o.)

Check for

Available online at www.sciencedirect.com

Ko [ Sme]

Underground Space

ScienceDirect

updates

Underground Space 20 (2025) 100-118 Ve
www.keaipublishing.com/undsp

Research Paper

Hybrid deep learning approach for rock tunnel deformation
prediction based on spatio-temporal patterns

[e d [e : : b b
Junfeng Sun®, Yong Fang™®*, Hu Luo®, Zhigang Yao ", Long Xiang °, Jianfeng Wang ",
Yubo Wang®, Yifan Jiang*®
@ State Key Laboratory of Intelligent Geotechnics and Tunnelling, Southwest Jiaotong University, Chengdu 610031, China
Y Sichuan Highway Planning, Survey, Design and Research Institute, Chengdu 610041, China

Received 1 February 2024; received in revised form 2 April 2024; accepted 26 April 2024
Available online 17 August 2024

Abstract

The ability to predict tunnel deformation holds great significance for ensuring the reliability, safety, and sustainability of tunnel struc-
tures. However, existing deformation prediction models often simplify or overlook the impact of spatial characteristics on deformation
by treating it as a time series prediction issue. This study utilizes monitoring data from the Grand Canyon Tunnel and introduces an
effective data-driven method for predicting tunnel deformation based on the spatio-temporal characteristics of the historical deformation
of adjacent sections. The proposed model, a combination of graph attention network (GAT) and bidirectional long and short-term mem-
ory network (Bi-LSTM), is equipped with robust spatio-temporal predictive capabilities. Additionally, the study explores other possible
spatial connections and the scalability of the model. The results indicate that the proposed model outperforms other deep learning mod-
els, achieving favorable root mean square error (RMSE), mean absolute error (MAE), and coefficient of determination (R?) values of
0.34 mm, 0.23 mm, and 0.94, respectively. The graph structure based on intuitive spatial connections proves more suitable for meeting
the challenges of predicting deformation. Integrating GAT-LSTM with transfer learning technology, remains stable performance when

extended to other tunnels with limited data.
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1 Introduction

In underground engineering, convergence displacement
is one of the most immediate responses of surrounding
rock following tunnel excavation (Xiao et al., 2018;
Wang et al., 2024b; Zhang et al., 2024). The construction
process can easily disturb the surrounding rock strata,
leading to the redistribution of stress in the soil around
the excavation surface (Miao et al., 2021; Li, 2014; Feng
et al., 2022; Zhang et al., 2022). Peripheral convergence dis-
placement arises under the influence of the radial stress and
shear stress of the tunnel. As the displacement increases,
the surrounding shear stress also increases, triggering
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changes in the stress of the adjacent soil layers due to this
adjustment. Stability is not achieved until the stress reaches
a new equilibrium state (J. Li et al., 2023; Wu et al., 2023;
lasiello et al., 2021). Additionally, the creep characteristics
of the soil itself can also contribute to tunnel displacement
(Liu et al., 2011, 2017; Yu et al., 2018). Hence, monitoring
displacement changes is very important for evaluating the
stability of the surrounding rock, adjusting the construc-
tion state, and mitigating construction risks. However,
monitoring equipment in rock tunnels may be difficult
due to environmental conditions, and the manual judgment
of impending potential abnormal deformation based on
existing monitoring data is also subject to a certain degree
of latency. Therefore, predicting the deformation of sur-
rounding rock as an auxiliary means of assessing tunnel
stability becomes essential.
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The finite element model (Mu et al., 2021; Deng et al.,
2023) and the finite difference model (Guo et al., 2023; Li
et al., 2019; F. Chen et al., 2023) appear to be effective
methods of modeling a tunnel and simulating deformation
development. However, the stability of the surrounding
rock is influenced by numerous factors, including geologi-
cal conditions, construction methods, and human factors,
among others. The impact of these factors is often chal-
lenging to estimate precisely, and their interactions and
mutual constraints further compound the difficulty of
numerical simulation. Besides, empirical formula models
have been proposed to predict dynamic surface subsidence,
such as the Knothe time function model (Zhang et al.,
2020; Buczek et al., 2018; Hu et al., 2022) and the Weibull
model (Tu et al., 2005). These models derive approximate
fitting formulas for settlement primarily based on monitor-
ing data, but they fall short in capturing the internal com-
plexity of a rock mass structure, the influence of physical
and mechanical properties, and the predictive efficacy of
nonlinear trends in deformation. Consequently, they may
not be useful to provide valuable insights on-site.

With the increasing adoption of artificial intelligence
techniques, deep learning facilitates the resolution of
mechanical equations, particularly those involving complex
partial differential equations (Samaniego et al., 2020;
Anitescu et al., 2019). This methodology offers valuable
insights for addressing many engineering challenges. Due
to the complex environments in which tunnels are situated,
deformation variations are influenced by a multitude of
factors, making the mechanical behavior challenging to
constrain. Hence, data-driven machine learning methods
are widely favored for tunnel deformation prediction,
including support vector machines (Shi et al., 2019; Guo
et al., 2023), neural networks (Xiao et al., 2018; Xue
et al., 2021), and their derivative models (He et al., 2023).
However, each algorithm model has inherent limitations.
In response, a trend toward hybrid deep learning (Pan
et al., 2021; Jiang et al., 2013; Wei et al., 2012) has
emerged, leveraging the strengths of each method to
enhance accuracy and credibility. Nevertheless, many cur-
rent studies predominantly focus on the temporal charac-
teristics of deformation, often simplifying or neglecting
the spatial aspects (the geological changes in tunnels)
because geological exploration often provides only approx-
imate geological conditions, while the strata traversed by
tunnels are frequently complex in reality. It is also easy
to overlook potential threats in the formation when relying
solely on historical deformation data to predict the defor-
mation at a single measuring point. To tackle this issue,
the deformation of nearby measuring points in the tunnel
should be considered when the deformation at a specific
measuring point is being predicted. This approach obtains
the spatial changes of the measuring point and effectively
detects stratigraphic variations. Furthermore, leveraging
the understanding of tunnel spatial changes can overcome

the limitations in predicting a specific tunnel and facilitate
the extension of the method to predict deformation for
other tunnels. Hence, a comprehensive assessment of both
spatial and temporal changes in deformation, referred to as
spatio-temporal characteristics, can more accurately depict
formation conditions, ensuring operational safety and
offering valuable guidance for the project.

