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Excavation-induced retaining wall deflection (RWD) significantly influences the safety of surrounding
built environment. To predict the three-dimensional RWD in heterogeneous strata, a new partial dif-
ferential equation (PDE) is derived in this study, and two prediction models are proposed, i.e. the
physics-informed neural network (PINN) model and the data-driven PINN model. As a physical
constraint, the new PDE is crucial to the loss functions of these models. Then, the validity of the models
is verified and analysed using a subway deep-foundation pit. The results show that the training times of
both models are controlled within 900 s, which is a significant reduction compared to that of the
conventional numerical model. In addition, the prediction accuracy of the data-driven PINN model is
higher than that of the numerical model, while that of the PINN model is slightly lower than that of the
numerical simulation. However, in contrast to the data-driven PINN model, the PINN model can identify
irregular soil interfaces in heterogeneous strata to learn the deflection continuity conditions at irregular
interfaces and realize RWD prediction in non-uniform distributed strata. In practical applications in
foundation pit engineering, the selection of the PINN and data-driven PINN models can be conducted
according to the in situ distribution conditions of the strata to enable the early prediction of potential
RWD, thereby providing a reliable basis for the further optimisation of retaining structures design.
© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

1. Introduction

excavation-induced soil disturbance (Kung et al., 2007; Zhao et al.,
2021). Retaining wall deflection (RWD) not only directly impacts

With rapid urbanisation, the development and utilisation of
underground spaces have become crucial for sustainable urban
development (Broere, 2016; Bobylev, 2016; Chen et al., 2022; Zhou
et al., 2025). Braced foundation pits have emerged as a typical
construction method for large-scale urban underground spaces,
with the scale and complexity of such development increasing
significantly (Zhang et al., 2018a; Feng, 2019). Notable examples
include underground subway stations and basements for high-rise
buildings. As a critical component of foundation pits, the deflec-
tion behaviour of the retaining wall is significantly influenced by

* Corresponding author. School of Civil Engineering, Southeast University,
Nanjing, 211189, China.
E-mail address: helei_civil@seu.edu.cn (L. He).
Peer review under responsibility of Institute of Rock and Soil Mechanics,
Chinese Academy of Sciences.

https://doi.org/10.1016/j.jrmge.2025.07.019

the safety of the foundation pit, but also poses a threat to the
stability of the surrounding environment (Ibrahim et al., 2021;
Dong et al., 2022), potentially triggering geological disasters and
leading to substantial economic losses and social consequences.
Therefore, understanding the deflection mechanism of retaining
walls and effectively controlling RWD are crucial issues in foun-
dation pit research.

Accurately predicting the deflection trends of retaining walls
based on high-precision models during underground space plan-
ning or foundation pit design can have significant implications for
engineering practice. Such predictions can facilitate the optimi-
sation of site selection strategies for underground spaces and
refinement of foundation pit design, and mitigate potential engi-
neering risks (Zhang et al., 2019a; Hong et al., 2023). Moreover, it
can significantly enhance the reliability and safety of underground
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space development and offer a robust scientific foundation and
valuable guidance for sustainable urban development.

In previous studies, driven by advances in numerical methods
and the complexity of deflection behaviour, finite element (FE)
modelling has been mainly used to estimate RWD. The interaction
between the structure and the soil is a critical focal point for
studying RWD (Lim et al., 2018; Liu et al.,, 2022; Li et al., 2024).
Many studies have employed numerical methods to analyse the
stress and deflection responses of retaining walls at different
excavation stages, exploring deflection patterns and control stra-
tegies under structure-soil interaction (Zdravkovic et al., 2005;
Finno et al., 2007; Iwata et al., 2007; Yeh et al., 2022). The
impact of groundwater level variations on RWD has also attracted
significant attention, with related studies examining the addi-
tional stress distribution caused by dewatering and its dynamic
effects on RWD (Zheng et al., 2014; Zhang et al., 2018b; Zeng et al.,
2021). Construction methods and sequencing are important in-
fluence factors, and have been optimised in relevant studies using
numerical software to reveal the mechanisms via which different
construction processes influence structural deformation (Lim and
Ou, 2018; Maehara et al., 2020; Zheng et al., 2022). Furthermore,
targeted analyses have been conducted on the complexities of
geological conditions, and numerical models for excavation have
evolved from conventional homogeneous soil models to hetero-
geneous soil models (Sert et al., 2016; Ding et al., 2021; Zhou et al.,
2024), reflecting the significant impact of different geological
conditions on RWD. Research findings indicate that RWD is often
concentrated in weak soil layers, while it is relatively smaller in
hard soil layers with higher cohesion (Li et al., 2024). Although
numerical models can provide detailed RWD simulations, nu-
merical models are generally characterized by cumbersome
modelling processes, lengthy computation times, and limited
applicability to other scenarios. Moreover, when comparing
different site selection plans for underground spaces or alternative
design schemes for foundation pits, the time cost associated with
numerical methods is often significantly high.

To avoid large-scale numerical computations and enhance the
general applicability, extensive field monitoring data have been
analysed to develop empirical and semi-empirical solutions for
RWD. For instance, Kung et al. (2007) proposed a simplified semi-
empirical model for predicting the maximum RWD for a braced
excavation in soft to medium clays. Wang et al. (2005) investigated
the excavation variables affecting RWD at six deep-braced exca-
vations in soft soils in Shanghai and derived the relationship be-
tween the maximum RWD and excavation depth from field
measurements. Hsieh and Ou (2016) derived a simplified formula
to predict the lateral RWD in deep excavation, considering the
installation of cross walls. Goh et al. (2017) developed a simple
RWD equation for estimating the maximum wall deflection
considering three-dimensional (3D) effects through different ra-
tios of excavation lengths and widths. Based on 30 case studies,
Zhang et al. (2015) proposed a simple polynomial regression
model for estimating the maximum RWD caused by deep exca-
vations. Based on a series of 3D FE analysis results, Zhang et al.
(2019b) developed a multivariate adaptive regression spline
model to accurately learn the complicated implicit relationship
between the maximum RWD and the influential factors. These
empirical solutions are derived from the analysis and summari-
zation of extensive measured data, providing a certain reference
value. However, the deflection points of retaining walls that can be
predicted using these empirical solutions are limited, typically
focusing only on the maximum deflection value while failing to
capture the overall deflection state of the structure.

