSO-SVM algorithm, a case study is intro-
duced in this section. The case is a tunnel project, in which 
the tunnel is buried in an interlayered soft-hard surround-
ing rock mass. The diameter of the tunnel is 16 m with a 
buried depth of 230 m. The FEM is used to calculate the 
mechanical response. To eliminate the boundary effect, 
the model is built as 180 m (width) 200 m 
(length) 150 m (height). The behavior of the surrounding 
rock mass is based on the elastoplastic theory and adheres 
to the Mohr–Coulomb failure criteri on. Four sides of the
model are constrained in the normal direction, and the bot-
tom side is restrained in three directions. The buried effect
of the rock mass 200 m above the upper surface is simu-
lated by a compressive stress of 5 MPa. The elastic moduli
and cohesions are regarded as the parameters to be
inversed. The searching ranges and the settings of other
parameters are all tabulated in Table 1. 

To verify the feasibility of the numerical model and con-
stitutive relations used in this article, we compare the 
numerical deformation characteristics of interlayered soft-
hard rock mass under the lateral coefficient of 0.6, 1.0,
and 1.5 with in situ ones. As shown in Fig. 5, the lateral 
coefficient has a vital influence on the deformation distribu-
tion features of the rock mass. The distribution of deforma-
tion has clear asymmetric features, showing the squeezing 
failure of the soft rock into the free surface. For example, 
when the horizontal stress is 1.5 tim es the vertical stress,
the excavated tunnel is squeezed into an ellipse along the
vertical orientation, resulting from the horizontal conver-
gence of the soft rock mass. On the contrary, when the hor-
izontal stress is 0.6 times the vertical stress, the maximum 
deformation of the surrounding rock mass is located in 
the soft rock atop the tunnel, resulting in an ellipse tunnel 
section along the horizontal direction. The deformation
features are consistent with the in-situ observations
reported by other researchers (Blümling et al., 2007;
Chen et al., 2019; Xu et al., 2020). 

As a common and accessible monitoring parameter, dis-
placement of surrounding rock mass resulting from the 
tunnel excavation is applied for the back analysis of geome-
chanical parameters. Four monitoring points in the soft 
and hard rocks are selected in this study, whose positions
are shown in Fig. 6, and the orthogonal experiment design 
is adopted to generate the parameter groups for the moni-
tored displacement data. Because of the inefficient numeri-
cal analysis, only 25 parameter groups are generated, and
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Fig. 5. Deformation characteristics of the surrounding rock mass with the lateral coefficient. (a) k = 0.6, (b) k = 1.0, and (c) k = 1.5. Note: (1) The elastic 
moduli of hard and soft rocks are 8.5 and 2.6 GPa, respectively, the cohesions of hard and soft rocks are 3.2 and 1.6 MPa, respectively, and other
parameters are defined as Table 1; (2) CSYS-1 means the name of local coordinate system; (3) U1 represents the radial displacement.
the corresponding convergence responses at the four mon-
itoring points are recorded.

3.2 Data preprocessing 

Table 2 presents the 25 samples generated by the orthog-
onal experiment design. As shown in this table, each group 
of geomechanical parameters corresponds to four conver-
gence values at the specific monitoring points. For this 
study, the training process of ACGAN aims to generate 
sufficient and precise datasets that follow the distribution 
of the original data. As aforementioned, the input of 
ACGAN is commonly matrix-format data with pixel val-
ues. To generate new data that obeys the logical relation-
ship of the provided data record, each result data can be
regarded as the parameter combination with four labels.
That is, for each numerical model, the four convergences
Fig. 6. Schematic diagram of numerical model. (a) Geometric parameters o
are rebuilt into an ‘‘image” with the size of 1 4 1 
(one row, four columns and one channel in depth), and cor-
respondingly, this data belongs to four labels classification. 
Furthermore, the geomechanical parameters are all divided 
into five categories to carry out the orthogonal experiment, 
thus, the parameters of different v alues are labeled as five
classes. For example, as shown in Fig. 7 and Table 3, each 
pixel of the input data is the corresponding convergence 
value of geomechanical parameter sets and each geome-
chanical parameter set owns its specific multilabel . Specifi-
cally, as shown in Table 3, for elastic moduli of hard rock 
(Label 1), levels 0–4 represent the values of 6, 7, 8, 9, and 10 
GPa, respectively; for cohesions of hard rock (Label 2), 
levels 0–4 represent the values of 2.0, 2.5, 3.0, 3.5, and 
4.0 MPa, respectively; for elastic moduli of soft rock (Label 
3), levels 0–4 represent the values of 1.0, 1.5, 2.0, 2.5, and
3.0 GPa, respectively; for cohesions of soft rock (Label
f the numeric al model, and (b) position of the four monitoring points.
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4), levels 0–4 represent the values of 0.60, 0.95, 1.30, 1.65, 
and 2 MPa, respectively. Therefore, the feature extraction 
of ACGAN is transferred into the problem of training 
the parameter groups with the labels, and the process for
new data generation is then the prediction of generator
when given the label combination.
3.3 Results and verification 

