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ABSTRACT

The design of reinforced concrete cantilever retaining walls is a fundamental task in
geotechnical and structural engineering to ensure stability in areas with significant ground elevation
differences. Conventional design approaches based on classical earth pressure theories (e.g., Rankine,
Coulomb) and iterative stability checks are often time-consuming, rely heavily on engineering
judgment, and may lead to conservative, non-optimal solutions in terms of material use. This study
proposes a novel optimisation framework using Physics-Informed Neural Networks (PINNs) to
automate and enhance the cross-sectional design of cantilever retaining walls. Unlike traditional data-
driven machine learning models, the proposed PINN embeds governing physical principles and
technical constraints such as earth pressure theory, sliding and overturning stability, bearing capacity
limits, and simplified structural strength requirements directly into the loss function. The model
predicts key geometric parameters, including stem thickness (top and base), toe length, heel length,
and base thickness, aiming to minimise concrete volume while satisfying all stability and strength
criteria. The PINN is implemented in PyTorch and trained using the AdamW optimiser. Validation is
performed through conventional design calculations and comparison with industry-standard software.
Case studies demonstrate that the PINN can achieve up to 10-25% reduction in concrete volume
compared with traditional designs, while maintaining required safety factors. The results highlight the
potential of physics-informed deep learning as an efficient and reliable tool for preliminary retaining
wall design, enabling engineers to explore optimal and code-compliant solutions rapidly.

KEYWORDS: cantilever retaining wall, reinforced concrete, physics-informed neural
network, optimisation, geotechnical engineering.

1 INTRODUCTION

Retaining walls are essential geotechnical and structural systems designed to maintain soil
stability in areas with significant elevation differences. They are widely applied in infrastructure
projects such as road and railway construction through hilly terrains, slope stabilisation, basement
excavation, and waterfront protection. Among various types, reinforced concrete (RC) cantilever
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retaining walls are ubiquitous due to their structural efficiency and adaptability to medium-height soil
retention applications.

Conventional design of RC cantilever retaining walls follows a sequence of preliminary
dimensioning, earth pressure calculation based on classical theories (e.g., Rankine, Coulomb),
stability checks against sliding, overturning, and bearing capacity failure, followed by structural
design of each component. This process is inherently iterative, relies heavily on the designer’s
experience, and typically explores only a limited range of geometries, often resulting in conservative
solutions with higher-than-necessary material consumption.

Over the last two decades, techniques like genetic algorithms, particle swarm optimisation, and
simulated annealing have been introduced to improve design efficiency. However, these methods
generally treat the structural analysis as an external “black box,” requiring repeated numerical
evaluations that can be computationally expensive. Machine learning (ML) methods have recently
emerged for predicting earth pressures or safety factors. Still, most remain purely data-driven, lacking
direct enforcement of physical laws and design code requirements.

This study addresses these limitations by introducing a Physics-Informed Neural Network
(PINN) framework for retaining wall optimisation. The proposed approach automatically generates
optimal cross-sectional dimensions that minimise concrete volume while satisfying all safety criteria
by embedding soil mechanics, stability equations, and simplified structural strength checks directly
into the network’s loss function. Integrating deep learning and engineering mechanics offers a
promising direction for efficient, code-compliant preliminary design.

The foundation of retaining wall design lies in accurately determining lateral earth pressures.
The Rankine (1857) and Coulomb (1776) theories remain the most widely adopted, providing
analytical formulations for active and passive pressure coefficients under various backfill and wall
conditions. Modern standards, including Eurocode 7 (EN 1997-1:2004) and ACI 318-19, incorporate
extensions for soil cohesion, sloping backfills, groundwater, and surcharge loads. Stability verification
typically includes checks against sliding, overturning, and bearing capacity failure, with prescribed
safety factors ranging from 1.5 to 2.5 depending on soil type and structural configuration.

Efforts to optimise retaining wall dimensions have been made for several decades to minimise
construction costs or material volume while maintaining safety compliance. Metaheuristic algorithms
such as genetic algorithms (Ahmadi-Nedushan & Varaee, 2009), particle swarm optimisation (Kaveh
& Khayatazad, 2012), and hybrid simulated annealing (Yepes et al., 2008) have demonstrated
reductions in concrete volume and cost. However, these approaches rely on repeated analytical or
finite element model evaluations, leading to high computational demands, especially for complex
geotechnical conditions.