For this purpose, the graph attention neural network
(GAT) is extensively employed in predicting traffic flow
and landslide due to its excellent spatial feature learning
capability (Y. Chen et al., 2023; Kuang et al., 2022;
Khalili et al., 2023a). GAT relies on the attention mecha-
nism to capture complex spatial relationships more effec-
tively by adjusting the weights between different nodes
during learning (Y. Li et al., 2023; Zhou et al., 2021).
Simultaneously, GAT preserves the benefit inherent in
graph neural network (GNN), allowing the model to
dynamically apprehend the connections between nodes
by considering the local neighborhood information of
these nodes. This versatility makes GAT a potent tool
for handling graph data across a spectrum of practical
applications, including traffic prediction (Y. Chen et al.,
2023; Zhang & Jiao, 2023), recommendation systems
(Wang et al., 2019; Tao et al., 2020), social network mes-
sage propagation (Wu et al., 2020; Huang et al., 2020),
and semantic analysis (Xu et al., 2021). Additionally,
the bidirectional long and short-term memory network
(Bi-LSTM) can efficiently capture long-term dependencies
in time series data, enhancing the model’s understanding
of dynamic patterns in time series (Riyadi & Jasmir,
2023; Oliveira Santos et al., 2023). By integrating GAT
and Bi-LSTM networks, this study aims to develop a
hybrid deep learning model that enhances prediction accu-
racy by capturing spatial and temporal dependencies
among historical deformations. The proposed model can
help constructors identify potential deformation trends
and issues early on, guiding the design of support mea-
sures and adjustments to construction plans during the
tunneling process.

In this study, a GAT-LSTM network is proposed for
predicting the deformation of rock tunnels, particularly
in scenarios where geological conditions are relatively
stable. The subsequent sections provide an analysis of the
deformation data characteristics within the context of the
Grand Canyon Tunnel in China (Section 2) and establish
the GAT-LSTM model (Section 3), leveraging its spatial
and temporal correlations. Subsequently, the evaluation
(Section 4) and discussion (Section 5) include a demonstra-
tion of the superiority of this model over single time-series
prediction models or fundamental deep learning models, an
explanation of the effects of the different spatial connec-
tions of graph structured data on model performance,
and an exploration of the effect of integrating GAT-
LSTM with transfer learning for application to other
tunnels.
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2 Case study
2.1 Case background

The Grand Canyon Tunnel of the Ehan Expressway
spans approximately 12.1 km, starting from Leshan City
and ending at Ganluo County, Liangshan Yi Autonomous
Prefecture. It is classified as an extra-long tunnel. With a
maximum burial depth of 1944 m, it holds the distinction
of being the world’s deepest highway tunnel. The geologi-
cal composition, depicted in Fig. 1, primarily comprises
hard rock, mostly unweathered to slightly weathered dolo-
mite. The entrance section consists of quartz slate and
metamorphic sandstone, interspersed with carbonaceous
slate. Detailed rock mechanics parameters are provided
in Table 1.

2.2 Dataset collection and analysis

The training dataset comes from the recorded tunnel
deformation schedule detailed in the Grand Canyon Tun-
nel monitoring measurement report. The spacing between
each monitoring section ranges from approximately 10 to
20 m. Employing the total station, the monitoring point
location involves selecting three measurement points near
the tunnel vault to ascertain settlement values Si,S5,S;
and three points situated on both sides of the arch waist
and the vault to attain convergence values Cy, C,, C3, as
shown in Fig. 2(a). All measurement points undergo mon-
itoring until the deformation stabilizes. Figure 2(b) illus-
trates the temporal evolution of the cross-sectional
measurement point data at section ZK80 + 651, displaying
a trend of rapid increase followed by a slowdown and even-
tual stabilization. It is crucial to note that the settlement
and convergence values mentioned here represent cumula-
tive values.

Figure 3 depicts the average final settlement and conver-
gence across all sections on the left line. There appear to be
outliers between mileages ZK77 and ZK79 that warrant
consideration  during  subsequent  pre-processing.
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Moreover, sections between mileages ZK83 and ZK&84
underwent processing using the moving average method
(MA) with a window size of 3. This process revealed a rel-
atively continuous evolution of settlement across adjacent
sections, demonstrating spatial correlation of the dataset.
Figure 4 illustrates the distribution of the probability den-
sity function (PDF) of settlement and convergence values
for all sections over time. Most of the data exhibit an evi-
dent trend of increasing settlement/convergence values
over time, suggesting a clear temporal correlation of the
dataset. In addition, the distribution is more concentrated
within the first few days but becomes dispersed over an
extended period. This observation accentuates the chal-
lenge in predicting deformation, indicating the pressing
need for novel prediction methodologies.

The above analysis indicates that the deformation data-
set exhibits both temporal and spatial correlations. In other
words, the prediction of deformation can be conceptualized
as a spatio-temporal sequence problem. Based on this, sub-
sequent data pre-processing steps are implemented.

2.3 Data pre-processing

The raw data extracted from the report exhibit null val-
ues, outliers, and duplications, necessitating pre-processing
to enhance data quality. The proposed pre-processing
methods encompass data cleaning, normalization, and
reframing.