3.3.1 Verification of the data augmentation technique 

The size of the ‘‘filter” in the generator is 3, the stride 
size is 2, and the treatment to pad the data with zero is 
applied to ensure the size consistency of the feature maps. 
The output values for each layer are activated by the acti-
vation function LeakyReLU, and then fed to the next 
layer. Batch normalization layers are conducted in both 
the generator and the discriminator to improve the training 
efficiency. For the discriminator, the size of the conv olution
kernels is 3, and the convolution stride is 2. Dropout layers
with a dropout ratio of 20% follow each convolution layer
to avoid overfitting. The output layers include the proba-
bility of the input data to be true, and the four labels acti-
vated by the activation functions Sigmoid and Softmax,
respectively. The detailed structure can be seen in Fig. 3. 
After 10 000 iterations on the basis of the technique 
‘‘Adam” , the generator and the discriminator are all of
Table 2 
Samples generated by the orthogonal experiment design and calculated throug

No. Elastic modulus of 
hard rock (GPa)

Cohesion of 
hard rock (MPa)

Elastic modulus of 
soft rock (GPa)

Cohesi
rock (M

1 8 2.0 2.5 1.30
2 6 2.0 1.0 0.60
3 6 3.5 1.5 0.95
4 9 4.0 1.0 0.95
5 10 3.5 2.0 0.60
6 9 3.5 2.5 2.00
7 7 3.5 1.0 1.30
8 8 2.5 1.0 2.00
9 9 3.0 1.5 1.30
10 9 2.5 3.0 0.60
11 7 2.0 3.0 0.95
12 10 3.0 1.0 1.65
13 10 2.0 1.5 2.00
14 7 3.0 2.5 0.60
15 9 2.0 2.0 1.65
16 10 2.5 2.5 0.95
17 7 4.0 2.0 2.00
18 6 4.0 2.5 1.65
19 8 3.0 2.0 0.95
20 8 3.5 3.0 1.65
21 6 2.5 2.0 1.30
22 10 4.0 3.0 1.30
23 8 4.0 1.5 0.60
24 6 3.0 3.0 2.00
25 7 2.5 1.5 1.65
promising performances on the generation of authentic 
data and the discrimination of the authenticity for the 
input data, respectively. The evolut ion curves of the loss
functions Discriminator and Generator during the training
process are shown in Fig. 8, which indicates that the loss 
values decrease rapidly at the initial training stage and then 
decrease gradually as the iterative number increases. 
Specifically, the loss functions become stable until after 
many iterations, which is severely affected by the hyperpa-
rameters of the proposed model, and for faster convergence
speed, the hyperparameters need to be estimated through
optimization algorithms, which is also a further study for
us.