Theoretical analytical approaches have been proposed to solve
for the deflection values at more points on retaining walls. These
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methods simplify the structure as a pile embedded in the soil and
derive a mechanical ordinary differential equation (ODE) to
describe the RWD based on the force analysis of the pile (Zhu and
Wei, 2010; Zhao et al., 2012; Abbasi et al., 2014). The ODE is then
iteratively solved using the boundary conditions at the top and
bottom of the pile and the deformation continuity conditions at
the excavation surface, ultimately providing the horizontal defor-
mation values. This analytical approach avoids lengthy numerical
computations, improving the efficiency of RWD calculations.
However, these methods are based on two-dimensional (2D) plane
strain states and assume homogeneous soil conditions for the
foundation pit. As a result, the computed results cannot reflect the
3D deflection behaviour of retaining walls in real-world engi-
neering projects, and cannot quantify the impact of heterogeneous
soil strata on RWD.

With the development of artificial intelligence (Al) technology,
machine learning (ML) algorithms have been applied in under-
ground engineering (Huang et al., 2021; Phoon and Zhang, 2022;
Wu et al, 2023) to study RWD. For example, Chua and Goh
(2005) adopted Bayesian neural networks to predict wall de-
flections; the developed model can account for various factors
such as the wall stiffness, support stiffness, in situ stress state,
non-homogeneous soil conditions, and variation of soil properties
with depth. Cheng and Wu (2009) adopted a hybrid approach that
fuses support vector machines and fast messy genetic algorithms
to predict RWD in a deep excavation in the Taipei Basin; the results
showed that the hybrid approach can successfully predict RWD.
Zhao et al. (2021) proposed a convolution-neural-network-based
prediction method for RWD capable of making dynamic pre-
dictions based on the extracted spatiotemporal features of wall
deflection. To estimate wall deflection with high accuracy and ef-
ficiency, Tran et al. (2023) proposed several ML models, including
feed-forward neural network back-propagation, long short-term
memory (LSTM), bidirectional LSTM (Bi-LSTM), and support vec-
tor regression. The results show that the Bi-LSTM model has the
highest robustness and can be used to support the safety moni-
toring and early warning of RWD. The application of Al technolo-
gies in predicting RWD is relatively limited, with existing studies
primarily focusing on predicting the maximum deflection. This
may be due to the strong spatial characteristics of RWD, in addi-
tion to the fact that monitoring points for RWD are mainly placed
at key locations, resulting in a relatively small amount of field data
available for research and analysis. As a result, it is difficult to fully
capture the spatial characteristics of RWD with limited data.
Currently, Al-based RWD predictions are closely aligned with data
analysis and empirical methods.

From previous studies, it can be seen that while analytical
methods can provide relatively rich deflection information for
retaining walls, the assumptions are based on plane strain condi-
tions and homogeneous soil strata. Empirical methods and Al
models can only predict fewer deflection points, primarily excel-
ling at predicting the maximum RWD. In order to quickly, accu-
rately, and comprehensively predict RWD in heterogeneous strata,
this study attempts to use physics-informed neural networks
(PINNSs) (Raissi et al., 2019; Zhu et al., 2019) for the predictive
analysis of RWD. Compared to the conventional ML models with
relatively limited generalization abilities, PINNs leverage a
learning bias approach to make predictions across different data-
sets. By incorporating appropriate physical constraints into the
neural network's loss function (Lan et al, 2024), PINNs can
seamlessly integrate observational or experimental data with the
physics and mechanics described by physical equations, reducing
the need for prior knowledge of the underlying physics and me-
chanics (Borate et al., 2023; Wu et al, 2025). This enables
comprehensive predictions of RWD with minimal data.
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Furthermore, PINNs can solve forward-prediction problems
without relying on prior knowledge, offering a novel approach for
solving engineering problems without field data (Gong et al.,
2024).

In this study, a new 3D partial differential equation (PDE) for
forward RWD prediction is derived based on the existing 2D ODE,
and two prediction models are proposed: the PINN and data-
driven PINN models. The loss functions for both models are con-
structed based on the new PDE. The PINN model is not driven by
actual engineering data, while the data-driven PINN model utilizes
a small amount of engineering data for learning. Subsequently, the
effectiveness of the PINN and data-driven PINN models is validated
through a case study of a subway foundation pit. The applicability
of the two models under different engineering geological condi-
tions is also discussed. The remainder of this paper is organised as
follows. Section 2 presents the derivation of the new PDE for 3D
RWD and introduces the PINN and data-driven PINN models.
Section 3 presents the validation of the PINN and data-driven PINN
models using a subway foundation pit located in Nanjing, China.
Section 4 discusses the use of the PINN model to predict RWD in
non-uniformly distributed strata, and the main conclusions are
summarised in Section 5.

2. Methodology
2.1. RWD under soil-structure interaction

Shallow foundation pits traverse relatively few geological strata
and can generally be considered homogeneous (Fig. 1a). However,
deep foundation pits, such as urban subway stations and large
underground spaces, inevitably traverse multiple soil strata
(Fig. 1b). The RWD of deep foundation pits under heterogeneous
geological conditions becomes significantly more complex,
requiring separate considerations in different soil strata.

Under the influence of soil-structure interaction, the soil
pressure exerted on the retaining wall lies between the active and
passive soil pressures, representing a non-limit state pressure (Zhu
and Wei, 2010). Therefore, the classical methods for calculating the
Coulomb and Rankine soil pressures are not suitable for describing
the stress state of the retaining wall. Previous studies employed
the soil spring theory to quantify the soil pressure acting on the
retaining wall under non-limit state conditions (Zhao et al., 2012;
Abbasi et al., 2014). Considering the 2D excavation scenario shown
in Fig. 2a as an example, the RWD towards the excavation is
considered to be positive and that away from the excavation is
considered to be negative. Then, the soil pressure at any point on
the retaining wall can be expressed as
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c=eq + ksw(z) (1)

where ey is the static lateral soil pressure behind the wall; w(z) is
the RWD value at depth z; ks is the stiffness coefficient of the soil
spring, also known as the coefficient of lateral resistance (kPa/m);
and ksw(z) is the incremental soil pressure behind the wall caused
by the RWD.

The value of ks is significantly influenced by factors such as the
depth of the calculation point, proportional coefficient of lateral
resistance m (kPa/m?), and RWD of the calculation point; it can be
calculated as follows (Zhao et al., 2012):

o= [Z e 22)

mz ejg—e

[

(2)
1

sa=m

m= 0.2¢2—(/)+C)

where H is the excavation depth of the foundation pit, as shown in
Fig. 1a; ¢ is the soil internal friction angle; c is the soil cohesion;
and e denotes the ultimate state soil pressure, which can be
calculated using Rankine's soil pressure formula. When o(z) > 0, e
corresponds to the active soil pressure e;; and when w(z) < 0, e
corresponds to the passive soil pressure ep.