Data cleaning. In order to ensure that the information
fed into the model is precise and reliable, invalid entries
such as null values and duplicates must be addressed. First,
redundant data for repeated dates are consolidated, retain-
ing only one entry. Subsequently, for missing data in inter-
mediate measurement dates, a linear interpolation method
is employed. Considering the normal distribution charac-
teristics of the dataset (shown in Fig. 4), the 3-sigma rule
(Damine et al., 2023) serves as a screening tool to detect
outliers. This method efficiently identifies potential anoma-
lies or aberrations in the dataset. Eventually, the detected
outliers are eliminated directly.

- Ganluo County

-
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Fig. 1. Longitudinal section of geological condition in the Grand Canyon Tunnel (Luo et al., 2023).
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Table 1
Rock mechanics parameters (Luo et al., 2023).
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Surrounding rock classification Lithology Density (kN/m?) Elasticity modulus (GPa) Poisson’s ratio
A\ Fault zone 23.0 - -
v Quartzaceous slate 27.5 2.45 0.30
v Metamorphic sandstone 27.2 2.17 0.30
v Rhyolite 25.0 2.30 0.30
111 Dolomite 28.5 6.27 0.28
III Calcareous sandstone 27.3 3.19 0.28
| I
\ \ | 1
\ \\ \ | // / 0 Si Cy
N\ M\l [ ZK80+651 —— S —— G
\ X \\‘ VAR y / ) — S5 — G

o V2
‘\ P
~——— e~ — — | — — — —
—_—— :
Upper step excavation
————— Lower step excavation
—

(a)

02-14  02-19 0224 03-01 03-06 03-11 03-31

Date

(b)

03-16  03-21  03-26

Fig. 2. (a) Cross-sectional measuring point distribution, and (b) field data display for section ZK80 + 651.
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Fig. 3. Display of final settlement and convergence mean values of all section.

Data normalization. To reduce computational expenses
and improve the generalizability of the model, min-max
scaling (Tamunopiriye & O.E, 2023) is employed to nor-
malize the dataset by rescaling it within the range of [0,
1]. The formula for min—max scaling is as follows:

/ Xp — min (xl’)
X = B )
? max(x,) — min(x,)

(1)

where x, and x), represents the data and normalized data of
feature p respectively.

Data reframing. To convert the spatio-temporal
sequence problem into a supervised learning scenario, it

is essential to reconstruct the dataset into a window struc-
ture. Specifically, in predicting the value x_, of section s on
date ¢ + 1, the spatio-temporal data utilize a total of 2m + 1
adjacent sections over the past n days. This window struc-
ture is denoted as [2m + 1,n] and its arrangement is illus-
trated in Fig. 5.

It is worth noting that » is the number of consecutive
days, while the data of intervals or non-uniform time gaps
unfits for windowing. Moreover, the choice of window size
significantly influences the model’s predictive efficacy and
should be determined through meticulous analysis.

Figure 6 presents multiple continuous sections, showcas-
ing the temporal evolution of S and C. Since the new
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Fig. 4. Probability density function over time. (a) PDF of vault settlement, and (b) PDF of tunnel perimeter convergence.
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Fig. 6. Time history curves of mean values in multiple sections. (a) S, and
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measurement section ZK78 + 110 has just deformed during
the continuous excavation of the tunnel, the adjacent sec-
tion ZK78 + 084 that has been excavated has already been
deformed for several days, and the deformation of the
farther-away sections ZK78 + 051 and ZK78 + 062 has
basically become stable, offering limited effective features
for deformation prediction. In selecting the number of
adjacent sections m1, the aim is to capture as many effective
features of the deforming adjacent sections as possible.
Therefore, m =1 is selected, meaning that the previous
and next sections of the predicted section are considered
adjacent sections.

In selecting the time duration n, it is crucial to guarantee
a certain level of deformation within the period without
making it excessively lengthy. If deformation stabilizes
after this period of time, the predictive significance will
be lost. Referring to the results depicted in Fig. 4, a dura-
tion of 5 days (n = 5) appears most appropriate.

Therefore, the 5-day deformation characteristics from
the current, previous, and next sections are utilized to fore-
cast the present section’s future deformation. In addition,
each spatio-temporal node encompasses 6 deformation fea-
tures {S;,5,,83,C;,C»,C3}, resulting in an input data
dimension of {5, 3, 6}.

3 Methodology
3.1 Graph attention neural network

The GAT (Velickovic et al., 2018; Y. Liet al., 2023) is a
deep learning model specifically tailored for graph struc-
tured data. It is the major component in the process of
graph message propagation and aggregation. GAT incor-
porates attention mechanisms into the GNN (Li et al.,
2023b; Waikhom et al., 2023; Yang et al., 2023; Zhou
et al., 2021), which dynamically allocates weights to indi-
vidual nodes, enabling it to effectively handle the intricate
relationships between nodes and the graph structure.
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The core of GAT is its graph attentional layer (GAT
layer), which extends the self-attention mechanism to
accommodate graph structured data. This layer plays a
crucial role by utilizing local neighborhood data within
the graph to dynamically understand node relationships.
Note that the GAT layer is a crucial element within the
GAT unit, while the GAT model layer, introduced in Sec-
tion 3.3, is a structure developed based on the GAT unit.
These two components are completely different. The princi-
ples of the GAT layer are depicted in Fig. 7(a). For the
input, x={x,,x,,---,x7}, x;, € R, Similarly, y= {y,,
Yo, 3 Vrks Y € R™ serves as the output, where 7 denotes
the total number of nodes, F and F’ signify the quantities
of input and output features at each node, respectively.
To ensure ample expressive power for transforming input
features into higher-level features, weight matrices
we Wk W e RF" are introduced and applied to each
node, as expressed in Eq. (2).

q = WQxi
ki = WKx,- (2)
Vi = WVx,-

A shared focus mechanism f'(g;, k;) is introduced to cal-
culate the attention coefficient on the nodes. The mecha-
nism is executed through a linear layer with a weight
vector @ € R*'. Subsequently, a leaky ReLU layer is incor-
porated to mitigate gradient explosion and vanishing gradi-
ent issues:

a;; = LeakyReLU(f (¢;, k;)) = LeakyReLU (a" {q;||k;}).
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where the attention coefficient a;; refers to the importance
of node ;s features to node i. The superscript T and || stand
for the transposition and concatenation operations,
respectively.