To evaluate the model performance, five indices are pro-
posed, including the root mean squared error (RMSE), 
determination coefficient (R2 ), relative error , variance 
accounted for (VAF), and A-20 index (IA-20). The functions
are described as follows:

(d) 

RMSE 1 
n 

n 

i 1 
yi y i

2 4

R2 1 
n 
i 1 yi yi 

2 

n 
i 1 y i yi

2
5

d 
yi yi 
yi 

100 6
h numerical analysis.

on of soft 
Pa)

Convergence 
of S 1
(mm)

Convergence 
of S 2
(mm)

Convergence 
of H 1
(mm)

Convergence 
of H 2
(mm)

12.85 20.93 9.96 6.09 
33.69 53.72 14.93 8.17 
21.37 34.00 13.46 7.63 
27.20 42.73 9.94 4.79 
17.32 28.32 8.48 4.53 
11.49 18.18 8.67 5.08 
26.13 41.43 12.15 6.31 
25.26 38.86 10.89 5.67 
17.98 28.72 9.28 4.99 
13.04 21.66 8.95 5.21 
12.42 20.49 11.11 6.92 
24.44 37.66 8.95 4.37 
17.56 27.11 8.68 4.86 
15.89 26.58 11.39 6.65 
14.06 22.25 9.03 5.22 
13.04 20.63 8.12 4.64 
14.45 22.90 11.11 6.54 
12.62 20.46 12.48 7.68 
16.21 25.73 10.12 5.73 
10.25 16.50 9.46 5.75 
16.07 26.21 12.98 7.75 
9.74 15.47 7.74 4.58 
22.45 36.14 10.64 5.64 
11.02 18.13 12.27 7.68 
18.52 29.22 11.55 6.56 
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Fig. 7. Schematic diagram of the data preprocessing to train with ACGAN.

Table 3 
Detailed categories of the preprocessing data.

Level Elastic modulus of hard rock (GPa) Cohesion of hard rock (MPa) Elastic modulus of soft rock (GPa) Cohesion of soft rock (MPa)

0 6 2.0 1.0 0.60 
1 7 2.5 1.5 0.95 
2 8 3.0 2.0 1.30 
3 9 3.5 2.5 1.65 
4 10 4.0 3.0 2.00 
VAF 1 var yi yi 
var y i

100 7

IA–20 
m20 

N 
8

where and represent the predicted and real values, 
respectively; is the mean of real values; n is the number 
of sample points; m20 means the number of sampl es whose
predicted values fall within 0.8 to 1.2 times the true values;
N is the number of given samples.

yi yi 
y i 

During the data generation process to generate new data 
that adheres to the original nonlinear mapping relationship 
using the ACGAN algorithm, the training dataset is used 
for the training of the ACGAN model, and the testing
dataset serves as an evaluation tool to validate the trained
Fig. 8. Evolution curves of the loss function for the ACGAN.
model. In order to investigate the impact of different split 
ratios on the generation capability of ACGAN, we further 
divide the initial datasets into ratios of 8∶2, 7∶3 and 6∶4. It 
should be noted that all parameter settings for the
ACGAN algorithm remain consistent throughout this
study. The generated samples are compared with the pro-
vided initial data, and the relative erro d) is analyzed
and presented in Fig. 9. It can be observed that when uti-
lizing a split ratio of 8∶2, there exists consistently lower rel-
ative error across all monitoring points compared to other 
split ratios such as 7∶3  or  6∶4. This suggests that a smaller 
quantity of training data is insuffi cient for effectively cap-
turing and mining the inner relationships among variables
within this algorithmic framework. Therefore, we divide
the numerical dataset into training and testing datasets
with the ratio of 8∶2.

r ( 

Figure 10 shows the comparison of the true values with 
the generated ones based on the ACGAN algorithm. In 
these figures, the horizontal coordinates (x) are the true 
convergences calculated by the numerical method, and 
the vertical coordinates (y) represent the generated values 
of the trained ACGAN model. The red lines are the best-
fitting lines of the points composed of true and generated 
convergences. The green lines represent the lines in 
which x equals y. Taking into consideration the compar-
ison of the convergence on the monitoring point S1, all 
the sample points lie near the 45° diagonal with an R2 value 
of 0.96, which indicates remarkable agreement between the 
two sets of results. As for the convergence on the monitor-
ing point H2, the sample points are slightly deviated from
the 45° diagonal, but still along the y = x line with an R2

value of 0.86 and an RMSE value of 0.43. From the figures
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Fig. 9. Influence of the split ratio on the generation performance of the ACGAN.
illustrated in this study, all the generated values agree 
remarkably with the corresponding provided values with 
a mean R2 value of nearly 0.94. Moreover, the slopes of 
the best-fitting lines are all close to 1 with a correlation
coefficient no less than 0.9, indicating the feasibility of
the data augmentation technique in data generation with-
out reductant numerical analysis.

