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Abstract

Numerical simulation has proven effective for evaluating slope stability, its computational cost
becomes a bottleneck when repeated model calls are required in engineering analyses. Surrogate
models offer a practical alternative. This paper presents a deep learning-based surrogate model for
time-dependent deformation prediction of reservoir bank slopes. The deformation process is simulated
using an elastic-viscoplastic creep constitutive model that accounts for water effects. A dataset was
constructed by generating 7490 sets of mechanical parameters via Latin hypercube sampling and
computing the corresponding slope deformations at monitoring points. A neural network framework
combining multi-layer stacked GRUs (gated recurrent units) and fully connected layers was developed
to capture the complex nonlinear relationship between rock mass parameters and slope time-dependent
deformation. Results demonstrate that the surrogate model achieves a coefficient of determination R?
> 0.97 in predicting time-dependent slope deformation. Given a set of mechanical parameters, it can
rapidly output the corresponding deformation, thereby providing a reliable basis for the analysis and
calculation of rock slopes.
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1 Introduction

The destabilization of reservoir bank slopes poses a serious threat to the safety of hydraulic structures
and may lead to substantial property losses and casualties (Chen et al. 2001; Lyu et al. 2025).
Therefore, accurate stability assessment is crucial in the design and operational management of such
engineering projects. Numerical simulation has become an effective tool for evaluating slope stability
(Song et al. 2019). However, its computational efficiency remains a significant bottleneck in analyses
requiring repeated model calls (Zhong et al. 2025; Qiu et al. 2018). To address this issue, surrogate
models have been introduced as an efficient alternative, offering considerably lower computational
cost while maintaining acceptable accuracy, thereby greatly enhancing the efficiency of slope stability
analyses (Song et al. 2023).
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Traditional methods for constructing surrogate models include the response surface method (Kasama
et al. 2023), polynomial chaos expansion (Chehade et al. 2023), and Kriging method (Cabanzo et al,
2023). For instance, Dadashzadeh et al. (2017) employed a response surface approach for reliability-
based slope stability analysis and reported a 72% improvement in efficiency compared to Monte Carlo
simulation. Liao et al. (2025) extended traditional polynomial chaos expansion by integrating
bootstrap resampling with an active learning algorithm to adaptively select informative samples for
surrogate model training. Zhang and Dias (2024) developed an adaptive polynomial chaos Kriging
metamodel for efficient probabilistic slope analysis under seismic conditions, accounting for
parameter uncertainties.

Traditional methods for constructing surrogate models are often limited by the curse of dimensionality
and insufficient accuracy, and are primarily applicable to static elastoplastic analyses (Zhou et al.
2021). Relatively few studies have focused on developing time-dependent surrogate models based on
creep constitutive models (Zhuang et al. 2025). For reservoir bank slopes, water-rock interaction is a
critical factor driving continuous deformation under the influence of reservoir impoundment. To
address these gaps, this paper proposes a deep learning-based surrogate model for predicting time-
dependent deformation that accounts for water effects. First, numerical samples are generated using an
elastic-viscoplastic creep model that incorporates the influence of water. Next, a surrogate model
framework is constructed using a deep learning architecture combining multi-layer stacked GRUs and
fully connected layers. Finally, the model is trained and its predictive performance is evaluated.

2 Methodology

2.1 Creep constitutive model considering water effects

In this study, creep behavior is simulated using a creep damage model grounded in the
thermodynamics of internal variables (Zhang et al. 2014). This model introduces an internal variable
7 to characterize the damage evolution resulting from microstructural changes during creep
deformation. It effectively captures the three characteristic stages of slope creep: transitional creep,
steady-state creep, and accelerated creep. The constitutive relationship is expressed as follows:
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where £° is the elastic strain rate, £ is the viscoelastic strain rate, £ is the viscoplastic strain rate,
o is the stress tensor, C denotes the fourth-order compliance tensor,y, A, and y are all internal

