o.)

Check for
updates

Available online at www.sciencedirect.com

ScienceDirect

Kes [ ]|

Underground Space

Underground Space 28 (2026) 1-18 Ve
www.keaipublishing.com/undsp

Research Paper

Hybrid physics—data prediction approach for interpretable
deformation prediction in pre-support tunnel construction

A,

a b . - a7 . a
Cunyang Zhang“, Yue Pan™*, Yongmao Hou ", Xiaohe Xia“, Jin-Jian Chen
4 State Key Laboratory of Ocean Engineering, Shanghai Key Laboratory for Digital Maintenance of Buildings and Infrastructure, Department of
Civil Engineering, Shanghai Jiao Tong University, Shanghai 200240, China
® Shanghai Tunnel Engineering Co., Ltd., Shanghai 200082, China

Received 17 October 2025; received in revised form 15 January 2026; accepted 28 January 2026
Available online 26 March 2026

Abstract

Deformation prediction during pre-support tunnel construction remains a major challenge: conventional methods lack adaptability,
while deep learning models often sacrifice physical interpretability for accuracy. This study addresses the research question of how to
achieve predictions that are both accurate and physically consistent under dynamic tunnel construction. We propose a hybrid phy-
sics—data prediction approach (HPDPA) that integrates a physical-mathematical model grounded in Winkler elastic foundation beam
theory with a physics-informed attention long short-term memory (PI-ALSTM) network. Through a bidirectional collaboration mech-
anism, the PI-ALSTM supplies data-driven variables to refine the physical-mathematical model, while the latter informs the learning
process of the data-driven model, ensuring consistency with physical mechanics and adaptability to the updated site-specific conditions.
When validated on real-world pipe-roof tunneling data, HPDPA achieves high predictive precision (MAE = 1.11 mm, RMSE = 0.97
mm, MRE = 0.07) and markedly outperforms purely data-driven baselines. These results demonstrate the framework’s capability to
provide physically trustworthy, high-resolution, and real-time guidance for tunnel construction, thereby contributing to the digitalization

process of risk management in pre-support tunnel projects.

Keywords: Winkler elastic foundation beam model; Deep learning; Hybrid physics—data; Pre-support tunnel construction; Structural deformation

1 Introduction

Pre-support tunneling has become a critical technique
for underground construction in densely built urban envi-
ronments, where confined spaces and the vulnerability of
adjacent structures present formidable challenges (Lu
et al., 2022). Among existing pre-support methods, the
pipe-roof technique is growing popular for offering flexible
construction configurations and enhanced safety (Yang
et al., 2024). This technique characterizes a robust
enclosure system composed of jacking pipes and temporary
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supports, and also features a multi-step, zoned excavation
process. It has been widely adopted in metro station pro-
jects across major Chinese cities, including Beijing, Shang-
hai, and Shenyang (Shi et al., 2023). Nevertheless, the pipe-
roof method remains intrinsically complex and risk-prone
due to geological uncertainties, multi-phase construction
interactions, and the close proximity of critical urban
infrastructure (Pan et al., 2025a). Effective risk manage-
ment is therefore essential to mitigate excessive deforma-
tion, preserve structural and environmental integrity, and
safeguard lives and property through timely detection,
early warning, and adaptive intervention (Wang et al.,
2025).

A central challenge in managing tunneling risks lies in
accurately predicting construction-induced deformations
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(Sato et al., 2025). Physical-mathematical models continue
to serve as a cornerstone of both engineering practice and
academic research, as they capture the fundamental mech-
anisms of stress transfer and structural response within
tunnel enclosures (Lin et al., 2024). Among these, the Win-
kler elastic foundation beam (WEFB) model serves as a
classical and widely used foundation model (Liang et al.,
2020). For example, Xie et al. (2019) employed a WEFB-
based model to analyze face stability in pre-support tunnel-
ing using the limit equilibrium method. Despite these
advances, existing physical-mathematical models face per-
sistent limitations. Their predictive accuracy is often con-
strained by the reliability of physical parameters and
variables, while these are difficult to quantify accurately
in practical engineering environments. Conventional
approaches, such as empirical calibration and laboratory-
scale model tests, are not only costly and time-consuming
but also inadequate for capturing the dynamic, nonlinear
behavior of real-world tunneling processes (Sun et al.,
2025; Chang et al., 2024). To overcome these challenges,
this study proposes an adaptive and data-driven approach
that takes full advantage of multi-source field observations,
aiming to bridge the gap between theoretical modeling and
the actual deformation behavior observed during tunnel
construction.

With the advent of large-scale monitoring and sensing
technologies, deep learning has emerged as a powerful tool
for analyzing complex tunneling data (Pan et al., 2025b).
However, conventional deep learning models often operate
as “black boxes” offering limited interpretability within the
physical domain (L. Zhang et al., 2025). To address this
limitation, recent research, notably in shield tunneling,
has begun integrating physical principles and empirical
knowledge into data-driven architectures, giving rise to
physics-informed neural networks (PINNs) (Li et al.,
2025). By embedding physical constraints into network
architecture and training objectives, PINNs generate pre-
dictions that are both numerically accurate and physically
consistent. For example, Bazmara et al. (2023) applied
Winkler-Pasternak foundation theory within a PINN to
capture the nonlinear bending behavior of 3D functionally
graded beams. Yan et al. (2024) incorporated mechanical
governing equations to enhance predictions of bridge bear-
ing forces.

Despite PINNs showing considerable potential, their
practical application in pre-support tunnels encounters
two specific challenges that seldom arise in the shield tun-
nels. Firstly, the pre-support tunnel’s characteristics,
involving zoned and multi-step construction and low
automation levels, lead to challenges in collecting critical
on-site data. It mainly refers to the tunnel axial angle, inner
stress of the tunnel, and axial forces of temporary supports,
which share direct connections to the physical-mathemati-
cal model. The absence prevents the physics-informed loss
function from constructing in conventional ways, thereby
hampering the effective coupling of physical-mathematical
models with deep learning models. Secondly, the WEFB-

based physical-mathematical model incorporates a sub-
stantial number of uncertain parameters; however, their
accuracy cannot be directly validated during model train-
ing due to the unavailability of true values.

In short, this study presents a hybrid physics—data pre-
diction approach (HPDPA), grounded in the WEFB the-
ory, to forecast structural deformation during pre-
support tunnel construction. The core mechanism of
HPDPA lies in the bidirectional interaction between phys-
ical and data-driven models, enabling the effective use of
on-site monitoring data for accurate, real-time, and physi-
cally interpretable deformation predictions. This work
addresses three central research questions: (1) How to
incorporate the influence of adjacent construction zones
in zoned pre-support tunneling; (2) How to efficiently com-
pute and dynamically update the parameters and variables
of a WEFB-based physical-mathematical model to reflect
evolving site conditions; and (3) How to enhance the phys-
ical interpretability and prediction accuracy of deep learn-
ing models when data availability is limited.