The deformation ODE for a pile under plane strain conditions
can be expressed as (Zhu and Wei, 2010; Abbasi et al., 2014):

d*e(2)

ElI
dz4

+P=0 3)

where E is the Young's modulus, El represents the bending stiffness
of the pile, and P is the applied load.

By substituting Eq. (1) into Eq. (3), the deflection ODE for the
retaining wall under plane strain conditions can be obtained using

Eq. (4).

4
E]dda;gz) +kro(2)b = [eg — kso(2) b (0<z<H)

* (4)
EIddaZ)ElZ) + [eop + ksw(2)]b = |egr — ksw(2) |b (2 > H)

where kt represents the average stiffness coefficient of the internal
support, b is the length of deflection units, eg; denotes the static
lateral soil pressure outside the pit below the excavation surface,
and ey, refers to the static lateral soil pressure inside the pit below
the excavation surface. Here, ey and ey, are calculated as

Soil stratum 1 H,

Soil stratum 2

\ Soil stratum 3

(®)

Fig. 1. RWD in different soil strata: (a) In homogeneous soil strata, and (b) In heterogeneous soil strata.
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x (b) Unit in retaining wall )

Braced section

Excavation face
4

Embedded section
O

M Unit in braced section [ Unit in embedded section
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Soil spring £,
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Soil spring £, ]
in passive side

N

Soil spring k,

(c) Soil spring

Fig. 2. Diagram of soil-structure interaction.

eor = €g = korz }
eob = koy(z — H)
where kg is the Rankine static soil pressure lateral coefficient, and y
is the soil weight.

Eq. (4) is a widely used deflection ODE for retaining walls.
However, the assumptions of plane strain conditions and homo-
geneous soil strata clearly deviate significantly from the 3D RWD
in practical applications. Moreover, Eq. (4) cannot capture the
comprehensive deflection behaviour of retaining walls.

To solve the 3D deflection of retaining walls, it is necessary to
conduct force analyses on structures. Considering an arbitrary unit
on the retaining wall as an example (Fig. 2b), its deformation is
influenced not only by the internal support force, but also by the
external soil pressure and bending stiffness. Since the length and
height of the retaining wall are significantly larger than the width,
the retaining wall can be considered equivalent to a plate-like
structure inserted into the soil. The interaction between the
structure unit and the soil can be represented by soil springs
(Fig. 2c). Subsequently, the 3D deflection PDE for retaining walls
can be constructed by referring to Kirchhoff theory (Zhao et al,,
2022) and existing 2D deflection ODE. The new deflection PDE is

}

(6)

where V is the Laplace operator, D is the bending stiffness of the
retaining wall (kKN-m) calculated using Eq. (8), kr is the average

(5)

DV3w(x,2) + krw(x,2)A = [eg — ksw(x,2)]A (0 <z < H)
DV4w(x,2) + [egn + ks (x,2) JA = [eof — ksw(x,2) }A (z>H)
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stiffness coefficient (kPa/m) of the internal supports to each
computed unit (Zhao et al., 2012) calculated using Eq. (9), and A is
the area of the deflection unit (m?).

o o o

Vip=""t2- 7
Y= od  Caor T oA 7

Et3
D= 8
1201 - ?) (8)

_ (ITEAT
T 2005:S; ®)

where t is the thickness of the retaining wall (m); » is the Poisson's
ratio; 4 is the support adjustment coefficient, which is taken as 0.5
when the soil properties, depth, and surrounding loads on both
sides of the pit are similar; ar is the support relaxation coefficient,
typically ranging from 0.8 to 1.0 when the internal support does
not consider pre-applied axial stress; Aris the cross-sectional area
of the support (m?); [y is the length of the internal support (m); S;
is the horizontal spacing of the support (m); and S; is the vertical
spacing of the support (m).

If the soil at the excavation site comprises heterogeneous strata
(Fig. 2a), further refinement of Eq. (6) is required based on the
burial depth of different soil strata. The burial depth of the first soil
stratum, the burial depth of the second soil stratum, and the
excavation depth are denoted as Hj, H, and Hs, respectively. The
deflection PDE for the retaining wall in heterogeneous strata can
be expressed as
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DV*w1 (%,2) + krw (x,2)A = [eg — ksw1 (x,2)]A (0<z<Hj)
DV4wy (x,2) 4 kran (%,2)A = [eg — kswo (%,2)]A (Hy<z<Hy)
DV4w3 (X,Z) + kTOJ3 (X7Z)A = [60 — ks(o3 (X,Z) }A (H2 <z< H3)
DV4w4(X,2) + [egp + kswa (x,2)|A= [eof — kswa(X,2) ]A (z>Hs)

(10)

Eq. (10) can be updated according to the number of traversed
soil strata during excavation.

The corner of the foundation pit is the connection position of
two retaining walls in different directions, which leads to a higher
rigidity and significantly small deflection (Iwata et al., 2007).
Assuming that the length of the retaining wall is L, the boundary
conditions for the deflection and deflection gradient at both ends
of the retaining wall can be set as

do(x =0,2)
ox

do(x=1L,z)
ox n

w(x=0,2z)=0, =0
(11)
w(x=1Lz)=0, 0
In addition, considering the bending stiffness of the retaining
structure, its deflection variations are generally smooth and
continuous. To prevent abrupt changes in deflection at the
different soil interfaces during calculation, appropriate displace-
ment continuity constraints should be applied. Thus, at the soil
interfaces z = H; and H,, and the excavation surface z = Hs, the
deflection continuity conditions should be imposed:

[wl (sz) — w2 (XaZ)HZ:Hl =0

[001(X,2)  dwy(X,2)] 0

| oz 0z |l (12)
[wz (X7Z) — w3 (xvz)”Z:Hz =0

_aa)z (X,Z) _ ow3 (X,Z)_ -0

| oz 0z |lpm,

[w3 (sz) - UJ4(X,Z)]|Z:H3 =0

[0w3(x,2)  dw4(X,2)] 0o (13)
| oz 0z |y,

The above boundary conditions and deflection continuity
conditions encompass both the Dirichlet and Neumann boundary
conditions (Gong et al., 2024).