Incorporating the graph structure into the mechanism,
GAT utilizes masked attention; that is, only information
from adjacent node j € //; is considered when calculating
a;;, where ./; represents the neighborhood of node i in the
graph. Subsequently, for better coefficient comparability
across various nodes, normalization is achieved using the
softmax function. Then the results proceed through a drop-
out layer (Srivastava et al., 2014), as depicted in Eq. (4).

exp (o)
exp (o x)

ke NV

&;; = Dropout[softmax(a;;)| = Dropout

(4)

The output characteristics of each node in the GAT
layer are then obtained as follows:

yi= E % jVj.

JeN:

(5)

Up to this point, the node attention weighting process
within the GAT layer has been elucidated. Following this,
the GAT model incorporates a multi-head graph atten-
tional mechanism (Yu et al., 2023; Xu et al., 2021), as
depicted in Fig. 7(b), which entails multiple independent
GAT layers (the number of heads signified by N) undergo-
ing the transformations detailed in Egs. (2)-(5). It can
adaptively capture correlations between different features
from input data, enhancing the model’s expressive capacity

(3) and mitigating the risk of overfitting (Yan et al., 2022;
T y
S 5 5y = g t
U1.32::313 = Vhead Graph attentional layer :
'\ Linear
V1| +— T
T Concat
@y > Q @, > Q ar - Q T 1t T
! ) )
H H N
a1 a;, ayr .Yhead
1 yﬁead )
1 Yhead A
9| ki |vs Q2| k3 v, qr| | kr) |vr |

N Nt/

| !

X = {xl' X2, ) xT}

(2)

GAT layer
1
T 1 x
x
x

(b)

Fig. 7. (a) Structure for GAT layer, and (b) structure for the used GAT.
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Velickovic et al., 2018). Subsequently, their output features
are concatenated, followed by the addition of a linear layer

to compress the dimensions R Y — R
v; = ELU (Linear (3; [l2y; - -- |5)), (6)

where N denotes the number of heads.

3.2 Bidirectional long and short-term memory network

Bi-LSTM, an extension of RNN, excels in capturing
long-term dependencies in time series, rendering it more
attuned to time series data (Xu et al., 2023; Yan et al.,
2022; Riyadi & Jasmir, 2023). Especially for tasks that
require the model to consider the entire sequence context,
Bi-LSTM facilitates a more comprehensive understanding
of the sequence. It mitigates the vanishing gradient prob-
lem compared to traditional RNNs, enabling more effective
learning of long-term dependencies during training
(Mushtaq et al., 2022; Santos et al., 2023).

LSTM comprises multiple recurrent cells. The inputs
include the current moment’s input data x,, the previous
cell state vector C,_;, and the previous hidden layer output
vector h,_;. The fundamental network structure is illus-
trated in Fig. 8(a). A basic cell consists of three compo-
nents: forget gate f, input gate i, and output gate o
(L. Zhao, 2023b; Khalili et al., 2023a). The computation
process for each time step is as follows:

fi=0(Wx, + Wysh_1 + by)

i[ = O—( Wxixt + Whihtfl + bi)7 (7)
0; = O'( onxt + Whohr—l + bO)

Cea X &P C: —
| A
A 7
ft i C; o, —>Q
t 1 & i
@ @ © ©
hey
Xt h,
(a)
~~~~~~ = [ 1sM, | =D {1sT™M, | =D | LsT™, | B e e
h; hiyy hiip
~~~~~~ & sy, T s, {3 st | {3
(b)

Fig. 8. Structure. (a) LSTM, and (b) the used Bi-LSTM.

where W and b denote the weight and offset of each recur-
rent layer, respectively, with the subscript representing the

full connection weight between neural layers. And
a(x) = {7~ is an activation function. The current input cell
state C is expressed as

C, =tanh (W..x, + Wyh,_1 +b,.). (8)

Ultimately, the cell state C, and hidden layer output vec-
tor h, at the current moment are denoted as

Ct :szz—l + itCt ) (9)
h, = o,tanh (C))

As illustrated in Fig. 8(b), the Bi-LSTM structure inte-
grates two independent LSTM networks in two directions
(forward and backward). The forward LSTM (LSTMk)
commences from the sequence’s initial position and
proceeds in sequence, while the reverse LSTM (LSTMsp)
initiates from the sequence’s end, traversing the sequence
in reverse. Consequently, at every time step, the concatena-
tion of outputs from both LSTMs provides comprehensive
contextual insights, mitigating the inherent one-sidedness
and incompleteness found in prediction information
sources (Xu et al., 2023; H. Zhao, 2023).

3.3 GAT-LSTM for tunnel convergence deformation
prediction

The GAT-LSTM network structure is constructed as
illustrated in Fig. 9(a), comprising four modules from top
to bottom. The data sequence is first processed by the
graph sequence construction layer, transforming it into
multiple graph-structured sequences. Subsequently, within
the GAT model layer, it is individually processed by the
corresponding number of GAT units to perceive the spatial
characteristics of deformation at each time step. Following
this, the convolutional layer with pooling completes the
feature transformation between the learning of spatial
and temporal features. Ultimately, the Bi-LSTM layer
extracts the temporal characteristics of the deformation
data. As a result, the GAT-LSTM structure possesses the
capability to capture the spatio-temporal dependencies
within deformation characteristics. The detailed architec-
ture and parameters for each layer are depicted in Fig. 9
(b), and each module is detailed as follows.