Methodologically, the study advances the field in three
aspects. First, a WEFB-based physical-mathematical
model is developed to calculate tunnel-induced deforma-
tions, explicitly incorporating the influence of adjacent con-
struction zones and dynamically updating its parameters to
reflect evolving site conditions. Second, a physics-informed
attention long short-term memory (PI-ALSTM) model
develops its architecture and loss calculation under the
guidance of physical insights, leveraging real-time monitor-
ing data and generating reliable and updated mathematical
variables for the physical-mathematical model. Third, a
unified hybrid physics—data framework is established,
enabling self-learning and adaptive optimization through-
out construction. By integrating these novelties, HPDPA
bridges the long-standing divide between physics-based
and data-driven paradigms, providing a robust foundation
for real-time risk assessment and adaptive management in
complex underground environments.

The remainder of this study is organized as follows.
Section 2 presents the details of the proposed HPDPA.
Section 3 applies HPDPA to a real-world pre-support tun-
nel project to validate its predictive performance and inter-
pretability. Section 4 discusses HPDPA’s advantages
through a series of comparative tests. Finally, Section 5
concludes the study and outlines directions for future
research.

2 Methodology

To achieve accurate and real-time predictions of struc-
tural deformation in pre-support tunneling, this study pro-
poses an HPDPA, as illustrated in Fig. 1. The framework
integrates two synergistic components: a data-driven deep
learning model and a WEFB-based physical-mathematical
model. The data-driven deep learning model (shown in
purple), built on a PI-ALSTM, learns from the real-
world tunnel project (shown in blue) and timely provides
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Fig. 1. Architecture of the hybrid physics—data prediction approach (HPDPA).

updated variables for the physical-mathematical model.
The WEFB-based physical-mathematical model (shown
in red), as the theoretical core of HPDPA, furnishes a
mathematical equation for calculating structural deforma-
tion and conducts the final deformation predictions.

The HPDPA couples a WEFB-based physical-mathe-
matical model and a PI-ALSTM model via bidirectional
information exchange. To be more specific, the data-
driven deep learning model provides essential variables
for updating the physical-mathematical model more com-
patible with engineering development, while the physical—-
mathematical model constrains and refines the learning
process through embedded physical principles and
physics-informed loss functions. This synergistic mecha-
nism enhances both predictive accuracy and interpretabil-
ity. As illustrated in Fig. 1, solid orange lines represent
the real-time information exchange among the real-world
project, data-driven model, and physical-mathematical

model, whereas dashed orange lines denote the bidirec-
tional feedback between the latter two models. Darker
shaded blocks indicate the computational outputs of each
component.

2.1 Winkler elastic foundation beam-based physical—
mathematical model

The pipe-roof method represents a typical pre-support
tunneling technique employed in shallow-buried under-
ground construction (Hao et al., 2022). When calculating
the structural deformations induced by tunnel construc-
tion, it is inevitable to consider the coupling relationship
between the enclosure structure and surrounding soil. It
is fundamental to tunnel modeling, where the WEFB
model is one of the most classical and widely adopted
approaches (Zhang et al., 2024). The WEFB theory
assumes that the subgrade reaction p is linearly propor-
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tional to the foundation settlement s, as expressed in
Eq. (1):

p = ks, (1)

where k is the subgrade coefficient. In practice, the non-
rigid locks among the pipes lead to a reduction in both
cross-sectional stiffness and load-transfer capacity, which
calls for special concern.

Based on the WEFB theory, this section establishes a
two-dimensional simplified physical-mathematical model
to characterize the vertical deformation of pre-support tun-
nels. To more accurately represent real-world construction
processes in multi-zoned pre-support tunnel projects, the
model explicitly incorporates the effects of adjacent con-
struction zones and cross-sectional load transfer. The fol-
lowing paragraphs conduct the force analysis and
deformation calculation from both axial and cross-
sectional perspectives.

2.1.1 Model for axial analysis

Construction activities are the principal cause of vertical
deformation during pre-support tunneling, often resulting
in pronounced settlement and structural responses in sur-
rounding areas (Zhou et al., 2023). Aimed at developing
this axial-analysis physical model, the following assump-
tions are introduced:

(1) Plane assumption. Tunnel’s length greatly exceeds its
width, enabling it to be reasonably idealized as a rod
that deforms within a two-dimensional plane. A plane
model for axial analysis is established to examine the
deformation behavior induced by construction
operations.

(2) Assumption on the supporting system. Given that the
axial spacing between steel struts is considerably smaller
than the overall tunnel length, the supporting system
can be reasonably approximated as a series of indepen-
dent Winkler springs, allowing for analytical simplifica-
tion and computational efficiency.

(3) Assumption on continuous pressure variation. The pres-
sure variations along the spatiotemporal span, including
overburden soil and groundwater pressures, remain con-
tinuous and are denoted as g, (x).

(4)Boundary condition assumption. The connections
between the ends of the pre-support tunnel and the
working wells are assumed to be fully fixed.

Figure 2 displays the axial-analysis physical model of
tunnel construction in a single construction zone. The
pre-support enclosure structure is idealized as a beam rest-
ing on an elastic foundation composed of soil and steel
struts consistent with Winkler’s fundamental assumptions,
while bearing an overlying pressure g, (x). Points 4 and D
are the fixed ends, marking the beginning and end of the
tunnel. Point B indicates the boundary of the steel-strut
area, also known as the latest support construction loca-
tion. Point C represents the position of the excavation sur-

qsw(x )

ALT T TR

AN =)

Fig. 2. Physical model for tunnel axial analysis.

face. According to the structural state, the axial model is
divided into three segments: steel-strut segment (AB),
exposed segment (BC), and soil-filled segment (CD). AB
and CD segments are supported by elastic media character-
ized by subgrade reaction coefficients ky(x) and k¢(x),
respectively, while the BC segment is modeled as a simply
supported beam.

To develop the mathematical model, a multi-segmental
deformation equation of vertical deformation y, is estab-
lished by separately evaluating three tunnel segments. A
coordinate system is established with Point A4 as the origin,
the direction from Point A to Point D as the positive x-axis,
and vertical upwards as the positive y-axis.

Based on the established physical model, the governing
differential equation for AB segment can be expressed as
Eq. (2):

4
S = Wy, — g0, @)

where E, represents the elastic modulus of the axial tunnel,
and [, represents the axial inertia moment. The general
solution of the differential equation can be written as Eq.