It should be noted that the applicability of Eq. (10) for 3D RWD
is subject to certain practical constraints. The soil springs used to
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characterize soil-structure interaction in this PDE are linear elastic
springs, primarily capturing the small deformation behaviour of
the soil before it enters the plastic stage. For large deformations or
highly nonlinear conditions, the applicability of this PDE may be
limited. However, since this PDE is specifically designed for braced
excavation in foundation pit engineering, it remains suitable.
Compared to other excavation methods, braced excavation pro-
vides the best control over soil and retaining structure deforma-
tion, generally constrained to within 40 mm (Zhou et al., 2024).
Therefore, it can be reasonably approximated that the soil defor-
mation remains within the linear elastic range under braced
excavation disturbances.

2.2. PINN and data-driven PINN models

Due to the complexity of Eq. (10), obtaining its general solution
through known boundary and continuity conditions is extremely
difficult. Additionally, m in Eq. (2) is determined using an empirical
method (Zhao et al., 2012); it is assumed that when w(x,z= H)
<10 mm, w(x,z= H) can be approximated as 10 mm. Therefore,
even when the general solution to Eq. (10) is obtained, the preci-
sion is affected by the accuracy of the m value. Considering that the
deflection PDE of the retaining wall has already been derived,
PINNs can be used to predict and solve the RWD.

Conventional ML models such as the multi-layer perceptron
(MLP) (Fig. 3) employ loss functions to quantify the inconsistency
between the predicted and actual values (Kolay and Baser, 2014;
Borate et al, 2023). The loss function is crucial for model
training because it quantifies the network performance. It facili-
tates back-propagation by enabling the neural network to learn
through adjusting biases and weights to minimize the loss, and it
also serves as a critical evaluation metric.

PINNs constrain neural networks using physical and mechani-
cal laws governed by PDEs. Instead of relying exclusively on
extensive datasets for training, PINNs integrate these physical laws
into the learning algorithm (Buzaev et al., 2024; Gong et al., 2024).
This integration allows PINNs to infer from significantly smaller
datasets compared with conventional ML models. Moreover, by
embedding known physics into their structures, PINNs exhibit
superior generalization capabilities beyond their training datasets
(Meng et al., 2023), adhering to physical laws that enhance their
robustness and reliability in prediction tasks (Cai et al., 2021; Sun
et al,, 2023).

This study proposes two RWD prediction models based on the
newly established PDE: the PINN and data-driven PINN models

MLP model

Loss and prediction

N (
Hidden layer
r > P Loss =MSE,, ;... | Loss function
1
7 °\_ | Output l
P p= : layer : o
6 =argmin(Loss) Optimization
: B AT |
1
Yes
(o3 (o3
: Loss<g? —> 1L
o o H N parameters
! o
_____________ K ¥
Predict 2]
A\ ¢ J \ J

Backward propagation

Fig. 3. MLP framework.

4011



C. Zhou, L. He, J. He et al.

(Fig. 4). Both models are constructed based on MLP and share the
same structure. They can automatically differentiate (“AD” in
Fig. 4) variables during the training process based on PDE con-
straints (Gong et al., 2024). The PINN model does not rely on actual
engineering data, but can be considered an intelligent PDE solver.
The input of the PINN model comprises only the deflection co-
ordinates x and z of the units on the retaining wall, which can be
generated through random sampling. The other PDE parameters,
such as the excavation dimensions, mechanical properties of the
retaining wall and internal supports, and surrounding geological
parameters, are known constants within the model. The PDE is
incorporated into the PINN model as a physical constraint through
the physical loss function, enabling optimisation of the network
structure using only the coordinates x and z as parameters.

The data-driven PINN model requires learning from existing
RWD case data. Based on the factors influencing RWD summarised
in previous studies (Kung et al., 2007; Zhang et al., 2015) and the
PDE parameters, the input for the training set of the data-driven
PINN model can be determined. These input parameters include
the coordinates x and z of the deflection units on the retaining
wall, length L of the retaining wall, burial depths H; of the soil
stratum interface, excavation depth Ho, soil internal friction angle
@, soil cohesion c, soil weight y, bending stiffness D of the retaining
wall, and stiffness k; of the internal supports, amounting to 11
input parameters. When the number of soil strata traversed by the
excavation increases, the number of soil stratum interfaces and
input parameters increase correspondingly. The correlation anal-
ysis between the input parameters and RWD is shown in Fig. 5. It
can be observed from Fig. 5 that there is a good correlation be-
tween the input parameters and RWD, which allows the model to
effectively learn the relationship between the input parameters
and RWD. The absolute values of the correlation coefficients

MLP model

Input layer Hidden layer
% AD
8
2 "
v v
8
a
ox
oz

> 1[0 20 +[oe ] 20
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between different input parameters are all less than 0.5, which
meets the requirement of weak correlation.

Compared to the PINN model, the total loss function of the
data-driven PINN model includes both the PDE-based physical loss
and data loss. As shown in Fig. 4, their total loss function can be
expressed as

Total losspinn = AppeLppE + A8Lg + AcLc }
Total l0SSpata—PINN = Adataldata + APDELPDE + 48Lp + AcLc

(14)

where Lg,q, is the loss of the data; Lppg is the loss of the PDE; Lg is
the loss of the boundary condition; L¢ is the loss of the deflection
continuity condition; and Aq,¢,, AppE, 4B, and Ac are the weights for
each loss function, respectively.

In addition, m is treated as a trainable neural network weight in
both the PINN and data-driven PINN models, thereby optimizing
the calculation accuracy for ks and improving the prediction ac-
curacy of the RWD.

The tanh function was used as the activation function for the
hidden layer due to its balanced output range and smooth de-
rivatives, which can help improve convergence during training
(Gong et al., 2024). The proposed PINN and data-driven PINN
models can be evaluated by comparing the predicted values to the
field monitoring and numerical simulation results. Three metrics,
i.e. the mean absolute error (MAE), root mean square error (RMSE),
and coefficient of determination (R%) are adopted:

>y - yhs
(*,2) ’ '

MAE ==

15
Noos (15)

Physics law with known input parameters
_ R REREBEPNRPEPRPREBBRARkTTTTN

Physics-informed loss
3
Ly = Y {DV*0 (x.2) +[ky -0, (%.2) ¢ +h, -0 (x.2) ] 4]
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+{DV4W4 (%.2) +|:60b —ey T2k, - o, (x,z)] ’ A}z
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Fig. 4. PINN and data-driven PINN frameworks.
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dicted value of coordinate point (x, z), yf;ezlf is the field value of

—Field
y

coordinate point (x, z), and is the mean value of the field data.

