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Abstract - The goal of this research is to develop an accurate predictive model for the stress-strain behavior of unstabilized
rammed earth in compression using Recurrent Neural Networks (RNNs), where the hyperparameters are determined using Ant
Colony Optimization (ACO) and Whale Optimization Algorithm (WOA). Written in Python, the NNs were trained on synthetic
data consisting of 2,000 random stress-strain curves generated from probabilistic distributions of peak strain and strength.
Experiments show the effectiveness of metaheuristic search: although a manually tuned baseline mean squared error of 0.00049,
a two-hand (Ant Colony Optimization and Whale Optimization Algorithm) optimized model drastically outperformed prediction
performance with convergence to 0.000064 and 0.000039 in terms of Mean Squared Error (MSE), respectively. The reliability
of the model was demonstrated by experimental validation with various types of soil mixtures.
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1. Introduction
1.1. Overview of Rammed Earth

The construction sector is recognized as one of the most
environmentally impactful industries. According to Maskell et
al. [1], buildings are associated with one-third of the global
energy-related emissions. In addition, existing building
materials are based on manufacturing technology and
industrial elements with a high energy content, as well as
greenhouse gas (mainly CO2) emissions [2]. Thus, the current
world trends in stepping closer toward sustainable
development have steered attention to alternative energy-
efficient buildings [3].

Rammed Earth (RE) seems to be among the most
interesting and promising low-carbon construction materials,
mainly due to its very poor environmental impact
(conditional value 0.023 kg-eqCO2/kg), compared to standard
building materials such as concrete (0.130 kg-eqCO2/kg) [4].
Besides low emissions, RE has practical advantages due to its
affordability, utilization of local aggregates, recyclability, and
favorable thermal performance with good adequate regulation
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capacities [5]. The technique is an early method of
construction, which involves placing moist earth into a
temporary framework to obtain the desired wall height.
Usually, the soil mixture consists of well-graded sand or
clayey sand; when clay is the only binder involved, it is called
Unstabilized Rammed Earth (URE), and with other additives
like cement or lime, the material is classified as Stabilized
Rammed Earth (SRE) [6].

However, it shows many differences as far as variability
in its physical properties and displays a non-linear mechanical
behavior [7]. The mechanical characteristics of RE, in
particular the compressive strength, Young’s modulus, and
peak strain, suffer from a considerable scatter compared to
common conventional materials, such as, for instance,
concrete or steel. [8]. In addition, the material exhibits non-
linear stress-strain behavior that is difficult to simulate with
deterministic models, although it is crucial for a faithful
structural analysis [9].

This variability creates a fundamental challenge for
reliable structural design, since conventional deterministic
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constitutive models fail to adequately represent the accurate
mechanical response of URE.

To address the inherent uncertainties, probabilistic
design and reliability analysis are increasingly adopted in
modern structural engineering, which have the advantage of
the use of a series of material relation databases to cover
material behavior facing specific treatment for characteristics
as random variables in order to better reflect physical reality.
However, there are few studies adopting a reliability-based
approach to RE construction specifically. As an example of
these few studies, the paper of Kianfar and Toufigh [10],
where a reliability analysis was conducted for URE and
cement-stabilized RE walls when both load effects and
material resistances were considered as random variables.
However, this research is oriented to the reliability of the
structure level and less on developing predictive constitutive
models that are able to predict material performance at the
stress-strain level.

The stress-strain curve is an essential characteristic used
to describe the mechanical properties of materials such as RE,
and a necessary data source for structural design [11, 12]. For
a natural material like RE, compressive strength is one of the
key parameters in determining material mechanical
characteristics and bearing capacity [13]. Therefore, some
studies have investigated the compressive performance of RE
by means of laboratory tests in recent years [8] with a focus
on both URE and SRE.

For URE, Gil-Martin et al. [14] performed uniaxial
compression tests and announced the stress-strain curves
based on experimental results, but did not present a general
analytical expression. Similarly, Avila et al. presented both the
compressive and shear response of URE  with full stress-strain
curves and a constitutive model fitted on test results, but
without proposing one single familiar formula. Bui et al. [16]
pointed out the sensitivity of URE’s compressive strength to
moisture content. In contrast, Maniatidis and Walker [17]
tested URE walls and specimens in order to determine the
compressive strength and stiffness, and stress—strain curves
were obtained. However, they were based on empirical
interpretation without formulating a unified model.

The application of reinforcing and stabilizing agents of
SRE in enhancing the strength property seems to be
becoming a trend in construction [8]. EI Bourki et al. [18]
investigated date palm fiber reinforcement and reported the
obtained stress-strain curves from compression, albeit also
without providing the generalized equation. Raavi and
Tripura [19] studied cement-stabilized rammed earth wallettes
having coir fibers, bamboo splints, and steel bars as
reinforcement, reporting enhancement of compressive and
shear performance with stress-strain curves but with no
analytic foundation. Likewise, Avila et al. [20] also worked on
lime-stabilized RE and observed the influence of different
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levels of lime contents and curing periods on the development
of compressive strength, although a generalized stress-strain
expression was not provided despite the fact that they
displayed stress-strain curves from unconfined compression
tests.