(3):
ya(x) = CVAB’Sx(VAB,l COS VAB—Sx + VAB,Q sin VAB,5)C)
+ eiVAB*SX(VA3,3 COS VAB—SX + VAB—4 sin VAB,5.X)

+ Vup—s,

(3)
! fgi’z, Vg6 = q,j:’(%>, and e is the natural

where Vp_5 =

constant.

BC’s governing differential equation can be expressed as
Eq. (4). The general solution of the differential equation
can be written as Eq. (5).

d4y
_Ele‘chfl = _qsw(x)7 (4)
Yo (x) = Ve 1x* + Ve ox® + Ve 3x* + Ve ax + Vpe_s,

(5)

where Ve | = ;ﬁgi}i
The force conditions for CD segment are similar to
those of 4B segment. Thus, the general solution to its gov-

erning differential equation can be expressed as Eq. (6):
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Valx) = €"P(Vep ycos Vep_sx + Vep_asin Vep_sx)
+e O (Vep_3c08 Vep_sx + Vep_asinVep_sx)
+ Vepss
(6)

Jimek, and Vep o = %23
In summary, the axial-analysis mathematical model for

vertical deformation is formulated as Eq. (7), which

where Vp_s =

involves 17 undetermined mathematical variables
Vas—1,-+s Vas—6; Vac—1, +, Vec-s; Veo-1, -+, Vep—e-
Vo(x) =F(x, Vg1, -+, Vepg) =

eVAB’Sx(VAB,l COS VA3,5X + VAB,Q sin VAB,5X)
+67VAB’5x(VAB,3 cos Vyp_sx + Vp_4a8Iin VAB—SX)

+VABf67 x in AB

CVCD’SX(VCD,1 CcoS VCD,5)C + VCD—2 sin VCD—SX)
—+e- VCD’SX(VCD_3 cos Vip_sx + Vep_g sin VCD_5)C)

+VCD—6a x in CD

(7)
Boundary conditions are defined and expressed in Eq.
(8) based on the assumptions of the physical model. The
first two equations imply that both vertical deformation
and rotation angle are equal to zero at the fixed ends A4
and D. The latter two equations enforce continuity condi-
tions at Points B and C, ensuring that vertical deformation
v, and axial rotation 0, :%‘ remain continuous across
these interfaces.

{ya(Xi) =0,0.(x))=0;i=4, D
Vi) = va(xir), Oa(xi) = Ou(xis); i = B, €

where x; is the coordinate of Point i; x;,_ and x;, refer to
both sides of the dividing Point i.

In conclusion, this section derives a mathematical model
in Eq. (7) and corresponding boundary conditions in Eq.
(8) from the axial-analysis physical model. These formula-
tions characterize the axial load-transfer mechanism and
serve as the representative analytical solution for a single
tunnel construction scenario.

®)

2.1.2 Model for cross-section analysis

Engineering practices indicate that construction activi-
ties in adjacent zones can also induce structural deforma-
tion. To account for the influence of adjacent
construction zones, a section model of a three-zoned tunnel
is developed, and several assumptions are introduced as
follows:

(1) Plane assumption. Given the substantial tunnel length,
the problem is simplified into a plane strain model for
cross-sectional analysis, focusing specifically on con-

Vc1x* + Vpeox® 4+ Vge_sx* + Vgc_ax + Vpes, x in BC.

struction influence and load transfer within the cross-
section.

(2) Assumption on the supporting system. Although the
actual supporting medium may vary along the section,
the cross-section’s subgrade coefficient 4. is assumed
constant to facilitate analytical simplification.

(3) Assumption on the construction influence. The con-
struction influence of the adjacent zones is assumed to
be a line load acting at the central section, and the cor-
responding vertical deformation y, can be determined
using Eq. (7). The model only considers the construction
influence and load transfer within the analyzed plane,
while neglecting the influence of overlying soil gravity
and other external factors.

(4) Boundary condition assumption. It is assumed that the
side walls and the crown of the pre-support tunnel are
rigidly fixed together.

The tunnel section is modeled as a continuous beam
resting on an elastic foundation characterized by a constant
subgrade reaction coefficient, as illustrated in Fig. 3.
Specifically, it separately considers the influence of the
peripheral construction zone (EF) and the influence of
the central construction zone (FG) In the physical model,
E and H represent the tunnel boundary in the section, while
F and G are demarcations of construction zones. Op and
Oc denote the centers of the two construction zones,
respectively. The detailed calculation of the vertical defor-
mation y, in the cross-section model is provided below:

Firstly, it analyzes the vertical deformation y . induced
by construction operations in the peripheral construction
zone (EF). A coordinate system is established with E as
the origin, the direction from E to G as the positive x-
axis, and vertical upwards as the positive y-axis. Under
equilibrium and stable conditions, the governing differen-
tial equation for the tunnel in this cross-section model is
expressed as Eq. (9).

4
—El. dd);ZC = kcch7 (9)
where E, represents the elastic modulus in the cross-section
model, and /. represents the cross-section inertia moment.
The general solution of the differential equation can be
written as Eq. (10).

Fig. 3. Physical model for tunnel cross-section analysis.
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Vee(x) = (V1 cos Aex + Vg sin dox)

+ e*)'C"(VC,3 COS Aex + Vie_gsin Aex), (10)
ke
4E 1.
cross-section model; Ve_1, Veos, Veos, and V_4 are inte-

gration constants.

The vertical deformation expression, Eq. (10), can be
further simplified by the boundary conditions. The sidewall
at Point E is a fixed connection, indicating that no vertical
deformation happens there y.(xz) = y.c|s=0 =0, further
simplified as V¢ | + Vo3 = 0. Assuming the distance L
between both centers of EF and GH satisfies the relation
expression L > 7, GH’s center is considered to be at an

where . =

is the flexibility characteristic of the

infinite distance and not influenced by construction opera-
tions in EF. There is no vertical deformation occurring at
infinite  distance y.|,— =0, further simplified as
Veoir=Vea=0. A vertical deformation y,, occurs at
EF’s center, xp, written as y(xp) = y,p, thereby resulting

. N . i
nVes=_m4%—— o Eventually, the vertical deformation

within the cross-section y - is expressed as Eq. (11), which
is induced by construction in the peripheral construction
zone (EF).