Construction of graph sequence. The graph structured
data are constructed by representing tunnel sections as
nodes and establishing edges between the nodes of adjacent
sections. In a tunnel section, the spatial data for each time
correspond to a graph, serving as a data series for the sub-
sequent layer’s input.

GAT model layer. Considering the input data character-
istics, the GAT model layer establishes multiple indepen-
dent GAT units. These units are designed to extract
spatial features from each time unit’s cross-sectional data,
arranging and splicing all outputs chronologically.
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Fig. 9. Structure. (a) GAT-LSTM, and (b) output shape of each layer used for the deformed data prediction.

The number of heads, dropout rate of the GAT unit, and
other hyper-parameters will be discussed and finalized in
Section 4.1.

Convolutional layer with pooling. For ease of feature
transformation and integration, the data undergo filtering
and feature extraction using a 3 x 3 convolution kernel,
employing a step size of 1 and padding. Subsequently, max-
imum pooling is employed within the pooling layer to
downsize the feature map while preserving critical feature
information.

Bi-LSTM layer. To ensure consistent gradient propaga-
tion, it is advisable to employ a single hidden layer for pro-
cessing temporal features. Ultimately, the role of the dense
layer is to consolidate and transmit the information
acquired from the learned features.

4 Implementation and results
4.1 Model training and evaluation

Operating within the PyTorch framework in Python,
this model is realized by adopting a GPU device (NVIDIA
GeForce RTX 4090). The model training and verification
utilize pre-processed data from the left line of the Grand
Canyon Tunnel. Moreover, the dataset randomly selects
30% as the test set (736 samples), with the remaining 70%
data wherein nine folds were utilized for training (1545
samples), and one for validation (170 samples). Through-

out this period, the mean square error (MSE) is utilized
as the loss function, defined by the following formula:

N

MSEzlz:(yi—ﬁi)z, (10)

§ i=1

where s is the number of samples involved.

After determining the model structure, the fine-tuning of
various hyper-parameter combinations is crucial for model
performance. Hyper-parameters are adjusted and finalized
by closely monitoring the performance of the model on the
validation sets. The initial epoch is set to 500 steps, and the
training process is meticulously monitored, with training
concluding when the model ceases to exhibit performance
enhancements. In the process of hyper-parameter tuning,
it is essential to define a reasonable search range for the
hyper-parameters in order to identify optimal configura-
tions within the constraints of available computing
resources. Leveraging insights from model trial runs and
prior research on analogous models (Fu et al., 2023; Liu
et al., 2023; Tao et al., 2020) enables a focused exploration
within a narrower range. Subsequently, the grid search
strategy is employed to discretize the potential evaluation
space into an evaluation grid. Then, each value point on
this grid is sequentially used to train the model. Ultimately,
the optimal hyper-parameter configuration for the model
among the candidate values is shown in Table 2. Addition-
ally, the Adam optimizer, known for its adaptive learning
rate adjustment during training, is employed. This aids
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Table 2
Candidate values and selected values of hyper-parameters for training.

Hyperparameters Candidate values Optimal values
GAT neuron (12,18] 18
Head numbers 4,10, 16] 10
LSTM neuron [72,144,288] 288
CNN channels [4,16] 16
Dropout rate (0.1,0.2] 0.1

Learning rate [0.000 01,0.0001,0.001] 0.0001

the model in avoiding local optima by exploring various
regions of the loss landscape.

Model evaluation entails specific metrics to compare the
model’s predicted values with the actual values, thereby
characterizing the model’s performance. The commonly
adopted metrics are mean absolute error (MAE), root
mean squared error (RMSE), and coefficient of determina-
tion (R?). The three metrics are defined respectively as
follows:

1 n R
MAE =% |y — 3, (1)
i=1

To ensure a robust evaluation of the model’s perfor-
mance, ten-fold cross-validation (Chen, Feng, Han, &
Wu, 2021; Dhillon, Singh, & Bhalla, 2023; Wang, Shui,
Stratford, Su, & Li, 2024a) is applied to systematically
divide the training data into 10 equal-size subsets for train-
ing and validation. the process is repeated ten times, ensur-
ing that each subset is used as validation data once, and the
final result is the average of all folds. This approach helps
minimize the risk of overfitting by evaluating the model’s
generalization ability across various data partitions.

Figure 10 illustrates the detailed loss functions for the
training and validation sets wunder ten-fold cross-
validation. The mean of the loss function values initially
drops sharply and then gradually converges to a stable
level, indicating good convergence of the model during
the training process without significant signs of overfitting.
The standard deviation also remains at a low level, demon-
strating that the model’s performance across different sub-
sets tends to be consistent. This suggests a high level of
stability in the model training.

Figure 11 displays the distribution of R* for the valida-
tion sets of each fold. Most models are stably concentrated
in the range of 0.9-0.975, indicating relatively consistent
performance across the ten-fold cross-validation. The
results of the sixth fold exhibit greater fluctuation, which

may be related to the quality of its validation data. How-
ever, all models maintain an R? value above 0.85, demon-
strating good fit. Overall, the model possesses strong
generalization capabilities and exhibits stability across dif-
ferent validation sets.

4.2 Result verification

The previous analysis has demonstrated that the model
performs well on both the training and validation sets. It is
therefore necessary to further validate the model’s general-
ization capability, specifically its performance on the test
set. The results of ten-fold models are as shown in Table 3.
With R? values consistently above 0.9, the model exhibits
excellent fit and performance. Notably, the R*> values of
the settlement S are higher than those of the convergence
C in general, indicating that the model demonstrates better
interpretability for settlement prediction and can more
accurately capture the settlement change trend compared
to convergence prediction. In addition, the RMSE values
for each output parameter are consistently around
0.3 mm and MAE remains around 0.2 mm. This indicates
a minimal difference between the model’s predicted values
and the actual values, demonstrating stable predictive per-
formance for each feature. Furthermore, the difference in
convergence C is less than that in settlement S, suggesting
that the model has higher precision in terms of predictive
convergence.