3. PINNs for forward problems: Prediction of RWD
3.1. Case setting

In this section, the effectiveness of the proposed PINN and data-
driven PINN models is analysed based on the deflection of the
long-side retaining wall in an actual foundation pit. The case
studied is the No. 1 foundation pit project of the Qingliangshan
(QLS) underground station of Nanjing Metro Line 7, China. This
station was constructed using the cut-and-cover method, with an
excavation length of approximately 50 m, width of approximately
23.5 m, and total excavation depth of approximately 45 m. The
foundation pit is divided into ten excavation layers, and the depth
of each excavation is approximately 5 m. The bottom end of the
retaining wall is embedded 5 m in the soil.

As shown in Fig. 6, the area enclosed by the dashed lines rep-
resents the geological strata where the long-side retaining wall is
located. The upper soil strata at the excavation site mainly
comprise soft plastic silty clay with poor geological properties, and
the lower strata comprise plastic to hard-plastic medium
mudstone and sandstone. The key geological parameters are listed
in Table 1.

The first five excavation strata are supported by $609 mm steel
pipes, while the remaining strata are supported by concrete
bracings. The steel pipe has an elasticity modulus of 210 MPa, and
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Fig. 6. Diagram showing the stratigraphic distribution.
Table 1
Soil parameters of the QLS foundation pit.
Soil layer Depth (m) y(kN/m3) E(MPa) ¢(°) c(kPa)
Silty clay 0-17 19.6 14 29.1 283
Fully weathered rock 17-27 214 70 306 70.2
Mudstone and siltstone  >27 24.6 900 383 500
the concrete bracing has a cross-sectional size of

700 mm x 800 mm with an elasticity modulus of 30 MPa. The
lateral spacing between the bracings in each layer is 4 m. The
vertical retaining structure of the foundation pit is a diaphragm
wall with a thickness of 0.9 m and an elasticity modulus of 30 MPa.

This foundation pit is located in an old urban district sur-
rounded by dense buildings. The construction team conducted
frequent monitoring of the RWD, surface settlement, and deep-soil
horizontal displacement. The deflection monitoring positions for
the long-side walls are shown in Fig. 7. The clinometers CX1 and
CX7 are located at the corners, CX4 is located at the centre, CX2
and CX6 are 9 m away from the corners, and CX3 and CX5 are 7 m
away from the centre. The vertical distance between monitoring
points in each clinometer tube is 1 m.

Fig. 8a shows the monitoring values of the RWD when the
excavation reaches the bottom (45 m). The inverse distance-
weighting interpolation method (Zhou et al., 2024) was used to
generate the deflection cloud map of the entire retaining wall. As
shown in Fig. 8b, each interpolated displacement coordinate point
is spaced at 1 m. This interpolation helps in visualizing the
deflection distribution across the entire structure and serves as a
valuable reference for evaluating the performance of the proposed
prediction models.

3.2. Datasets for model training and testing

3.2.1. PINN model

Based on the soil-structure interaction analysis discussed in
Section 2.1, the retaining wall is discretized into deflection units
(Fig. 9a). When using soil springs to characterize the soil-structure
interaction, the stiffness coefficients of the springs vary across
different soil strata, and thus, the soil springs must not cover
multiple soil strata (Abbasi et al., 2014). Moreover, to facilitate the
construction of displacement-continuity conditions at the soil
interfaces, the discretized grids should also avoid covering the soil
layer interface. After comprehensive consideration, the dis-
cretization grid was set to 1.0 m x 1.0 m in this study, with each
unit's interaction with the soil being represented by a soil spring.
Each unit's deflection is represented by the deflection value at the
centre of grid.
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Fig. 9. Diagram of deflection units on the retaining wall.

The sampling points for the training set of the PINN model are x = 0.5 and 49.5 m; deflection continuous points at z = 16.5, 17.5,
shown in Fig. 9b. The sampling points comprise boundary points at 26.5, 27.5, 44.5 and 45.5 m; and internal points (x, z) within the
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domain. At the boundaries, the coordinates of the centre points of
the units are extracted for the model to learn the boundary con-
ditions (see red “x” in Fig. 9b). At the interfaces of soil strata and
the excavation face, the coordinates of the centre points of the
units from the two adjacent rows above and below these surfaces
are extracted for the model to learn the deflection continuity
conditions (green “x” and blue “x” in Fig. 9b). In the other areas,
uniform sampling is performed to allow the model to learn the
overall deflection characteristics of the structure under the PDE
constraints (yellow “A” in Fig. 9b). The test set for the PINN model
comprises the coordinates of the centre points of all units, as
shown in Fig. 9b, amounting to 2500 input samples.

3.2.2. Data-driven PINN model

In the data-driven PINN model, the parameters of the training
dataset must match the test set (QLS excavation case). When
merging adjacent soil stratum into a unified stratum with similar
mechanical properties, the number of strata the excavation tra-
verses after merging should not exceed three. When there are
fewer than three original strata, further refinement can be applied
to transform them into three strata. However, if the mechanical
property differences between adjacent soil stratum are substantial
and cannot be simplified into three primary strata through
merging, the excavation is not suitable to form a training set.

The training data for the data-driven PINN model used in this
study are derived from actual foundation pit cases or refined nu-
merical results supported by actual projects in previous studies.
Five foundation pit cases, with a total of 462 datasets, are collected
(Wang et al., 2005; Orazalin et al., 2015; Goh et al., 2017; Zhang
et al.,, 2019b; Zhao et al., 2021). The statistical information of
these 462 datasets is summarised in Table 2, including the mini-
mum value (Min), maximum value (Max), mean, and standard
deviation (St.D).

To reduce the impact of numerical differences between the
different physical quantities on model training, all input and
output variables in both the training and test datasets were stan-
dardized based on their ranges of variation, with all parameters
normalized to the [0, 1] interval. The test set input parameters x
and z are the coordinates of the centre points of all units in Fig. 9b.
The other input parameters, such as y, ¢, and ¢, represent the soil
parameters behind the wall corresponding to each grid unit. The
parameters L, Hy, Hy, Hs, D, and kr are fixed parameters for the QLS
pit with the same value assigned to each unit.

3.3. PINN hyper-parameter optimisation

The primary objective of training the PINN and data-driven
PINN models was to minimize the loss function, with the final
loss value serving as a quantitative measure of convergence
improvement. However, different hyperparameter settings can
significantly affect the predictive accuracy. Therefore, before using

Table 2

Summary of RWD datasets.
Parameter Min Max Value of mean St.D
L (m) 45 110 74.3 27.6
H; (m) 10 30 215 8.4
H (m) 20 45 31.5 109
H3 (m) 15 50 34.7 14.9
7 (kN/m?) 18.3 23.2 19.9 1.6
¢ (kPa) 15 55.4 30.2 15.8
(%) 20 30.2 28.5 5.4
D (MPa) 1.5 3 2.2 0.9
kt (kPa) 0.8 1.5 1.1 0.2
o (mm) 15 65 36.3 21.6
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the models for prediction, different learning rates, network layers,
and numbers of neurons were explored to assess their impact on
the convergence of the proposed models.