Jar e " sin Ax. (11)

Yec(¥) = e~/ sin Aexp

Secondly, the analysis focuses on the structural defor-
mation y. induced by construction activities in the central
construction zone (FG). A coordinate system is established
with Oc as the origin, the direction from G to E as the pos-
itive x-axis, and vertical upwards as the positive y-axis. The
governing differential equation for the cross-section under
equilibrium and stable conditions, along with its general
solution, follows a form similar to that of the previous case;
however, the undetermined variables Vp_y, Vp_s, Vp_3, and
Vp_4 differ to distinguish the two analyses, as expressed in
Eq. (12):

ycp(x) = G;LCX(VP,l Ccos }vC)C + Vp_,sin )ch)
+ e*iC"(VP_3 COS AeX + Vp_ysin AcX). (12)

To further simplify the formula, some boundary condi-
tions are adopted. Assuming that the distance from Oc¢ to
E, recorded as /cg, satisfies the relation expression /¢y > 7,
the side walls are considered to be at an infinite distance
and not influenced by construction operations in FG.
Under this assumption, the vertical deformation at infinity
is Zero y.p| = =0, which further yields Vp_; = Vp_, = 0.
According to the symmetry principle, the Point O¢ experi-
ences a vertical deformation y,. without angular displace-

ment, written as y.p|.—o = ¥, and Oep|,—0 = dj;" | =0 =0,
resulting in Vp_3=Vp_4=y,. Finally, the vertical
deformation within the cross-section yp is expressed as
Eq. (13), under the construction influence in the central
construction zone (FG).

Vep(X) = Vyc€ " (COS Jox + sin Jex). (13)

In summary, a physical-mathematical model for cross-
sectional analysis is developed to evaluate the construction
influence of adjacent zones, as represented by Egs. (11) and
(13). These equations serve as simplified formulations that
can be further refined through engineering experience and
performance tests, yielding an influence coefficient to quan-
tify the effects of adjacent-zone construction.

Collectively, the proposed physical-mathematical mod-
els provide a unified analytical framework for calculating
structural deformation, as summarized in Eq. (14). Vertical
deformation y of the pre-support enclosure is calculated
with the consideration of influence by both direct construc-
tion activities and the interactive influences of adjacent
construction zones.

y(x) = ya(x) + Zyc(i) (X(,‘));
i = C, P, represents adjacent areas, (14)

where y, is the vertical deformation induced by construc-
tion operations, y.; and x(; are the vertical deformation
and position in adjacent construction zones.

2.2 Physics-informed attention-LSTM model and hybrid
physics—data

To address the unknown variables in the physical-math-
ematical model and ensure rapid adaptation to evolving
on-site conditions, this section introduces a PI-ALSTM
network as the data-driven model. The PI-ALSTM contin-
uously assimilates real-time monitoring data and generates
the mathematical variables required by the physical-math-
ematical model developed in Section 2.1. In parallel, the
physical-mathematical model informs the PI-ALSTM
architecture and constrains the learning process through
physics-guided loss functions. The bidirectional collabora-
tion between the two models constitutes the core of the
HPDPA, enabling real-time, accurate, and physically inter-
pretable predictions of tunnel deformation.

The structure of the PI-ALSTM model and its integra-
tion with the physical-mathematical model are illustrated
in Fig. 4, with color coding consistent with the conventions
used in earlier figures. This section is organized into the fol-
lowing three parts.

2.2.1 Task-driven data preprocessing for the data-driven
model

Preprocessing the multisource data collected from the
real-world project and converting it into a suitable analyt-
ical format is a prerequisite for accurate prediction. The
multisource data includes three main categories: (1) engi-
neering inherent information, such as tunnel geometry,
support systems, and monitoring layouts; (2) construction
conditions, including both the completed construction pro-
gress and planned operations defined in the construction
schedule; and (3) on-site monitoring data, which captures
the structural responses and surrounding environmental
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Fig. 4. Structure of the PI-ALSTM model and the hybrid physics-data framework.

influences. To meet both the overarching modeling objec-
tives and specific prediction requirements, this section pre-
processes on-site data as shown in Fig. 5.

The primary goal is to extract informative features from
historical records to forecast potential structural deforma-
tions associated with forthcoming construction activities.
To this end, multisource information from recent days,
including construction progress and monitoring data, is
compiled into the training dataset for the data-driven
model. The most recent tunnel data, paired with construc-
tion plans, form the testing dataset. PI-ALSTM model is
well-trained with the historical data and generates reliable
variable outputs for the physical-mathematical model. To
further highlight the importance of construction condi-
tions, an additional input dataset (Input 2) is introduced

to refine the initial variables based on spatial dependencies.
Input 2 comprises spatial coordinates of the target point,
and construction date and conditions aligned with the pre-
diction target. In summary, two distinct input datasets are
constructed: a time-series dataset (Input 1) for extracting
temporal features from on-site monitoring data, and a spa-
tial dataset (Input 2) for spatial calibration of model vari-
ables. To maintain real-time adaptability, the training set is
continuously updated by incorporating newly acquired
data and removing obsolete information.

An illustrative example of the deformation prediction
for the tunnel’s midspan on September 20th, 2019, is shown
in Fig. 5, where the time step of the time-series dataset is 3
d. Multisource information from the past three days
(September 17th to 19th) is normalized as the time-series
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Septlember ,I—\ I I —\_
1 T
Sun Mon Tue Wed Thu Fri  Sat II% H hl I& H H H H H H ]lll l]} I]{ &
1 | 2 | 3| 4|5 | 6|7 | Working = Working |
well well
§ 9 10 1 12 13 14 {H{HHH -
5 16 |17 18 19| 2 Q JQ
. e
- 23 2 % 26 z o8 I September 20th, 2019 | Construction conditions Spatial coordinate
29 30 l 7 [ I
[Loading data in Input 2
chronological order for the point on Sept. 20th
o 1;:;;1 ;Oth ‘ [ A-LSTM ‘ Initial variables ‘ I FFCNN ’ Mathematical variables Tm
& 3 = o . Lo | . » 1 o . B
e i) I of PI-ALSTM ‘ for Sept. 20th ‘ of PI-ALSTM ’ for the point on Sept. 20th ‘ on Sept. 20th

Fig. 5. Task-driven data preprocessing approach. (An example of the deformation prediction for the midspan on September 20th, 2019).
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dataset (Input 1) that contributes to the physical-mathe-
matical model for prediction on September 20th. Subse-
quently, construction conditions on September 20th and
spatial coordinates of tunnel’s midspan are grouped as
Input 2. It participates in the modification of initial vari-
ables in the fully connected neural network (FCNN) struc-
ture, enhancing spatial correlations with the target points.
In summary, this section systematically preprocesses multi-
source information and constructs two structured input
datasets for the PI-ALSTM model.

2.2.2 PI-ALSTM model for variable generation in the
physical-mathematical model

To extract latent features from time-series input data
and generate reliable mathematical variables for the phys-
ical-mathematical model, this section introduces a PI-
ALSTM model. As illustrated in Fig. 4, the data-driven
deep learning model integrates two key components: an
attention-based LSTM (A-LSTM) structure and an FCNN
structure.