Figure 12 presents the time-histories of deformation for
three sections, along with the model’s predicted outcomes.
It is obvious that the variation trends, whether a continu-
ous decline or an up-and-down fluctuation, are substan-
tially similar between the predicted and actual values.
Moreover, as delineated in Fig. 13, the majority of points
closely align with the line, indicating that the model accu-
rately predicts the corresponding output value. The model
prediction deviation is within a rational margin, and its dis-
tribution is relatively even, without any discernible system-
atic bias. Upon close inspection of Fig. 13, the settlement
data range from 2 to —17 mm, while convergence data fall
within the range of 3.2 to —6 mm. The wider and more dis-
crete range of settlement deformation data makes feature
learning more challenging during the model training
process.

In Fig. 14, the distribution of the absolute difference
between the predicted and actual values is illustrated by
PDF. Notably, the difference is concentrated within
0.5 mm, with a lower probability of occurrence for larger
differences. Among them, the distribution for S, is the flat-
test, implying that S, is more prone to errors. Nevertheless,
its errors remain within 1 mm, meeting the requirements
for deformation monitoring during the production process.

In summary, the tunnel deformation shown in the GAT-
LSTM prediction model generally has a good fitting effect
between the predicted value and the actual value of the test
sets. Therefore, GAT-LSTM can establish a nonlinear
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Table 3

Average metrics on test set from ten-fold cross-validation.

Average metrics N S, S3 C G Cs
R? 0.953 0.962 0.954 0.917 0.934 0.937

RMSE (mm) 0317 0559 0328 0.269  0.302  0.265
MAE (mm) 0.224  0.341 0.232  0.191 0.211 0.183

mapping of deformation based on the spatio-temporal rela-
tionship, enabling quick, accurate, and stable prediction of
tunnel deformation.

4.3 Ablation experiment

To assess the effectiveness of the proposed GAT-LSTM
model structure, ablation experiments are conducted on the
main components of the model using the dataset taken
from the left line. The experiments were conducted under

the same hyperparameter settings. The results are shown
in Table 4, where Experiment 1 utilizes only the Bi-
LSTM algorithm, Experiment 2 introduces the GAT layer
on top of that, and Experiment 3 represents the proposed
model, which incorporates a CNN layer to transition
between the GAT and Bi-LSTM layers. The bold values
indicate the best results.

The experimental results elucidate that the introduction
of the GAT layer significantly enhances the model’s fitting
performance and predictive accuracy, and the lower stan-
dard deviation also suggests stronger stability of the model.
It is further indicated that the GAT layer effectively cap-
tures the spatial characteristics of the deformation and dis-
cerns the unique trends of each output parameter.
Additionally, the introduction of the CNN layer has
improved the model’s predictive accuracy, and although
there is a slight decrease in R?, the model’s fitting
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performance remains sufficiently excellent. This implies  ral features. These results signify that the GAT-LSTM
that the CNN layer facilitates a more effective feature = model effectively captures the spatio-temporal characteris-
transformation between the learning of spatial and tempo-  tics of tunnel deformation.
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Table 4

Ablation experiment results.

Number Method RMSE MAE R?
1 Bi-LSTM 0.551 £+ 0.249 0.377 £ 0.146 0.865 + 0.024
2 GAT + Bi-LSTM 0.324 £ 0.111 0.227 £+ 0.070 0.950 + 0.012
3 GAT + CNN + Bi-LSTM 0.318 £ 0.076 0.224 £+ 0.048 0.948 + 0.016

5 Discussion
5.1 Comparison with other models

In trying to solve the large-scale deformation prediction
problem, numerous prior studies have demonstrated that
models based on deep learning exhibit superior prediction
accuracy compared to traditional regression models (Xu
et al., 2022; Khalili et al., 2023b). Consequently, in exper-
iments aimed at establishing the superiority of the GAT-
LSTM model, the comparison with traditional regression
models is ignored. To assess the effectiveness of the model,
recent models for predicting surrounding rock deforma-
tion, such as the LSTM model (He et al., 2023; Xu et al.,
2022), gated recurrent unit (GRU) (Meng et al., 2023),
and artificial neural network (ANN) network (Xue et al.,
2021, 2020), are collectively considered for comparative
analysis. These comparison models ensure consistency in
hyperparameters, such as learning rate, epoch number,
and batch size, with the GAT-LSTM model. The dataset
taken from the left line of the Grand Canyon Tunnel is uti-
lized, and the training set and test set maintain a ratio of
70% to 30%.

Figure 15 illustrates that all four model loss functions
exhibit a trend of rapid decline-gradual
convergence — stabilization, substantiating the -effective-
ness of the model training. Furthermore, the final MSE
value of the GAT-LSTM is lower than that of the other
models, indicating a closer alignment with the true values.
Detailed evaluation metrics are presented in Fig. 16.

In comparison with the other models, the GAT-LSTM
demonstrates superior accuracy in predicting tunnel

deformation. As illustrated in Fig. 16, the proposed
GAT-LSTM attains the lowest RMSE and MAE values
and the highest R? value across most output parameters.
The RMSE of the three comparative models are poor,
and the results also reveal their shortcomings in the predic-
tion of convergence deformation. These comparative mod-
els excel at handling time series data, which is leveraged in
studies whenever possible. These studies often simplify or
even overlook the spatial characteristics of deformation,
while the proposed model extracts and integrates features
from both spatial and temporal dimensions, thereby pro-
viding a better grasp of deformation trends. Consequently,
the comparative results of performance underscore the
superiority of GAT-LSTM over time-series prediction
models and fundamental deep learning models and high-
light the importance of GAT in capturing the spatial char-
acteristics of deformation.