To study the impact of different learning rates on the two
models, the MLP network structure was set as (128, 64, 32, 16, 8).
The weights for the data loss, PDE loss, boundary loss, and
deflection continuity loss were initially set to 1.0, 0.4, 10 and 10,
respectively. Fig. 10 shows the effect of learning rates of 1 x 1072,
1x1073,1 x 107%and 1 x 10~ on the convergence ability of the
two models. In the PINN model, convergence improved with
increasing number of iterations. A learning rate of 1 x 1072
enhanced the training stability, but the loss value was relatively
large, which was detrimental to model convergence. However,
when the learning rates were set to 1 x 1073,1 x 10%and 1 x 107,
the model's convergence ability was improved significantly. At a
learning rate of 1 x 1073, the total loss value was minimized,
indicating optimal convergence, and the model reached its optimal
state within 15,000 training epochs. In the data-driven PINN
model, different learning rates all converged at approximately
16,000 epochs. Similar to the PINN model, the total loss value was
minimized at a learning rate of 1 x 103, Therefore, the learning
rate of 1 x 10~ was selected for both the PINN and data-driven
PINN models.

The impact of hidden layers and neurons per hidden layer on
the performance of the proposed models was examined. Given the
large variety of input parameters and a single output parameter in
this study, as well as the need for the models to learn the boundary
and continuity characteristics of the existing RWD data, an MLP
structure was employed in which the number of neurons
decreased progressively with each layer (Borate et al., 2023).
Specifically, the number of neurons in each subsequent hidden
layer was set to 0.5 times that of the previous layer. In investigating
the impact of the different hidden layers and neurons per hidden
layer on the model convergence, the learning rates for both models
were uniformly set to 1 x 1073, and the training epochs were set to
16,000. The weights for the data loss, PDE loss, boundary loss, and
deflection continuity loss were also set to 1.0, 0.4, 10 and 10,
respectively.

Both the PINN and data-driven PINN models featuring three,
four, five, six, and seven hidden layers, each with eight neurons of
the last layer, were developed to investigate the impact of hidden
layers. Fig. 11a shows that the training time increased with
increasing number of hidden layers, but the models’ convergence
did not improve with more hidden layers. With the same number
of hidden layers, the training time of the data-driven PINN model
was approximately 200 s longer than that of the PINN model. The
total loss value was minimized for the PINN and data-driven PINN
models when the number of hidden layers was five and six,
respectively. Therefore, the recommended hidden layers for the
PINN and data-driven PINN models are five and six, respectively.

To assess the impact of neuron numbers, the PINN and data-
driven PINN models were constructed with two, four, six, eight,
and ten neurons in the last hidden layer, while maintaining five
hidden layers and six hidden layers, respectively. As shown in
Fig. 11b, the convergence of both the models improved gradually
with the increasing number of neurons in the last hidden layer. The
total loss value of both models decreased significantly when the
number of neurons in the last hidden layer increased from two to
six. However, when the number of neurons in the last hidden layer
was set to eight and ten, the change in the total loss value was less
noticeable, with differences within the range of 0.3 x 1073,
Considering the efficiency of model training, it is reasonable to set
the number of neurons in the last hidden layer to eight for both
models.



C. Zhou, L. He, J. He et al.

100 '_ —o— Learning rate = 1310 —e— Learning rate = 1x10
—e— Learning rate = 1x10™ Learning rate = 1x10°
10
\;‘ Loss = 6.9x10"!
\h
g | \ M\
S
= \ \_ N Loss = 0.4x10"!
LN \
0.1 \
o U=0=0=0=0=0=0=0=N=0=0-—0~I
.‘.—'“'_""'0/'\. j=O=0=0—0—0—
~*~e. Vo
N,
0.01 | e\ s S
~r
Loss = 0.4x102—"" ’ ’
0'0()' 1 1 1 1
0 5 10 15 20 25
Epoch (x10%)
(2)

Fig. 10. Impact of different learning rates: (a) PINN model,

1000

[CJPINNs
12| [_D-d PINNs / - 500
/ (e
101 400
s—" —— Training time of PINNs

Training time of D-d PINNs

Loss (x107)

8]

4 5 6
Layers (8 neurons of last layer)

(@

-

Training time (s)

Journal of Rock Mechanics and Geotechnical Engineering 18 (2026) 4007-4022

100 -
| —o— Learning rate = 110> —— Learning rate = 13107
—eo— Learning rate = 1310 Learning rate = 1310
10 F
\ Loss = 4.5x10""
1 E \ /
g XN
= ' \'\7 [ S S Loss = 0.3x10"!
0.1 0\3:& o
e "M;\n—u"”\m-m—D—D-n-n-n-n-
b
0.01 \‘Qc—-—c—-fc—o—c—u—o—t
Loss = 0.6x1 0'3/
0.001 L L L L
0 5 10 15 20 25

Epoch (x10°)
(b)

and (b) Data-driven PINN model.

1000
[ JPINNs
[ ID-d PINNs

800

10
600

400
Training time of PINNs

Training time of D-d PINNs

Loss (x107)
Training time (s)

(%)

0

2 4 6 8 10
Neurons of last layer (5 layers for PINNs, 6 layers for D-d PINNs)

(®)

Fig. 11. Impact of changing hidden layers and neurons: (a) Different hidden layers, and (b) Different neurons of last layer.

3.4. Performance of the PINN and data-driven PINN models

Based on the hyperparameters analysis discussed in Section
3.3, the PINN model was configured with five hidden layers, with
neurons set as (128, 64, 32, 16, 8); and the data-driven PINN model
was configured with six hidden layers, with neurons set as (256,
128, 64, 32, 16, 8). Both models adopted a learning rate of 1 x 1073,
with weights of the data loss, PDE loss, boundary loss, and
deflection continuity loss set at 1.0, 0.4, 10 and 10, respectively.
Subsequently, two models were used to predict the deflections of
the QLS long retaining wall. Both models were trained for 16,000
epochs, with the entire training and prediction process imple-
mented using the PyTorch framework. Additionally, a numerical
model of the QLS foundation pit was developed using the PLAXIS
3D software (Fig. 12), providing a basis for comparing the advan-
tages of the PINN model, data-driven PINN model, and the nu-
merical model.