To begin with, the A-LSTM structure processes the
time-series dataset (Input 1) and generates initial variables.
LSTM performs well in capturing temporal dependencies,
while maintaining long-term dependencies essential for
modeling the temporal evolution of tunnel deformation
(Liet al., 2023). The hidden states generated by the LSTM
are then fed into the attention module, enabling the model
to focus on the most influential features and effectively
address the LSTM’s limitations in capturing long-range
dependencies (Zhou et al., 2024). Using a combination of
Tanh and Softmax activations, it re-evaluates the contribu-
tion of each hidden state, as shown in Fig. 4. The resulting
weighted feature representations are finally refined through
two linear layers, producing a set of initial variables with a
matrix size of 17.

The FCNN structure further adjusts these initial vari-
ables, informed by the physical-mathematical framework.
Variables associated with the BC segment, which are inde-
pendent of position, are directly output. In contrast, vari-
ables for the AB and CD segments, which depend on
spatial coordinates, are further adjusted within the FCNN.
Consequently, the initial variables are processed through a
ReLU activation and two linear layers to produce the final
spatially calibrated variables with a matrix size of 6 for the
physical-mathematical model.

As a result, the PIFALSTM model produces a set of vari-
ables compatible with the physical-mathematical model,
thereby enabling effective information transfer from real-
world observations to the computational model. These out-
puts of PI-ALSTM fill the previously undetermined vari-
ables in the WEFB-based physical-mathematical model,
transforming it into a “white-box” system that provides
an explicit and physically interpretable mapping from spa-
tial position to vertical structural deformation.

2.2.3 Physics-informed loss calculation for data-driven model
optimization

This section introduces an indirect strategy for con-
structing a physics-informed loss function to guide the
training of the PI-ALSTM model. As analyzed in Sec-
tion 2.1, directly obtaining and evaluating the mathemati-
cal variables in the physical-mathematical model is
computationally expensive and often impractical. To
address this challenge, the HPDPA adopts an indirect
weighted loss formulation, in which the performance of
the PI-ALSTM outputs is assessed through the deforma-
tion accuracy produced by the physical-mathematical
model. This design enables PI-ALSTM to learn under
explicit physical constraints while maintaining computa-
tional efficiency.

In the proposed framework, a physics-informed
weighted loss value, Loss, is introduced to couple data fide-
lity with physical consistency (Eq. (17)). This formulation
comprises two terms: a fitting error 10ssgeing that quantifies
the discrepancy between predicted and observed deforma-
tions, and a constraint error 108S.onstraint that enforces com-
pliance with the boundary conditions defined by the
physical-mathematical model:

(1) The fitting error is defined as the mean absolute error
(MAE) between the calculated vertical deformation
y(x;) and the measured value vy, ,cured—i» @S €Xpressed in
Eq. (15). Since the performance of mathematical vari-
ables is closely related to the overall performance of
the physical-mathematical model, the accuracy of defor-
mation predictions serves as an indirect measure of the
quality of the predicted variables. Considering the seg-
mented structure of the physical-mathematical model
and the large span of the tunnel, each of the three seg-
ments selects five deformations of different points uni-
formly for MAE evaluation that leads to a total of 15
points.

(2) The constraint error, defined in Eq. (16), is an MAE
value based on the constraint conditions in Eq. (8).
Evaluating variables’ performance in meeting the
boundary conditions is a practical approach to enhance
the physical validity of model outputs. This study
focuses on the constraint errors at Points 4, B, C, and
D, and quantifies them by displacement. On the one
hand, the constraint error about deformation continuity
Ay is directly calculated. On the other hand, the con-
straint error about rotation continuity Af is converted
into the loss of deformation gradient within the unit dis-
tance A0 - [y, where [, represents the unit distance.

(3) The weights wr and w, are flexibly adjusted according to
the model performance.

1 15
IOSSﬁmng = E Z |y(xl) — Vmeasured—i s (15)
i=1
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A,B,C.D

1Ossconslraint = é Z (Ay,- + AQI ' IO) =

i

5 {Af (172 (er) = O] +16a(x;) — Of - Lo

B,

+ Z Hya(xi*) _ya(xi+)| +

1

01‘1()(,;) - Hzl(xi+)| . lo]}’
(16)

Loss = Wflossﬁtting + Wclossconstraint
= Wflossﬁlling + (1 - Wf)lossconslraim- (17)

Overall, the weighted loss function evaluates the perfor-
mance of the PI-ALSTM by assessing how effectively its out-
put variables interact within the physical-mathematical
model. It establishes a feedback mechanism through which
information from the physical-mathematical model informs
and guides the optimization of the deep learning model. Asa
result, PI-ALSTM’s hyperparameters are refined toward
solutions that remain consistent with both on-site data and
physical principles. During training, the data-driven and
physical-mathematical models operate in a collaborative
and iterative loop, continuously cycling through historical
data to ensure that the HPDPA adapts dynamically to evolv-
ing site conditions and real-world construction processes.

2.3 Prediction performance evaluation

To assess the performance of the HPDPA, this section
adopts three metrics, including the MAE, root mean
square error (RMSE), and mean relative error (MRE), as
defined in Eqgs. (18) and (19). Smaller values of these indi-
cators correspond to higher accuracy in the predicted struc-
tural deformations. It should be noted, however, that when
the measured deformation values are small, the MRE can
become highly sensitive, occasionally leading to inflated
error evaluations (Zhang et al., 2026).

1 n
RMSE = ; Z b}(xf) - ymeasuredfi]za (18)
i=1
_ l - y(xi) — Ymeasured—i
MRE = - ) * |———mesuredi} (19)
n i=1 Ymeasured—i

3 Case study

To evaluate the effectiveness of the proposed HPDPA, a
real-world pipe-roof tunneling project is employed as a
case study. The validation process encompasses detailed
procedures for data acquisition and preprocessing, refine-
ment of the physical-mathematical model, development
of the data-driven model, and comprehensive analysis of
the resulting predictions.

3.1 Real-world data acquisition and preprocessing

The proposed architecture is validated using a pipe-roof
tunneling project in Shanghai, China. This large-section,

large-span pre-support tunnel features a rectangular con-
figuration, which facilitates both construction implementa-
tion and physical analysis of structural deformation. The
tunnel extends approximately 100 m in length, 25.6 m in
width, and 10.5 m in height, with an average burial depth
of 5.7 m. The crown of the enclosure structure comprises
steel jacking pipes with a diameter of 1.0 m and a wall
thickness of 20 mm, interconnected by steel locks. Tunnel
construction follows a three-zoned, two-step excavation
approach, as illustrated in Fig. 6, proceeding in the order
L1-R1-M1-L2-R2-M2 (C. Zhang et al., 2025).