The index called the relative error (Eq. (6)) is also raised 
to discuss the performances of the data augmentation tech-
niques (ACGAN, AE and SVM algorithms). As shown in
Fig. 11, for ACGAN, the relative error of the augmented 
and original 25 sample data is almost within 15%, and 
the average relative errors for the four points are all below 
6%, which are smaller than those of the other two algo-
rithms, demonstrating the validity of the generation ability
of ACGAN for synthetic data.
3.3.2 Performance of intelligent models trained by various 
datasets 

To validate the superiority of the proposed OPSO-SVM 
algorithm on the data prediction, the performances of the 
universal machine learning algorithms are compared based 
on four indices. Due to the limit ation to the paper length,
the detailed theories are introduced in other studies. Three
algorithms including multiple linear regression (MLR)
(Montgomery et al., 2012), OPSO-SVM algorithms (Li 
et al., 2023a), the PSO-artificial neural network (AN N)
algorithm (McCulloch et al., 1943; Lecun et al., 2015), 
and the ensemble algorithm integrating LightGBM (Ke 
et al., 2017; Liang et al., 2020), XGBoost (Chen & 
Guestrin, 2016; Zhu et al., 2024), CatBoost (Hancock & 
Khoshgoftaar, 2020) and NGBoost algorithm s (Duan 
et al., 2020) are trained on 25 origi nal datasets and 625
generated datasets. The 25 samples are partitioned into 
training and testing datasets by the ratio of 8:2, while the 
625 samples are divided into training, validation and test-
ing datasets at a ratio of 6∶2∶2. To evaluate the trained 
model fairly, apart from the sample size, all of the param-
eter settings are the same for the same algorithm. The 
searching ranges of the hyperparameters of the SVM algo-
rithm are C = [0.01, 1000], r2 = [0.1, 10], and e = [10 8 , 
0.1]. The parameters in the OPSO algorithm are set as fol-
lows: the learning rates are 2, and the minimum and the 
maximum of the inertia weights are 0.4 and 0.9, respec-
tively. The customized time node is set as 150 and the iter-
ation will be terminated after 200 times. The initial particle
number is 20, and 30% of the particles will be reinitialized
at each iteration. The parameter settings are default for
MLR, LightGBM, XGBoost, CatBoost and NGBoost
algorithms. The ANN is designed as four fully connected
layers, in which the PSO is applied for the optimum of
the quantity of the neurons. To be fair, the PSO hyperpa-
rameters and the particle characteristics are the same as
those set in the OPSO-SVM algorithm.

Comparisons of the performance for the six algorithms 
are exhibited in Fig. 12. It can be seen that for each algo-
rithm, the model trained with the augmented dataset per-
forms much better than that trained with the original 
insufficient dataset, which indicates the feasibility and 
robustness of the proposed data augmentation method 
for the underground engineering data. Besides, due to the 
superiority of the SVM model in small datasets and the 
optimization capability of the OPSO algorithm in hyperpa-
rameter optimization, the remarkable performance of the 
OPSO-SVM algorithm is also validated with higher R2 , 
VAF, and IA-20 values compared to other algorithms. In
addition, because of the augmented dataset, the OPSO-
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Fig. 10. Comparison of convergence displacement calculated by ACGAN data augmentation technique and by the FEM on the monitoring point (a) S1,
(b) S2, (b) H1, and (c) H2.