From the mechanical behavior perspective, under the
spatial constraints at the tunnel face, the stress release of
the surrounding rock after tunnel excavation is not instan-
taneous but gradual (Yao et al., 2014; Cui et al., 2015), as
exhibited in Fig. 17. This process is commonly represented
by the longitudinal displacement profile (LDP) in studies of
the deformation of rock mass (Carranza-Torres &
Fairhurst, 2000; Vlachopoulos & Diederichs, 2009). This
means that tunnel deformation is not only caused by the
time-dependent deformation of rock mass but is also clo-
sely related to face advance. As a result, when the model
effectively grasps the spatial variation characteristics near
the section, it can better understand the extent of stress
release in the surrounding rock at that section, thereby
achieving precise capture of the deformation trends. The
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GAT-LSTM model is equipped with robust spatio-
temporal predictive capabilities, perfectly aligning with this
requirement.

5.2 Exploration of other spatial connection

The GAT model is characterized by its graph structure.
In the proposed GAT-LSTM model, the graph structure is
established through the direct geographical relationship
between adjacent sections. In addition to spatial connec-
tions between adjacent sections, there might be spatial con-
nections among different measuring points within the same
section. However, due to variations in the locations of the

measuring points, establishing a direct basis for judging
spatial connections among them is challenging. To address
this issue, the common practice in fields employing graph
neural networks involves using correlation coefficients as
the foundation for connecting graph structure nodes
(Chen et al., 2023; Jia et al., 2021). The Pearson correlation
coefficient is a frequently used formula for this purpose, as
shown in Eq. (14). In this section, the nodes for a novel
graph structure are created based on measurement points
within cross-sections and the edges are determined by uti-
lizing the Pearson correlation coefficient of the measure-
ment point data to assess the influence of this novel
graph structure on model performance.
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By utilizing the dataset of the left line, the Pearson cor-
relation coefficient between the six measurement points is
calculated, as depicted in Fig. 18(a). The correlation coeffi-
cient values are all above 0.5, signifying strong correlations
between any two nodes. To ensure simplicity in the graph
structure and comprehensive node connections, higher cor-
relation values are selected and it is guaranteed that each
node is connected to at least two others. The final graph
structure is illustrated in Fig. 18(b). For clarity, we refer
to the model adapted to this new graph structure as
GATL2. To facilitate a meaningful performance compar-
ison, apart from the distinct input layer network nodes,
the remaining structure and hyper-parameters are identical
to those of GAT-LSTM.

Figure 19 visually represents the evaluation results:
comparing GAT-LSTM with GATL2, one can find that
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the latter exhibits a decline in performance. Specifically,
RMSE decreased by 33.11%, MAE decreased by 36.21%,
and R* decreased by 8.93%. These findings indicate that
the GATL2 model is inferior to the GAT-LSTM model
in terms of fitting effect, prediction accuracy, and model
stability. In particular, the MAE of the average conver-
gence C increases by 79%, a significant shortcoming. In
summary, the overall performance of the GATL2 is infe-
rior to that of the GAT-LSTM, so it can be inferred that
the GATL2 captures fewer effective features than the
GAT-LSTM.

A review of the correlation coefficient results in Fig. 18
(a) shows a certain correlation between any two nodes.
This implies that the designed graph structure connection
is somewhat simplistic, leading to the loss of some crucial
features. Therefore, the graph structure built based on
the correlation coefficient should consider more complex
node connections. Alternatively, a graph structure estab-
lished via direct geographical spatial connections might
better suit the GAT-LSTM model.

5.3 Integrating GAT-LSTM with transfer learning
technology

GAT-LSTM exhibits excellent performance in tunnel
deformation prediction. However, the literature highlights
the decline in performance of deep learning models when
applied beyond the scope of the training data (Mitelman
& Urlainis, 2023), posing challenges to generalizing the
model to other tunnels. Furthermore, the limited data
acquired during the tunnel excavation process are insuffi-
cient for the complete training of traditional machine
learning. In light of this limitation, transfer learning
becomes particularly crucial (C. Man, 2022a; Zhang
et al., 2023). Transfer learning is an innovative machine
learning technique capable of addressing different but
related tasks by leveraging existing models trained on
extensive datasets, even in scenarios where the new task

(b)

Fig. 18. (a) Correlation coefficients between measurement points, and (b) new graph structures with corresponding model.
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has limited data. This section explores whether integrating
GAT-LSTM with transfer learning technology can address
the data scarcity issue when applied to different tunnels.
The application of transfer learning in tunnel engineer-
ing is depicted in Fig. 20(a). The upper figure portrays a
fully excavated tunnel utilized for GAT-LSTM training,

GAT-LSTM studied case

while the lower figure represents a tunnel currently under
excavation with limited data. The objective of transfer
learning is to apply the GAT-LSTM model that was
trained with the data from the upper tunnel and utilize a
small dataset from the lower tunnel to fine-tune its specific
structural layers. This adaptation aims to accommodate

Graph Structured
Data

Unstudied case for transfer learning

| Conv layer with |
| pooling |
-

@

(b)

Fig. 20. (a) Schematic diagram of the application of transfer learning in tunnel engineering, and (b) its setting in the GAT-LSTM structure.
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the deformation characteristics of the novel tunnel and
offer auxiliary means for the deformation analysis of subse-
quent excavation sections.