Several other studies, including the ones by Miccoli et al.
[21] and Naseri et al. [22], have recently re-emphasized the
need for stress-strain curves to explore the mechanical
response of RE under compression and demonstrated how
variables such as fiber reinforcement or slag stabilization
influence stiffness, ductility, and failure modes.

However, all of these contributions are often limited to
each case, so that only experimental findings with a particular
type of soil/stabilizer are available instead of analytical
expressions that can be applied generally as specified by
Koutous and Hilali [23]. To address these limitations, Koutous
and Hilali [23] suggested a form of the compressive stress-
strain law for RE that is valid for the ascending part of the
stress-strain curve. While of great interest, such analytical
constructs involve algebraic expressions and are not adaptive
with respect to data, making it challenging to model the
stochastic and nonlinear nature characteristic of URE.

Based on this statement, although empirical relations
constitute a description of the RE stress-strain performance
under compression, they are only algebraic in nature and
cannot learn patterns from data. On the contrary, Machine
Learning, or more precisely Deep Learning, offers a great
alternative to develop efficient and powerful surrogate models
that can account for these complex non-linear behaviors [24,
25]. Of the many Deep Learning architectures, RNNs are
especially well-suited for this type of problem. As stress-strain
curves are essentially sequential data (stress state evolves as a
function of strain history), RNNs can take advantage of their
internal memory mechanisms to better deduce the behavior of
materials than standard feedforward networks [26]. However,
to the best of the authors' knowledge, there is no prior work
that makes use of RNN-based models for the constitutive
modeling of RE materials.

The performance of an RNN is primarily determined by
its architecture and settings (Hyperparameters), such as
hidden units, network depth, learning rate, and batch size
[27]. Optimizing the choice of these hyperparameters is a
non-trivial problem. Conventional methods often require
manual configuration, i.e., the trial-and-error tuning that
introduces computational redundancy and sub-optimal
convergence [27].

Furthermore, there is currently no generally accepted
systematic methodology for determining an optimal neural
network architecture [28]. This challenge is particularly
critical for modelling URE, where material nonlinearity and
uncertainty demand highly optimized learning architectures.
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1.2. Research Gap

To fill these gaps in the literature, this paper aims to
predict the stress-strain behavior of RE under compression,
especially URE. In order to address the downside of manual
configuration, this work involves the utilization of
metaheuristic optimization techniques in designing the RNN.
Motivated by the mechanisms in nature, metaheuristic
algorithms can explore complex and multi-dimensional spaces
where global optima may exist [29]. The present work will
focus on two approaches: Ant Colony Optimization (ACO),
mimicking ants' foraging behavior, and Whale Optimization
Algorithm (WOA), inspired by the hunting mechanism of the
humpback whale. This, to the best of the authors’ knowledge,
is the first work that utilizes metaheuristic optimization
algorithms for deep-learning-based constitutive modelling of
URE.

In comparison to existing studies, this work contributes
to the current understanding of material modelling. The
experimental studies on RE bring meaningful insight into its
performance under compression but display limitations in
terms of soil composition and testing conditions, limiting their
applicability. The propose analytical constitutive model form
of Koutous and Hilali [23], underpinning the current study,
provides a general representation of the URE ascending
branch stress-strain curve.

However, it is deterministic, parameter-based based and
does not include random variability or data-driven learning.
Reliability-based works, like Kianfar and Toufigh [10],
include probability-based concepts at the structural level;
however, they are based on predefined material models rather
than attempting to characterize the constitutive stress-strain
response.

On top of the Koutous and Hilali [23] formulation, this
study expands the understanding of URE behavior by turning
this analytical linkage into a probabilistic data-driven
framework supported by RNNs and improving prediction
performance through network architecture metaheuristic
optimization.

1.3. Research Novelty

The novelty of this work lies in its threefold contributions:
(1) the first instance of applying RNNs to forecast
compressive stress-strain behaviour of URE; (2) the first case
where ACO and WOA co-function for the optimization of the
hyperparameters of neural networks in earth construction
materials; and (3) a deliberate inclusion of probabilistic
fluctuations in influential mechanical parameters, observing
that with data-driven constitutive models that capture natural
stochasticity within URE.