Fig. 11. Relative error of the sample data. (a) Scatter diagram for ACGAN, (b) violin diagram for ACGAN , (c) violin diagram for AE, and (d) violin
diagram for SVM data augmentation algorithms.
SVM model trained by 625 samples outperforms the other 
seven models with the lowest RMSE and highest R2, VAF,
and IA-20 values.
Figures 13 and 14 show the comparison between the 
monitored convergence values and the predicted ones on 
the training, testing, and validation datasets, in which the
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Fig. 12. Evaluation of various algorith ms based on four indices.
horizontal axis (x-axis) represents the monitored conver-
gence used for the OPSO-SVM model training, and the ver-
tical axis (y-axis) indicates the values predicted by the 
OPSO-SVM trained model with various data of different 
quantities. Results show that the prediction performance 
of the OPSO-SVM model trained by 25 samples is obvi-
ously worse than that trained by 625 sample data. For 
exampl e, for the former model, the points representing con-
vergence values of the monitoring point S1 on the training
dataset distribute along the 1∶1 line with an R2 value of 0.97
and an RMSE value of 0.97. Moreover, as shown in Fig. 13 
Fig. 13. Comparison of the convergence values predicted by the OPSO-SVM
dataset for the point (a) S1, (b) S2, (c) H1, and (d) H2.
(c), the predicted convergence values on point H1 of the 
training dataset deviate from the diagonal a lot with the 
best fitting line being y = 0.88x + 1.92. Besides, the R2 

of the points with the y = x line is just 0.82. For the model 
trained with 625 samples, the monitored and predicted val-
ues are almost conicoid with the y = x line no matter they
are on the training, validation, or testing datasets. Figure 1 4
(a) shows the results on the three datasets for the conver-
gence values at point S1. It indicates that the function of 
the best-fitting line is just y = x, and the mean R2 and 
RMSE for this line with the points are 0.998 and 0.243, 
respectively. Besides, compared to the performance of the 
OPSO-SVM model trained with 25 samples, the predicted 
convergence values for all points are in consistent with 
the monitored values with the R2 very close to 1, indicating 
promising predictive ability. The rel ative errors of the two
models on the training, validation and testing datasets are
also compared in Figs. 15 and 16. It can be seen that the 
relative errors of the model trained by 25 samples are 
almost within 20%. Nevertheless, the relative errors for 
the model trained with 625 samples are nearly no more 
than 5% on the training, testing and validation datasets. 
Furthermore, the statistical interpretations of the relative 
error s for the two models on the training dataset are exhib-
ited in Fig. 17. It reveals that the prediction capability of
 model trained with 25 samples and the monitored values on the training 
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Fig. 14. Comparison of the convergence values predicted by the OPSO-SVM model trained with 625 samples and the monitored values at the point (a) S1,
(b) S2, (c) H1, and (d) H2.

Fig. 15. Relative error of the monitored and predicted convergence values based on 25 samples on the (a) training, and (b) testing datasets.
the model trained with 25 samples is much more unstable 
and this trained model has higher error means than that 
of the model trained with 625 samples. Spe cifically, the pre-
dicted relative error has been reduced from 8.54% to 0.78%
for point S2, and the mean relative error decreases from
5.2% to 0.82%. In this regard, the OPSO-SVM algorithm 
is generally of satisfying potential in displacement predic-
tion based on the small datasets. In addition, the quantity 
of samples is the key factor affecting the prediction capabil-
ity and generalization. A large number of training datasets
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Fig. 16. Relative error of the monitored and predicted convergence values based on 625 samples on the (a) training, (b) testing, and (c) validation datasets.

Fig. 17. Violin diagrams of the relative error for the training dataset based on (a) 25 samples, and (b) 625 samples.
benefit the algorithm in mining more inner information of 
data and building highly nonlinear mapping relationships
of variables.