variables, A and P are functions of ¢ and y .
To account for the influence of water storage process, the model incorporates two main mechanisms.
First, based on measured water-level data, seepage pressure is dynamically updated at each calculation
step to accurately reflect pore water pressure effects. Second, the soaking duration of the
corresponding rock mass is recorded during the computation, enabling real-time updates of key
mechanical parameters—such as the friction coefficient (f), cohesion (), and elastic modulus (E)—at
every calculation step according to the following formulas.
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where f_and E, represent the normalized long-term strengths, while A, and A_ denote the

corresponding attenuation rates. 77 is adjustment factor (77 >1.0), ensuring that the degradation of
cohesion is more pronounced than that of the friction coefficient.

2.2 Framework of time-dependent deformation surrogate model considering
water effects

In this study, a neural network architecture is constructed using a deep learning framework that
combines multi-layer stacked GRUs and fully connected layers. The network provides two separate
input interfaces: one for time-series data (Input-I) and another for static parameters (Input-1I). The
GRU, a variant of recurrent neural networks, regulates information flow through its update and reset
gates, effectively capturing short-term dependencies in sequential data and making it well-suited for
time-series model (Yan et al. 2022). The fully connected layer serves as a fundamental component in
neural networks, with each neuron connected to all outputs from the previous layer, enabling feature
synthesis and nonlinear mapping (Ma et al. 2021). Input-I consists of time-dependent variables,
including the water-induced degradation of rock mass mechanical parameters (E,f, €), along with the
time series of reservoir waterlevel. Input-II comprises static creep parameters. The model outputs the
timeseries of deformation at monitoring points (Fig. 1).

The Huber loss function is adopted for model training. This loss function applies a quadratic penalty
for small errors, similar to the mean squared error, and transitions to a linear penalty for larger errors,
thereby enhancing robustness against outliers.

i Network architecture 3 4B
| |
! ]
i ' 10
1 Inputs-L @ ® @ < N
: ' N D gy
i H ‘ L HL ; 3 r ‘_\. L
OHy _'Celm T e T R B —
i .

o . =
i lp‘ H, lH’ He iH’ f
v OHi—{Cell1—>[celit] T —>{Celit] 1| .

Water induced degradation effect

o
iq;f! . lH:_J ) y_{f;

! . HY | —Time series of water storage process
| Hy — CallN—> .,—eHN —» CellN ;
H !

é e : 3 — Creep parameters:n,, & %
? N

[ i | 'Model training E

+ Inputs-il: Fully connected layers ] )

i { \ ——— Huber loss function !

! 1

: . ’
| Outputs:Time series of predicted deformation : — Time series of real deformation i
i )

Fig. 1 Framework of time-dependent deformation surrogate model considering water effects.

3 Construction of data sets and model trraining

3.1 Numerical Sample Calculation

A reservoir bank slope in China is selected as the study object. The slope surface features alternating
small gullies and ridges, with a platform located at the top. In the lower part of the deformation zone,
altered rock zones are present. the mechanical properties of these rocks deteriorate significantly under
prolonged water exposure, leading to ongoing slope deformation.

A computational model is established for a typical cross-section located in the midslope area, as
illustrated in Fig. 2. The deformation zone is locally refined to enable detailed simulation while
minimizing computational time. The model contains a total of 33,724 elements and 41,630 nodes.

As outlined in Section 2.1, the numerical method employed accounts for water-induced deterioration d
during creep analysis. In this simulation, the mechanical parameter degradation of altered rock under
water immersion is considered, governed by five degradation parameters in Eq. 5 ~ Eq. 7. The ranges
of these degradation parameters and creep parameters are determined through trial simulations to
ensure they encompass the actual slope deformation. Within these ranges, Latin hypercube sampling
(uniform distribution) is applied to randomly generate 7,490 sets of rock mass mechanical parameters.
Based on these parameter sets, deformation at five monitoring points (showed in Fig. 2) is calculated
for the period from 2009/3/1 to 2024/8/21. Using a monthly time step (resulting in a time series length
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of 187 steps), a dataset of 7,490 x 187 x 5 deformation values is obtained for subsequent surrogate
model training.