Fig. 13a, 14a and 15a show the results from the numerical
simulations, PINN model, and the data-driven PINN model,
respectively. It can be observed that the deflection maps of the
retaining wall derived from the three models exhibit a similar core
shape (red region), which is approximately elliptical. Additionally,
the coordinates of the maximum deflection point on the retaining
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Fig. 12. Numerical simulation results based on PLAXIS 3D: (a) Numerical model of
QLS pit, and (b) Cloud map of RWD.

wall are relatively consistent across the models. The main differ-
ences among the deflection maps lie in the hard soil stratum
(z > 27m), where the numerical model shows relatively smaller
deflection. In contrast, the PINN model tends to overestimate the
deflection, while the data-driven PINN model provides predictions
that are closer to the actual values. Figs. 13b, 14b and 15b illustrate
the relative error between each model and the actual deflection
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Fig. 13. Numerical results and absolute error: (a) Simulation results of PLAXIS 3D, and (b) Absolute error.
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surface of the retaining wall. The maximum error between the
numerical calculation results and actual values is 3.69 mm. For the
PINN model, the maximum error is 3.44 mm, with a larger deep-
blue area in the absolute error map compared to the numerical
model and the data-driven PINN model. The data-driven PINN

4017

model achieves the smallest maximum error of 2.97 mm, with the
smallest deep-blue area in its error map.

The evaluation of the computational and predictive accuracy of
each model is summarised in Table 3. It can be observed that when
comparing the deflection surface of the retaining wall or the
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Table 3
Error statistics of each model.

Metrics PLAXIS 3D PINN Data-driven PINN
MAE 0.863 1.081 0.827
RMSE 1.09 1.262 0.968
R? 0.852 0.813 0.864
MAE (Actual value) 0.902 1.116 0.875
RMSE (Actual value) 1.071 1.357 0.994
R? (Actual value) 0.839 0.801 0.847

monitored values at actual inclinometer points, the data-driven
PINN model exhibits the highest predictive accuracy, followed by
the numerical and PINN models. Moreover, in the data-driven
PINN model, the correlation between the predicted and actual
values (R?) is the highest, followed by the numerical and PINN
models. Compared to the numerical model and the PINN model,
the data-driven PINN model improves the MAE and RMSE by 9.3 %
and 15.8 %, and 27.1 % and 27.2 %, respectively. In routine research
on excavation deformations, the numerical model is as a conven-
tional research tool that provides valuable reference data due to its
reliable computational accuracy. However, compared to the PINN
and data-driven PINN models, the numerical model involves a
more complex modelling process and longer computation time.
For instance, as shown in Fig. 12, the numerical model requires
approximately 2 h of backend computation and extensive
modelling. In contrast, the data-driven PINN model completes the
predictive analysis in 15 min (approximately 900 s) without
requiring any complex modelling process, demonstrating excellent
computational efficiency and accuracy for engineering applica-
tions, which is suitable for practical applications. Using a computer
equipped with a high-performance GPU, the model training and
prediction speed can be improved further. The computer used in
this study is equipped with an RTX 3060 Ti, which allows enabling
CUDA in the Torch framework to run both the PINN and data-
driven PINN models on the GPU. For the QLS case, with GPU sup-
port, the runtime of the PINN model can be reduced from 620.3 s to
416.9 s, and the runtime of the data-driven PINN model can be
reduced from 896.7 s to 568.2 s.

Furthermore, under the condition of fixing the weights of the
data loss, boundary loss, and deflection continuity condition loss,
the impact of changing the PDE loss weights (0.1-0.9 for PINN and
0-0.9 for data-driven PINN) on the models’ predictive accuracy is
further analysed. As shown in Fig. 16, the prediction error of both
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models decreases initially and then increases with increasing PDE
loss weight. The PINN model achieves the highest prediction ac-
curacy when the PDE loss weight is in the range of 0.2-0.3, and the
data-driven PINN model achieves optimal accuracy at a PDE loss
weight of 0.5-0.6. Therefore, a PDE loss weight of 0.3 can be rec-
ommended for the PINN model, and 0.5 can be recommended for
the data-driven PINN model.

4. Discussion: PINN model applied in non-uniform strata
4.1. RWD in non-uniform strata

Similar to the conventional numerical methods, the afore-
mentioned RWD prediction models simplify the strata into uni-
formly distributed soil strata when addressing the influence of
soft-hard soil interfaces. This simplification is suitable for
geological bodies with relatively stable stratigraphic undulations
within the excavation range. However, excavation projects inevi-
tably encounter geological bodies with significant stratigraphic
fluctuations. Simplifying such conditions into idealized strata may
lead to a substantial discrepancy between the computed RWD and
actual monitored values. For instance, in the case of the QLS
excavation, the strata exhibited notable undulations (Fig. 17a).
Therefore, this section discusses the application of the PINN model
to predict RWD in complex stratigraphic distributions.

Compared to RWD in uniformly distributed strata, deflection in
non-uniformly distributed strata requires defining new deflection
regions and deflection continuity conditions. In non-uniformly
distributed strata, the soil interfaces are irregular, making it diffi-
cult to characterize them with a clear depth parameter. Therefore,
to align with the retaining wall's grids, we employed a pixel-based
segmentation method for soil meshing (Peng et al., 2023). Spe-
cifically, the grid division size was determined based on the
number of pixels. Each grid was then uniformly coloured according
to the RGB value of the most dominant pixel category within it,
ensuring that each divided grid corresponded to a single pixel
block. In this study, a 1.0-m grid corresponded to ten pixels, a 0.5-
m grid to five pixels, and a 0.2-m grid to two pixels (Fig. 17b and c).
After discretizing the retaining wall, it is necessary to construct
indices for all grid units using the coordinates of the unit centre
points to determine the deflection region (corresponding soil
stratum) of each unit and assign different PDE loss functions.
Additionally, based on the unit indices, it is essential to sample
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Fig. 16. Impact of PDE loss weight on (a) MAE and RMSE, and (b) R%.
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Fig. 17. Strata condition of the QLS foundation pit.

units at the irregular interfaces (Fig. 17c) to construct the loss
function for deflection continuity conditions.

In the data-driven PINN model, the deflection continuity loss
function at the soil interfaces and the PDE loss within different soil
strata are constructed using input parameters H; and H,. For a
given excavation condition, H; and H, are fixed depth parameters,
and the data-driven PINN model cannot learn the RWD at irregular
soil interfaces during the training process. Therefore, the data-
driven PINN model is not suitable for RWD prediction in non-
uniformly distributed strata. In contrast, the input parameters of
the PINN model are derived from random sampling within the
retaining wall coordinate domain. These sampled units can cover
the grid units at irregular soil interfaces, thereby enabling the
construction of accurate loss functions for deflection continuity
conditions at irregular soil interfaces.