Construction information and monitoring data are col-
lected once a day, and the items are summarized in Table 1.
The details of monitoring items are as follows. Structural
deformations are continuously monitored via the hydro-
static leveling system with sensors embedded in the upper
jacking pipes. As illustrated in Fig. 6(a), deformation sen-
sors are positioned at the center of each construction zone
at 6 m intervals along the tunnel axis, yielding 17 sensors
per construction zone. Furthermore, eight observation
wells are placed on each side of the tunnel at 25 m intervals
to monitor horizontal soil displacement, subsurface settle-
ment, soil pressure, and pore water pressure. Groundwater
levels are monitored through 10 observation wells on both
tunnel sides, spaced 20 m apart. Ground settlement is pri-
marily tracked around the working well, with two sets of
monitoring points located 5 and 10 m from the wells, each
comprising 12 monitoring points spaced 3 m apart.

Raw data collected from the real-world tunnel project
requires transcription and inspection before being incorpo-
rated into the prediction architecture. Firstly, a coordinate
system is established on the plane of the tunnel’s crown,
with the origin at the corner of the departure well. Within
this system, construction progress and point locations are
recorded in numerical format. Secondly, monitoring data
are carefully examined to identify and remove anomalous
entries arising from equipment malfunctions or human
errors, which are specifically manifested as values remain-
ing unchanged for long periods or abruptly changing
within short intervals. The compiled multisource dataset
is summarized in Table 1 and totals 147 d. Thirdly, follow-
ing the task-driven data preprocessing strategy outlined in
Section 2.2.1, these data are subsequently normalized to
ensure consistency and enhance computational stability.

3.2 Physical-mathematical model refinement

This section simplifies the mathematical formulation of
the cross-sectional model, Eq. (14), aimed at considering
the construction influence of adjacent zones as an influence
coefficient.

Firstly, it assigns values to physical parameters based on
the specific project and practical experience. For the real-
world pipe-roof tunnel, each construction zone measures
8 m in width and 1 m in thickness. Given the absence of
performance tests for the pipe-roof enclosure structure in
the project documentation, this study draws on relevant lit-
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Fig. 6. Overview of the pipe-roof tunneling project. (a) Cross-section view and deformation-sensor layout, and (b) cross-section view of a construction

zone.
Table 1

Description of multisource data.

Item Role Amount Range Unit
Ground settlement Input 1 48 -29.5 to 14.8 mm
Horizontal soil displacement Input 1 8 -29.0to 0 mm
Subsurface settlement Input 1 21 -11.1 to 9.1 mm
Soil pressure Input 1 41 0-196 kPa
Groundwater level Input 1 10 -209 to 181 mm
Pore water pressure Input 1 21 7-158 kPa
Excavation progress Input 1&2 6 0-100 m
Supporting progress Input 1&2 6 0-100 m
Initial variables A-LSTM'’s output 17 - -
Variables for the mathematical model PI-ALSTM’s output 6 - -
Structure vertical deformation Prediction target 45 -26.14 to 1.58 mm

erature to estimate the structural stiffness of the cross-
section analysis model E.. =9 x 10° N-m?. Based on
established guidelines from previous research, the subgrade
coefficient values k. = 1 x 10° N/m?. Consequently, the

flexibility characteristic of the cross-section model is
Je = {2~ 0.2296 m!.

4E I,
Secondly, it quantifies the construction influence of the
peripheral construction zone (EF) in Eq. (11). In this sce-
nario, Op and Oc are located at xp=4m, and
xc = 12 m. EF’s construction operations result in vertical
deformation y,, at EF’s center in the cross section and a
vertical deformation y, at FG’s center. The relationship
between the two deformations is listed in Eq. (20):

Var
e~ %P sin A.xp

Vo = e "¢ sin Joxe = 0.08y,,. (20)

Thirdly, the construction influence of the central con-
struction zone (FG) is quantified using Eq. (13). In this sce-
nario, unlike the previous coordinate system, Op and Oc¢

are located at xp =8 m and xo = 0. FG’s construction

operations lead to a vertical deformation y,. at FG’s center
in the cross section and a vertical deformation y at EF’s
center, whose relationship is outlined in Eq. (21):

(21)

In conclusion, the influence coefficient of adjacent-zone
construction is set as 0.1. It means that within the same
cross-section of the tunnel, the structural deformations in
adjacent zones are approximately 10% of those observed
in the active construction zone. Accordingly, the secondary
deformation arising from adjacent construction zones is
expressed using Eq. (7). A simplified expression for multi-
zone concurrent construction is shown in Eq. (22):

Vep = Vac€ 7 (cOS Aexp + sin Aexp) = 0.11y, ..

y(x) =F(x,Vap-1,--+,Vepg)+0.1
(e VL), 2)
where V), .-, V¥ . denote 17 mathematical variables

in the adjacent construction zones. The simplified represen-
tation allows the PI-ALSTM model to concentrate more
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on the primary construction operations during training,
reducing computational complexity.

3.3 Data-driven model development

Building on the structured database, this section
advances the development of the PI-ALSTM model and
contains three stages:

The first step involves determining the configuration of
training and testing sets based on the requirements of the
prediction task. The HPDPA is designed to learn historical
data in the previous 15 d and to predict potential structural
deformations for the next three construction steps. The
task’s time span primarily balances the need for sufficient
valid training data while avoiding an excess of outdated
data. Therefore, upon the data update for a new day, the
training set eliminates the oldest data to ensure that it
retains only 15 d of historical data. The testing set consists
of the most recent three days of monitoring data, desig-
nated as Input 1, and the subsequent three days of operat-
ing information, designated as Input 2.

The second stage focuses on constructing the PI-
ALSTM model using the PyTorch framework, with the
architectural configuration summarized in Table 2. It is a
simple and common deep learning structure, whose hyper-
parameters are set following conventions. A-LSTM struc-
ture employs a bidirectional LSTM layer with a hidden
state size of 32, enabling efficient extraction of temporal
dependencies from sequential data. It also incorporates
two linear layers with a hidden state size of 128 to generate
an initial output with a size of 17. FCNN structure refines
these variables through two linear layers with a hidden
state size of 64, yielding the final set of 6 mathematical vari-
ables for integration into the physical-mathematical
model.

The third stage involves optimizing the training configu-
ration of the developed PI-ALSTM model to achieve
robust predictive performance. PI-ALSTM is trained on
a single NVIDIA GeForce RTX 3090 GPU with 24 GB
of memory. The model is compiled using the Adam opti-
mizer, with the physics-informed loss function defined in
Egs. (15)—(17) and a learning rate of 0.001. Training is per-
formed for 100 epochs with a batch size of 16. The evolu-
tion of the total weighted loss (black), fitting error (red),
and constraint error (blue) during training is shown in
Fig. 7(d). To enhance feedback from the weighted loss
function, a comparative experiment is conducted using dif-

Table 2

Hyperparameters of the PI-ALSTM model.