Fig. 2 Finite element mesh of the slope.

3.2 Model training and accuracy evaluation indicators

The numerical samples described above are formatted to match the model framework introduced in
Section 2. Each sample consists of multiple time-series inputs and multiple static parameter inputs,
with the exact number determined by the material partitions and the mechanical parameters defined in
the numerical model.

Based on the numerical samples generated in Section 3.1, Each sample are normalized to ensure
consistent scales across features. The dataset is split into training, validation, and test sets in an 8:1:1
ratio, corresponding to 5992, 749, and 749 samples, respectively.

Model performance is sensitive to hyperparameter settings; therefore, optimizing hyperparameters is
essential to achieve the best surrogate model performance. The hyperparameters tuned in this study
include training parameters (e.g., learning rate, batch size, and sample size), loss-function parameters
(e.g., the Huber loss coefficient), and model architecture parameters (e.g., the number of hidden layers
and the forgetting rate of each layer). Due to space limitations, the optimal hyperparameters identified
for the case study are provided directly in Table 1.

Table 1. Optimal hyperparameters of the surrogate model.

Training loss function Surrogate model architecture
Learningrate(0.0014) Huber threshold §(0.92) Neurons for each hidden layer (218,246,153,205)
Batch size(32) - Dropout ratio for each hidden layer (0.48,0.32,0.12,0.36)

4 Performance evaluation of the surrogate model

In contrast to the loss function, the evaluation metrics focus specifically on the prediction accuracy of
the deformation time series, using the test set as the assessment basis. To objectively measure the
performance of the surrogate model, three statistical indicators is determination coefficient (R?).
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where N is the number of samples in the test set, M represents the number of time series groups in

each sample, and T denotes the length of the time series. 9,&? and yﬁr‘,) denote the predicted and true

values of the time-series group in each sample. In this study, N=749, M=5, T=187.

Under the optimal hyperparameter configuration, the surrogate model was evaluated and achieved a
coefficient of determination (R?) of 0.9753 on the test set. The distribution of R? across the 749
samples in the test set is presented in Fig. 3. As shown, the R? values for the test samples range from
0.95 to 1.00. Only a small proportion of samples exhibit lower predictive accuracy: fewer than 5%
have an R? below 0.98, and less than 1% fall below 0.96. These lower-accuracy samples are
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predominantly edge cases, which are expected to have minimal impact on subsequent engineering
applications.

Good case

Poor case

U T T i T 1
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R? of test set

Fig. 3 The distribution of R* on the test set.

Two typical cases are selected, corresponding to different R* (0.95 and 0.99), to show the difference
between the deformation time series predicted value and calculatedvalue. For better cases, the
predicted value and the calculated value curve are almost completely coincident. For poor cases, there
is a certain deviation between the test value and the calculated value, especially the measuring points
of M3, but the deformation law is basically the same (Fig. 4).
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Fig. 4 Comparison of predicted and calculated values of deformation: (a) Good case; (b) Poor case.

In summary, the developed surrogate model accurately predicts the deformation time series at slope
monitoring points. Given a set of mechanical parameters, it can rapidly output the corresponding
deformation, thereby providing a reliable basis for the analysis and calculation of rockslopes.

5 Conclusion

This study developed a deep learning-based surrogate model for predicting time-dependent
deformation of a reservoir bank slope and applied it to a practical engineering case. The main
conclusions are as follows:

(1) By integrating multi-layer stacked GRUs and fully connected layers, the proposed surrogate model
simultaneously processes time series inputs (such as the impoundment process and water-induced rock
mass degradation) and static mechanical parameters.

(2) The model successfully captures the complex nonlinear relationship between mechanical
parameters and slope deformation at monitoring points, achieving a prediction accuracy of Rz > 0.97
on the test set, which satisfies the requirements for engineering applications.
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