4.2. Comparative analysis of prediction results

Fig. 18 shows the PINN model prediction results in non-uniformly
distributed strata when the size of grid unit is 1.0 m x 1.0 m. The
corresponding MLP structure is (128, 64, 34, 16, 8), with the learning
rate setat 1 x 10~3, and the PDE weight set at 0.4. As shown in Fig. 18a,
the shape of the core deflection area (red region) of the retaining wall
changes slightly. Due to the “concave” distribution of the third hard-
soil stratum, the core deflection area on both sides of the retaining
wall exhibits an inward trend, transforming from an “elliptical” shape
(as shown in Figs. 13-15) to a “heart” shape, which is consistent with
the actual deflection surface (Fig. 8b). Based on the absolute error
analysis in Fig. 18b, it can be observed that the maximum absolute
error decreased from 3.44 mm in Figs. 14b to 3.06 mm, with a
reduction in the area of the deep blue region. Compared to the PINN
model prediction shown in Fig. 14, the MAE and RMSE decreased
from 1.081 and 1262 to 0.942 and 1.017, respectively, and R?
increased from 0.813 to 0.825. The MAE and RMSE of the actual

values also decreased from 1.216 and 1.357 to 1.004 and 1.141,
respectively, and R? increased from 0.801 to 0.819.

The training time for the PINN model in non-uniformly
distributed strata is 714 s. Notwithstanding this increase in
training time compared to the 620 s required for the uniform
distribution strata (Fig. 14), the prediction accuracy of the PINN
model was further improved. Therefore, for RWD prediction with
approximately uniform strata, the data-driven PINN model can be
prioritized. However, for RWD in non-uniformly distributed strata,
only the PINN model can achieve fast and accurate prediction.

The impact of different grid sizes (pixel blocks) on the predic-
tion accuracy and efficiency of the PINN model (Fig. 17c) was also
studied. When the grid size was reduced to 0.5 m x 0.5 m, the
MAE, RMSE, and R? were 0.927,1.008, and 0.832, respectively, with
a total training and prediction time of 22 min and 57 s. When the
grid size was further reduced to 0.2 m x 0.2 m, the MAE, RMSE, and
R? improved slightly to 0.916, 0.997, and 0.841, respectively, but
the total training and prediction time increased significantly to
39 min and 13 s. It can be observed that as the grid resolution
increases, the PINN model requires more training time; however,
the improvement in prediction accuracy is relatively limited.
Furthermore, when establishing the displacement continuity
conditions at soil interfaces, the selection of corresponding soil
elements (pixel blocks) is performed manually. As the grid
refinement increases, more soil elements need to be extracted,
making the construction of the displacement continuity condi-
tions more complex. Therefore, for excavation projects without
special requirements, a soil grid size of 1.0 m x 1.0 m is recom-
mended for predicting the RWD in heterogeneous soil strata.

5. Conclusions

To predict the 3D RWD of braced excavation within heteroge-
neous strata, this study proposes two RWD prediction models: the

4019



C. Zhou, L. He, J. He et al.

Prediction of PINNs

20.0

17.5
10
15.0

Displacement (mm)

40

10

20
X (m)

(a)

30 40 50

Journal of Rock Mechanics and Geotechnical Engineering 18 (2026) 4007-4022

(b) Absolute error: |@

pinn—non

—Opaq

-l

&

w

max =3.06 mm

o

Absolute error (mm)

40

50

0

20 30

X (m)

(®)

40 50

Fig. 18. Prediction of the PINN model (a) and absolute error (b) in non-uniformly distributed strata.

PINN and data-driven PINN models. The loss functions of both
models are constructed based on a newly derived PDE for 3D RWD.
Subsequently, the effectiveness of the proposed models was ana-
lysed using an actual excavation case from a subway project in
Nanjing, China. The prediction results from both models were
compared with the actual monitored data and numerical simula-
tion results, exploring the predictive advantages and potential
engineering applications of these models. The following conclu-
sions are drawn:

(1) To characterize the interaction between the retaining wall
and soil, this study derives a new 3D deflection PDE for
retaining walls based on the soil-spring theory and the
existing 2D deflection ODE. This new PDE is updated ac-
cording to the different strata encountered during excava-
tion, providing a foundation of physical information for the
construction of both the PINN and data-driven PINN models.

(2) The loss function of the PINN model comprises the PDE loss,
boundary condition loss, and deflection continuity condi-
tion loss. The loss function of the data-driven PINN model
includes an additional data loss. For RWD prediction, when
the weights of other loss functions are set at 1.0, the rec-
ommended range for the PDE loss weight in the PINN model
is 0.2-0.3, and the recommended range for the PDE-loss
weight in the data-driven PINN model is 0.5-0.6.

(3) The training times of both the PINN and data-driven PINN
models show significant improvement compared to that of
the numerical model. The prediction accuracy of the data-
driven PINN model (MAE 0.827, RMSE 0.968,
R? = 0.864) surpasses that of the numerical simulation re-
sults (MAE = 0.863, RMSE = 1.090, R? = 0.852), while the
numerical simulation results are more accurate than those
of the PINN model (MAE = 1.081, RMSE = 1.262, R? = 0.813).
However, due to the influence of the form of the input pa-
rameters, the data-driven PINN model can only be applied to
predict RWD under uniform strata distribution conditions.

(4) The randomly sampled coordinate points within the
retaining wall coordinate domain serve as the input pa-
rameters for the PINN model. Therefore, in non-uniformly
distributed strata, the PINN model can identify different
RWD regions and irregular soil interfaces based on the grid
unit indices. This enables the PINN model to learn the
deflection continuity conditions at irregular interfaces by
relying on the deflection continuity constraints, thereby
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improving the prediction accuracy of RWD in non-uniformly
distributed strata.

The two models proposed in this study demonstrate their ad-
vantages considering different stratum conditions. They achieve
accurate RWD predictions in heterogeneous strata and signifi-
cantly reduce the computational time, thus addressing an impor-
tant research gap in this field. However, the case in this study
involves a regular rectangular excavation where the boundary
conditions of the retaining structure are relatively simple. For
excavations with irregular shapes, the complex forms of the
retaining structures impose higher demands on the boundary
condition definitions and deflection continuity conditions. For
such cases, the applicability of both the PINN and data-driven PINN
models needs further verification and adjustment based on actual
monitored conditions. Optimizing these models for more complex
scenarios is a key focus of future research.
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