3.3.3 Back analysis of geomechanical parameters 

Displacement back analysis represents a robust 
approach for expedient and accurate estimation of geome-
chanical parameters. These parameters, critical for the sta-
bility assessment of surrounding rock masses during 
construction, are often challenging to obtain through 
experimental means. They encompass elastic properties, 
plasticity characteristics, damage parameters, rheological
properties, etc. The determination of geomechanical
parameters through back analysis can be formulated as
an optimization problem, with the objective of minimizing
errors between calculated and observed displacements. 
Thus, the optimal values of these parameters correspond 
to those yielding calculated displacements closely matching 
the observed ones. The iterative nature of back analysis 
aims to iteratively derive a set of geomechanical parame-

ters, namely x1 x2 xm
T
, such that the following

formula can be approximated:

X 

f X min f X min 
n 

i 1 
ui ui X 

2
9

where f is the fitness function, ui mean he true 
displacements at the ith monitoring point, and ui X repre-
sents the calcul d displacements for specific geomechani-

cal parameters X x1 x2 xm
T (m is the number of

s t 

ate
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geomechanical parameters to be inversed) at the ith moni-
toring point.

In this study, the realities of the geomechanical param-
eters are assumed as 8 GPa, 3.2 MPa, 2.6 GPa, and 
1.6 MPa, and the corresponding real monitored conver-
gence are 11.28, 17.94, 9.09, and 5.40 mm, respectively. 
Based on the two trained OPSO-SVM models, the reduc-
tant and time-consuming numerical analysis is replac ed
by the substitute model. Then, the OPSO algorithm is
applied to the estimation of the optimal geomechanical
parameter sets. Finally, the back analysis capabilities of
the two models are also discussed. As shown in Fig. 18, 
compared with the assumed real geomechanical values, 
the inversed model based on 625 samples augmented by 
the ACGAN algorithm performs much better than that 
on 25 numerical samples, showing more precise inversed 
parameters. It indicates the importance of the quantity 
and quality of the training datasets. The relative error of
the predicted and actually monitored convergence values
also indicates the superiority of the model trained by 625
samples (as shown in Fig. 19). Specifically, the parameters
Fig. 18. Comparison of the inversed geomechanical parameters based on 
the OPSO-SVM model trained with 25 and 625 samples.

Fig. 19. Relative errors of the predicted convergence values versus the 
assumed real values based on the models trained with different sample
sizes.
nal datasets.

setting of the OPSO algorithms are all the same for the two 
cases, and the only difference lies in the sample size for 
model training. Meanwhile, the relative errors correspond-
ing to the inversed geomechanical parameters show an 
obvious discrepancy. The average relative error based on
25 data is nearly 0.69%, and that based on 625 data is only
0.01%, which is almost 70 times smaller than that of the
frontier, indicating better inversion parameters.

4 Conclusions 

The present paper proposes a multi-faceted back analy-
sis approach that combines data augmentation with 
advanced optimization and machine learning techniques 
addressing the scarcity of sequential enriched data during 
the actual construction process. To mitigate the risk of 
over- or under-fitting, we employ the ACGAN algorithm 
to generate a new database that aligns with the inherent
relationship within the initial datasets. We validate the fea-
sibility of the data augmentation technique and investigate
the performance of our developed OPSO-SVM algorithm
across different sample sizes. Our primary conclusions are
as follows.

(1) The developed ACGAN model exhibits satisfactory 
performance in augmenting discrete databases com-
prising geomechanical parame ters and corresponding
convergence values of surrounding rock mass.

(2) A larger training database quantity proves conduc-
tive for modeling relationships between geomechan i-
cal parameters and displacement values.

(3) The OPSO-SVM model outperforms both MLR, 
PSO-ANN, and ensemble algorithms in pre dicting
displacements of surrounding rock mass.

(4) The back analysis method uniting the augmentation 
algorithm with the OPSO-SVM machine learni ng
technique shows robust potentiality on limited origi-
energy dissipation.
(2)

data.

5 Limitations and further research 

This study has some limitations, and they are illustrated
as follows.

(1) Only the convergence values of the surrounding rock 
mass are utilized to inverse the geomechanical param-
eters, neglecting the influence of strain, stress, and

The proposed back analysis method is the determin-
istic inversion method, neglecting the randomnes s
and diversity of the geomechanical parameters.

(3) The proposed model is based on artificial numerical 
dataset, ignoring the noise like experimental or field
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draft, Visualization, Validation, Methodology, Conceptu-

Thereafter, a probabilistic back analysis method consid-
ering more experimental or in situ monit ored variables will
be developed in our future research.
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