Structure Layer Hyperparameters Value

A-LSTM structure LSTM layer Hidden size 32
Linear layer Hidden size 128

FCNN structure Linear layer Hidden size 64

ferent weight combinations to determine the most effective
prediction performance.

Four groups of weight configurations are tested to eval-
uate the influence of the fitting and constraint error balance
on model performance, namely we:w.=0.7:0.3 (in
orange), 0.5:0.5 (in green), 0.3:0.7 (in purple), and 1.0:0
(in yellow), representing different proportions of the weight
we for fitting error and the weight w, for constraint error.
Each configuration is applied in ten prediction trials, and
the evaluation results are summarized in Fig. 7(a)—(c).
The average scores of the wy : w, = 0.7 : 0.3 group are eval-
uated as 0.30 mm (MAE), 0.52 mm (RMSE), and 0.03
(MRE). The wy : w, = 0.5 : 0.5 group performs at an aver-
age evaluation of 0.50 mm, 0.67 mm, and 0.05, the
wr :we, = 0.3:0.7 group exhibits an average performance
of 0.53 mm, 066 mm, and 0.05, while the
wr : we = 1.0 : 0 group performs the worst, with an average
score of 1.40 mm, 1.16 mm, and 0.14, respectively. The
evaluation results confirm that assigning weights of 0.7
for fitting error wy and 0.3 for constraint error w, provides
the optimal trade-off between data fidelity and physical
consistency, thereby enhancing the predictive accuracy of
HPDPA.

3.4 Result analysis

Building on the developed multisource database and
hybrid physics—data mechanism, this section presents a
comprehensive evaluation of the HPDPA’s predictive per-
formance. The assessment proceeds in three stages, includ-
ing physical reliability, prediction accuracy, and model
stability. Detailed analyses are presented below.

(1) The physical-mathematical model with mathematical
variables demonstrates excellent performance in depict-
ing the real-world deformation, enhancing the physical
interpretability of the data-driven model’s outputs.

Figure 8 displays the axial deformation curves for both
predicted (solid line) and measured results (dotted line)
across the three construction zones on Day 60 and Day
140. Black, red, and blue lines represent construction zones
L, R, and M, respectively. It is essential to highlight that
each predicted curve is derived from a total of 200 calcula-
tions of structural deformations at 200 equivalent points
along the tunnel axis on the specific day. The prediction
curve details the characterization of axial deformation vari-
ations across the whole tunnel structure on the very day.
The measured curve is drawn by all monitoring points in
the same construction zone.

The predicted axial deformation curves closely repro-
duce the overall patterns, magnitudes, and evolutionary
trends observed in the measured data. The results demon-
strate that PI-ALSTM’s outputs achieve the desired perfor-
mance and are well interpreted in the physical-
mathematical model, exhibiting strong reliability and phys-
ical interpretability. In other words, the data-driven mod-
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Fig. 7. Performance comparison under different loss-weight configurations. (a) MAE distribution, (b) RMSE distribution, (c) MRE distribution, and (d)

loss curve of loss weight wy : w, = 0.7 : 0.3.

el’s output is valid within the physical-mathematical
model, and together they establish an exact computational
mapping for structural deformations.

(2) The HPDPA delivers highly accurate and stable predic-
tions of structural deformation, underscoring the preci-
sion and robustness of the proposed framework.

Figure 9 illustrates the evaluation distribution of 200
tests, including MAE, RMSE, and MRE, and also the sta-
tistical performance of evaluation scores. A total of 200
prediction experiments are conducted, including 10 groups
of midspan deformation predictions for each construction
zone on Days 50, 60, 70, 80, 120, 130, and 140.

The deformation prediction demonstrates a high level of
stability and accuracy, leading to an overall satisfactory
performance. The average prediction errors are 1.11 mm
(MAE), 0.97 mm (RMSE), and 0.07 (MRE), with corre-
sponding medians of 0.95 mm, 0.97 mm, and 0.06. Approx-

imately 50% of MAE values fall within 0.46-1.53 mm, and
90% remain below 2.52 mm, confirming the method’s high
accuracy in predicting pipe-roof tunnel deformations.
RMSE values are tightly distributed around 1 mm, with
90% within 0.68—1.24 mm, highlighting the model’s stabil-
ity. For MRE, half of the values lie between 0.03 and 0.10,
and 90% remain below 0.17. Collectively, these results val-
idate the high accuracy and robustness of the HPDPA for
deformation prediction in pre-support tunnel construction.

(3) The prediction interval consistently exhibits excellent
precision and adaptability throughout the tunnel con-
struction process, demonstrating the generalization
capability of the proposed framework in forward-
prediction tasks.

Figure 10 shows the prediction deformations at the mid-
span (50 m position) in Zone R over a period from Day 24
to Day 83. It takes 10 groups of predictions at mid-span in
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Fig. 8. Comparison between measured and predicted axial deformation curves. (a) Deformations of Zone L on Day 60, (b) deformations of Zone L on
Day 140, (c) deformations of Zone R on Day 60, (d) deformations of Zone R on Day 140, (e) deformations of Zone M on Day 60, and (f) deformations of

Zone M on Day 140.

Zone R each day during the period, and then calculates the
average value and standard deviation separately. To
enhance the presentation of the prediction performance
over time, a prediction interval is developed in accordance
with the three-sigma principle.

The 99% confidence interval forms a narrow band that
fully encloses the measured deformation curve, indicating
strong agreement between predicted and observed
responses. This stability is maintained throughout the
entire construction sequence of Zone R, confirming the
robust adaptability of the HPDPA when operating with

continuously updated real-world data. Overall, the
HPDPA exhibits high accuracy, reliability, and generaliza-
tion, successfully forecasting future structural deforma-
tions from historical information.

4 Discussion

This section conducts two comparative experiments to
evaluate the performance of HPDPA in real-time tunnel
deformation prediction. The first experiment contrasts the
proposed framework with a purely data-driven deep learn-
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and (d) overall prediction performance.
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ing model, assessing the advantages introduced by the
hybrid physics—data mechanism. The second experiment
investigates the predictive performance of different config-
urations of the physical-mathematical model, demonstrat-
ing the architecture optimization.

4.1 Comparison of the hybrid physics—data mechanism

To evaluate the effectiveness of the hybrid physics—data
mechanism, a comparative experiment is developed using
different strategies. A purely deep learning model, marked
as AttLSTM, is developed as the baseline. AttLSTM uti-
lizes the same input database and deep learning structure
as the proposed framework, while it adjusts FCNN’s out-
put size to 1 and employs an L1 loss function for optimiza-
tion. This comparative experiment conducts 200 groups of
tests as Fig. 9, and the comparative results are summarized
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Fig. 11. Comparative performance of HPDPA and AttLSTM. (a) MAE distribution, (b) RMSE distribution, (c) MRE distribution, and (d) overall

prediction performance.

in Fig. 11, where the HPDPA is shown in orange and the
AttLSTM baseline in blue.