Machine learning (ML) methods have been applied to predict earth pressures (Samadi et al.,
2023), estimate safety factors (Wengang et al., 2023), and model deformation behaviour. While data-
driven ML can achieve high predictive accuracy, it generally requires large, high-quality datasets and
lacks explicit enforcement of physical laws. Consequently, purely data-driven designs risk producing
geometries that violate stability or code requirements when extrapolated beyond the training domain.

Introduced by Raissi et al. (2019), PINNs incorporate governing physical equations directly
into the neural network’s loss function, enabling solutions that inherently satisfy physics constraints
even with limited data. PINNs have been successfully applied to computational fluid dynamics, solid
mechanics, and geotechnical problems such as seepage (Luo et al., 2023) and consolidation (Depina et
al., 2022). Recent advances include multi-task PINNs and adaptive weighting schemes for balancing
competing loss terms (Wang et al., 2021).

Despite significant advances in optimisation and ML for geotechnical design, few studies have
directly applied PINNs to optimise retaining wall geometry. Existing optimisation approaches treat
geotechnical analysis as an external computation, whereas PINNs can embed soil mechanics, stability
constraints, and structural checks within a unified framework. This integration enables efficient
design space exploration, potentially reducing material usage without compromising safety.
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2 DATA AND METHODOLOGY

2.1 Problem formulation

The focus is on cantilever RC retaining walls comprising a vertical or slightly inclined stem, a
base slab divided into a toe and a heel, and no counterforts. This configuration is widely used for
medium-height applications.

The PINN predicts the following geometric parameters, which are illustrated in Figure 1:

H _,  isstem height; ¢ ¢ are stem thickness (top and base); L, is toe length; L, is heel length;

Stem s,top ° “s,base
and 7, is the base slab thickness. All variables are bounded by realistic engineering limits to ensure

constructability.

Retaining Wall Geometry - Symbolic
urcharge Load (gs)

Height (m)

Lt b5 base Ln

=1 0 1 2 3 4 5
Length (m)

Fig. 1. Retaining wall cross-section.

The target is to minimise the concrete volume per meter of wall length:

VC = V;tem + I/base (1)

where V.

stem

and V,

base

are derived from geometry and thickness parameters.

2.2 Physical and technical constraints

The model incorporates:
- Sliding stability: FS >1.5;

sliding

>2.0;

2

- Overturning stability: FS

overturning ~—
. . B
- Bearing capacity: p . <gq, and e< g .

Simplified bending and shear verifications are applied to:
- Stem at base;
- Toe slab at stem junction;
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- Heel slab at stem junction.
Concrete compressive strength f and steel yield strength f’ , define allowable stresses.

Minimum thicknesses, minimum toe/heel lengths, and tapering rules ¢ >t are enforced.

s,base s,top

2.3  PINN architecture

Input: Fixed problem parameters (soil properties, height to retain, surcharge load, material
strengths).

Output: Six design variables (H Lo onst L.,L,.t, )

stem ® “s,top ? " s,base
Fully connected feedforward network (3—4 hidden layers, 64—128 neurons each).

Activation: Tanh is used for hidden layers; Sigmoid is used to scale the output layer.
The total loss is a weighted sum:

=I01,L,+11¢Ls+11, L, +
+II,L, +11g L, +T1,L,

L

‘total

)

where, L, is objective (minimize V,); Lg,L,, ,L,are the stability constraints; L is structural

checks; and L is geometric constraints.

The model was implemented using the PyTorch framework with automatic differentiation. For
optimization, we employed the AdamW optimizer with an initial learning rate of 107>, which was
dynamically adjusted by a ReduceLROnPlateau scheduler. The model was trained for 10,000 to
20,000 epochs, depending on convergence. Throughout the training, the weights I1i were iteratively
tuned to balance the objective function and constraints. An early stopping mechanism was applied to
prevent overfitting to local minima.

Figure 2 illustrates the overall optimization scheme employing PINN, detailing the architecture,
physical functions, loss components, and the iterative training process.
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Fig.2. Optimisation scheme using PINN.