The fine-tuning approach primarily uses layer transfer,
in which certain layers in the trained model are frozen,
and only the parameters of the remaining layers are
trained. In image recognition problems, it is common to
freeze the initial layers (Man et al., 2022b), preserving the
common features learned by the pre-trained model to facil-
itate faster adaptation to new tasks. The graph structured
data processing method in GAT is similar to image pro-
cessing. Therefore, in transfer learning model settings,
GAT layers and CNN layers are frozen to retain the spatial
feature learning ability of the GAT-LSTM model during
the training of subsequent tasks and ensure continuous
learning of temporal features from the new dataset, as illus-
trated in Fig. 20(b). Furthermore, taking into account that
a new tunnel may possess distinct deformation attributes,
which implies that the number of features may diverge
from that of existing predictive models, an Unsample layer
is integrated into the original architecture and the unit con-
figuration of the terminal layer (Dense layer) is adjusted,
thereby aligning with the expected feature dimensions

Table 5
Naming of transfer model and comparison models.

and ensuring the model’s efficacy in processing the specified
data structure.

For convenience, the model employed for transfer learn-
ing is one that has been previously trained on the left line.
The dataset from the right line, which is completely exca-
vated, is utilized to evaluate the performance of the transfer
model. In this dataset, the training set constitutes 30%, and
the test set constitutes 70%, meeting the condition of lim-
ited training data. Ultimately, the dataset is divided into
641 training samples and 1496 testing samples. To facilitate
distinction, the transfer learning model and the comparison
model are denoted by capital letters, as illustrated in
Table 5. All models are configured with identical hyperpa-
rameters. Tran(F3) is tailored for the prediction of conver-
gence deformation (C;,C,, C3). In contrast to R-GATL
and L-GATL, Tran-GATL requires less time expenditure,
demonstrating that the transfer model exhibits a significant
advantage in terms of time cost over other models that are
trained directly.

The model prediction results, depicted in Fig. 21, reveal
mean RMSE, MAE, and R? values of 1.05 mm, 0.35 mm,
and 0.86, respectively, for the Tran-GATL model. It is
indicated that the model has sufficient predictive accuracy

Simplified name

Representative model

Training time consumption (h)

Tran-GATL GAT-LSTM transferred to the right line (30% set) 0.934
R-GATL GAT-LSTM trained only on the right line (30% set) 2.324
L-GATL GAT-LSTM trained only on the left line (70% set) 5.786
Tran(F3) GAT-LSTM (3 features) transferred to the right line (30% set) 0.916
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Fig. 21. Evaluation of the prediction results of transfer model and comparison models based on (a) RMSE, (b) MAE, and (c) R*.



116 J. Sun et al. | Underground Space 20 (2025) 100-118

and generalization capability. However, compared to the
results of the fully trained GAT-LSTM in Fig. 16, the
Tran-GATL model has larger RMSE values, indicating
some outliers in the prediction results. This disparity may
be attributed to the constraints imposed by the limited data
in the training set. In general, Tran-GATL adeptly cap-
tures the changing trend of tunnel deformation. In addi-
tion, the error evaluation indicators of L-GATL are
notably higher than those of the other models. This obser-
vation affirms the substantial decrease in the performance
of deep learning models when applied to data prediction
beyond the training data. In contrast, the Tran-GATL
model shows significant improvements across various met-
rics, suggesting that incorporating transfer learning is
advantageous for adapting to new tunnel features. Besides,
Tran-GATL performs similarly to R-GATL on the whole,
though it exhibits slightly higher accuracy for the MAE
values. In terms of the RMSE and R? indicators, the output
parameters vary, with some being higher and others lower,
but the differences are not significant. This indicates that
the performance of the transfer model is comparable to
that of the directly trained model. However, the transfer
model is more convenient to use and has a lower computa-
tional cost, highlighting the advantages of transfer learning
compared to the directly trained model.

The performance of the Tran(F3) model is slightly infe-
rior to that of Tran-GATL when assessed by the metrics.
This discrepancy can be attributed to the mismatch in the
number of features between the source model and the
transfer model. Despite a modest reduction in predictive
accuracy, the transfer model is capable of flexibly adjusting
the number of features, making it more versatile and appli-
cable to other tunnels currently under construction.

In summary, integrating GAT-LSTM with transfer
learning enables the proposed model to generalize to other
tunnels and adaptively adjust the number of features, effec-
tively addressing the challenge of limited data and produc-
ing commendable results.

6 Conclusions

In an effort to ensure tunnel stability and security, a
novel tunnel deformation prediction approach utilizing
the GAT-LSTM algorithm focusing on the spatio-
temporal characteristics of deformation is proposed. Six
deformation features are established, covering vault settle-
ment and circumference convergence at distinct monitoring
positions. The efficacy of this method is validated using
deformation monitoring data from the Grand Canyon
Tunnel. The main concluding remarks obtained are as
follows.

(1) Tunnel deformation exhibits both temporal and spa-
tial correlations, manifested in a relatively continuous
evolution of both dimensions in adjacent sections.
Therefore, tunnel deformation prediction can be con-
ceptualized as a spatio-temporal sequence problem.

(2) The GAT-LSTM model excels in establishing the
nonlinear mapping relationship between future defor-
mation and historical deformation of adjacent sec-
tions, with mean values of RMSE, MAE, and R’
being 0.34 mm, 0.23 mm, and 0.94, respectively.
Compared with other deep learning models, the
GAT-LSTM model exhibits superior prediction accu-
racy and highlights the importance of GAT in captur-
ing the spatial characteristics of deformation.

(3) Establishing the graph structure in the graph neural
network should primarily rely on intuitive connec-
tions in geographical space. A model with such a
graph structure demonstrates superior performance
compared to one based on the deformation correla-
tion coeflicients of measuring points.

(4) The GAT-LSTM model, combined with transfer
learning, can be extended to other tunnels, even those
with a different number of deformation features, with
performance that is comparable to retraining the
model in new tunnels. Under conditions of limited
data, the model can still exhibit sufficient perfor-
mance, demonstrating its strong scalability.
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