The hybrid physics—data mechanism demonstrates
markedly higher accuracy and robustness, while AttLSTM
suffers from poor generalization and limited stability. As
shown in Fig. 11, HPDPA attains average scores of
1.11 mm (MAE), 0.97 mm (RMSE), and 0.07 (MRE), with
corresponding medians of 0.95 mm, 0.97 mm, and 0.06,
while AttLSTM performs average scores of 7.61 mm,
2.74 mm, and 0.47, and medians of 7.21 mm, 2.69 mm,
and 0.44, respectively. These results indicate that the purely
data-driven approach fails to capture the underlying spa-
tiotemporal dependencies required for reliable deformation
prediction. By contrast, HPDPA effectively embeds physi-
cal knowledge within the learning process, enhancing both
predictive stability and interpretability, and thereby
enabling precise, real-time forecasting of pipe-roof tunnel
deformations.

4.2 Comparison of the physical-mathematical model

A comparative experiment is conducted to assess the
architecture optimization. Two simplified variants are
developed for comparison. Model Y considers only the
direct influence of construction operations, employing
Eq. (7) as the physical-mathematical model, and neglects
the construction effects of adjacent construction zones.
Model Z takes all physical parameters as constant based
on Model Y, omitting the FCNN structure to remove the
spatial adjustment of mathematical variables. The remain-
ing unmentioned parts are consistent with HPDPA. The
comparative experiment takes 10 groups of predictions at
mid-span in Area R each day during a period from Day
24 to Day 83. The evaluation distributions for each model
are presented in Fig. 12(a)—(c), while the 99% confidence
intervals of predicted deformations are shown in Fig. 12
(d). In the sub figures, results for HPDPA, Model Y, and
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Fig. 12. Comparative performance of different physical-mathematical models. (a) MAE distribution, (b) RMSE distribution, (c) MRE distribution, and

(d) prediction intervals with 99% confidence.

Model Z are shown in orange, green, and purple,
respectively.

The proposed HPDPA achieves markedly higher preci-
sion and predictive reliability owing to its optimized phys-
ical-mathematical formulation. As shown in Fig. 12(a)—(c),
HPDPA attains average errors of 0.70 mm (MAE),
0.84 mm (RMSE), and 0.08 (MRE), with corresponding
medians of 0.66 mm, 0.77 mm, and 0.07. In comparison,
Model Y yields average values of 1.16 mm, 1.29 mm, and
0.12, and medians of 0.85 mm, 0.97 mm, and 0.09, whereas
Model Z performs notably worse, with average values of
1.67 mm, 1.84 mm, and 0.17, and medians of 1.27 mm,
1.31 mm, and 0.12. These results demonstrate that HPDPA
delivers more accurate and concentrated predictions than
the simplified counterparts.

Further insights are provided by the deformation pre-
diction intervals shown in Fig. 12(d). The 99% confidence
interval of HPDPA aligns closely with the measured defor-

mation curve and remains consistently narrow, reflecting
superior precision and stability. By contrast, Model Y pro-
duces broader intervals with intermittent deviations, while
Model Z exhibits the weakest performance, characterized
by high variance and limited reliability. Collectively, these
findings confirm that the optimized physical-mathematical
model enables HPDPA to deliver high-fidelity, stable, and
reliable deformation predictions, ensuring robust and gen-
eralizable performance under real-time construction
conditions.

5 Conclusions

This study develops a hybrid physics—data approach
HPDPA to forecast tunnel-induced deformations in pre-
support tunnel projects using continuously updated on-
site data. The proposed HPDPA establishes a bidirectional
collaboration framework between physical and data
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domains: the WEFB-based physical-mathematical model
guides the data-driven network’s architecture and loss for-
mulation, while the PI-ALSTM model dynamically gener-
ates and updates the physical model’s variables through
real-time field data. This integrated mechanism enables
HPDPA to achieve high-precision and reliable deformation
forecasting, offering engineers a deeper understanding of
the structural response and actionable insights for adaptive
construction management.

The principal contributions of this study can be summa-
rized in two key aspects. From the state of knowledge,
HPDPA introduces an innovative approach that couples
physical theory with data-driven intelligence, generating
real-time, high-accuracy structural deformation predic-
tions. It replaces physical constant parameters with data-
driven dynamic parameters in the physical-mathematical
model, performing more consistently with the construction
progress on site. While the physical-mathematical model
informs PI-ALSTM’s loss calculation and hyperparameter
optimization, employing an indirect approach. From the
state of practice, the bidirectional collaboration within
HPDPA artfully sidesteps the hard-to-obtain physical
parameters and on-site monitoring data, reducing on-site
information requirements. Furthermore, HPDPA inter-
prets the data-driven variables within the framework of
the proposed physical-mathematical model, offering phys-
ically reliable and data-responsive predictions of pre-
support tunnel deformation.

The proposed HPDPA is validated through a case study
based on the real-world pipe-roof tunnel project within the
Shanghai Metro system. First, the physical-mathematical
model, supported by the variables generated from the PI-
ALSTM model, closely reproduces the measured axial
deformation, demonstrating the model’s strong physical
consistency. Second, HPDPA generates high-accuracy
and stable structural deformations, with mean evaluation
metrics of 1.11 mm (MAE), 0.97 mm (RMSE), and 0.07
(MRE). Third, HPDPA exhibits high stability and general-
ization in future-prediction tasks, with the 99% confidence
interval featuring a narrow band that fully envelopes the
measured curve. Fourth, compared with alternative predic-
tion models, HPDPA exhibits superior accuracy, stability,
and generalization, underscoring the effectiveness of its
integrated hybrid physics—data mechanism.

Despite its promising performance, HPDPA still faces
limitations. This study focuses on a pre-support tunnel
with a plane roof, whereas many underground tunnels
adopt arch-shaped configurations (Zhou et al., 2021). To
enhance general applicability, future research should aim
to develop more versatile physical-mathematical models
capable of representing multi-step and zoned tunnels under
varying geometries. Such models would facilitate broader
deployment across diverse pre-support tunneling scenarios.
In addition, the relatively limited and homogeneous project
dataset constrains the complexity of the current deep
learning-based model. Expanding the database with more
diverse on-site measurements and data processing methods

would further improve model generalization and predictive
performance (Phoon et al., 2022).

Data availability

The data that support the findings of this study are
available on https://github.com/Zcy666-bot/HPDPA git.
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