3 RESULTS

3.1 Case study setup

A representative design scenario was defined to evaluate the proposed PINN framework. The
key geometric parameters and soil properties adopted for this scenario are summarized in Table 1.
Tab. 1. Geometry and soil properties.

Parameter Value Unit
Retained height, H ;. 4.5 m
Backfill soil, }, 18 kN/m?
Backfill friction angle, (p{ 30 °
Foundation soil, }, 19 kN/m?
Foundation, (0'2 25 °
Allowable bearing capacity, ¢, 150 kPa
Surcharge load, ¢, 10 kPa
Concrete strength, fc 25 MPa
Steel yield strength, fy 400 MPa
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3.2 Optimisation results

The geometric parameters of the cross-section optimized by the PINN are compared with those
from a traditional design in Table 2, quantifying the changes for each variable.

Tab. 2. Results from retaining wall cross-section optimisation.

Variable Traditional Design PINN-Optimized Change (%)

Stem height H , (m) 4.50 4.50 0.00

Stem top thickness 7, (m) 0.25 0.20 -20.00
Stem base thickness 7, (m) 0.45 0.40 -11.11
Toe length L (m) 1.10 0.50 -54.55
Heel length L; (m) 2.00 2.38 +19.00
Base thickness # (m) 0.40 0.40 0.00

Concrete volume V. (m*/m) 2.99 2.66 -11.04

The optimised design meets all stability and structural requirements while reducing concrete
volume by 11.04% compared to the conventional design.
The final cross-section of the retaining wall as determined by the optimization framework is
illustrated in Fig. 3, with the key dimensions annotated.
Retaining Wall Design - Optimized Dimensions
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Surcharge Load = 10.0 kPa
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Fig. 3. Optimised cross-section of the retaining wall.
3.3 Assessment Constraint verification

To validate the final design, its performance was checked against the key stability and bearing
capacity constraints. Table 3 summarizes the results of this verification.
Tab. 3. Verification results

Constraint

Required

PINN Result

Status

FS

sliding

>1.50

1.50

V Pass
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ES, riirning >2.00 3.36 v Pass

DPoax (kP2) <150 137.45 v Pass

e (m) <0.53 0.33 v Pass

3.4 Discussion

The results demonstrate that directly integrating soil mechanics, stability checks, and structural
requirements into a PINN framework can improve design efficiency. Unlike metaheuristic algorithms,
which require repeated “black-box” evaluations, the PINN internally enforces constraints, reducing
computational expense once trained.

This approach is particularly beneficial in preliminary design stages, allowing engineers to
quickly explore a broader range of geometries. However, limitations include the simplified structural
checks and the exclusion of complex loading conditions such as seismic forces and groundwater
effects, which should be addressed in future research.

4 CONCLUSION

This study proposed a Physics-Informed Neural Network (PINN) framework for optimising the
cross-sectional geometry of reinforced concrete cantilever retaining walls. Unlike conventional
designs or purely data-driven machine learning models, the proposed approach integrates soil
mechanics, stability checks, and simplified structural strength requirements into the network’s loss
function.

The model predicts optimal values for stem thickness, toe length, heel length, and base
thickness to minimise concrete volume while ensuring compliance with Eurocode and ACI stability
criteria. In the presented case study, the PINN-optimised design achieved an 11.04% reduction in
concrete volume compared to a conventional design, without compromising sliding, overturning, or
bearing capacity safety factors.

Key contributions of this research include:

1. Developing a fully integrated design optimisation framework that eliminates the need for
iterative “trial-and-error” sizing.

2. Demonstrating the potential of PINNs to produce code-compliant, material-efficient designs
in a single computation cycle.

3. Providing a scalable methodology adapted to different soil profiles, load conditions, and
structural types.

Limitations: The current model applies simplified structural checks and assumes static loading
conditions without groundwater or seismic effects. Additionally, validation was conducted through
numerical simulation rather than full-scale experimental testing.

Future work: Future developments should incorporate advanced geotechnical models, dynamic
and hydrostatic loading scenarios, and detailed reinforced concrete design to ensure full compliance
with construction codes. Expanding the framework to multi-objective optimisation, considering cost,
CO: emissions, and construction time, would further enhance its practical relevance.
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