73

The main aim of this paper is to advance URE structures
by applying RNN-based prediction for the material behavior
under compression. A second goal is to assess and compare
the advantages of applying metaheuristic optimization for
URE constitutive modelling while incorporating explicitly
stochastic properties such as compressive strength and peak
strain. In order to get this done, a comparative study of the
following 3 steps is performed: (1) The first step is manually
creating the Baseline RNN, (2) applying ACO for
optimization of RNN hyperparameters, and (3) employing
WOA for optimizing the RNN’s hyperparameters. The Mean
Squared Error (MSE) is used as a primary measure to assess
and compare the predictive accuracy of all models. The
models are based on a synthetically-generated dataset of 2,000
stress-strain curves, computed from the constitutive model
for URE presented by Koutous and Hilali [23] and established
probabilistic distributions. At last, in order to analyze the
practical reliability and numerical stability of the models, four
types of experimental formulations ( Raw Earth, Sand-Earth,
Rounded Gravel-Earth, and Angular Gravel-Earth ) were
taken as experimental validation formulations for checking the
models’ predictive fidelity and stability.

2. Methods
2.1. Overview and Model Definition

The core of this research is to develop and optimize an
RNN model capable of accurately predicting the non-linear
stress-strain relationship of URE. The model’s task is to
predict the 9-step stress (c) sequence after being fed a 9-step
input sequence containing the strain (g), compressive strength
(fo), and peak strain (e,) at each step. By leveraging the
sequential processing capabilities of RNNSs, the model aims to
capture the path-dependent mechanical behavior of the
material under compression.

2.2. Data Generation and Computational Framework

The computational framework for this study was
developed using the Python programming environment within
the PyCharm IDE, utilizing the TensorFlow and Keras
libraries for deep learning implementation. To train the model,
a synthetic dataset was generated to simulate the stochastic
mechanical behavior of URE.

Key mechanical properties were modeled as random
variables based on established statistical distributions to
reflect real-world material variability:

e Compressive Strength (f;): Modeled using a Lognormal
distribution with a mean value of 1.75 MPa and a
Coefficient of Variation (COV) of 35%.

e Peak Strain (g,): Modeled using a Normal distribution
with a mean of 1.9% and a standard deviation of 0.8%.

These probabilistic inputs were employed to generate
2,000 unique constitutive curves based on the analytical model
introduced by Koutous and Hilali [23]. The present



Chaymae Salhi et al. / IJCE, 13(3), 71-92, 2026

constitutive law specifically represents the non-linear stress-
strain behaviour of URE under compression loads, which
covers only the ascending part of the stress-strain curve until
failure. The temporal development of stresses was divided
into a step-by-step 9-level loading procedure, which was
accepted for different axial strains (0.3%, 0.5%, 0.8%, 1.0%,
1.5%, 2.0%, 2.5% and 3%). This repetitive perspective on
incremental deformation allows the RNN to model the
evolution of nonlinear constitutive response, depending on the
accumulated strain.

2.3. Optimization Strategy

For a more rigorous measurement of the merits of
metaheuristic optimization, a three-step comparative testing
framework was used. The data set of 2000 stress-strain
responses was split once into a training set of size 1,600 (80%)
and a test set of size 400 (20%), making sure that all three
procedures are trained on the same material to allow fair
comparison.

These three phases of experimentation are intended to
contrast the manually designed baseline model with models
found using two different metaheuristics, i.e., Ant Colony
Optimization (ACO) based and Whale Optimization
Algorithm (WOA) based optimized models. In the
optimization stage, both algorithms are implemented as a
population of 10 agents (ants or whales) traversing 10
generations. This setting leads to an intense exploration of the
solution space since it allows for the evaluation of 100

different hyper-parameter combinations for each algorithm
out of 324 potential combinations. The difference between the
stages is the hyperparameter selection strategy, as detailed in
Table 1.

2.4. Validation Strategy

To verify the practical stability of the proposed models,
experimental verification is conducted on the optimized RNN-
ACO and RNN-WOA schemes. This step implemented 4
different material formulations—Raw Earth, Sand-Earth,
Rounded Gravel-Earth, and Angular Gravel-Earth —based on
the article of Koutous and Hilali [23], in order to analyse the
predictive fidelity across varying soil compositions and an
assorted range of mechanical properties. This shift between
computational training and scenario-based validation is key to
attesting the models’ reliability for practical engineering
purposes.

3. Results
3.1. Literature Review
3.1.1. Recurrent Neural Networks

RNNs address key limitations of conventional neural
networks (CNNs) by enabling temporal modeling through
architectural feedback mechanisms. Artificial Neural
Networks (ANNSs) are broadly categorized into two main
types: feedforward neural networks and recurrent neural
networks [30].

Table 1. Hyperparameter configuration for baseline and optimized models

Stage 1 Stage 2 Stage 3
Model Settings Baseline RNI_\I (Manual RNN-ACO (Search RNN-WOA (Search
Selection) Space) Space)

Cell Type SimpleRNN (Fixed) SimpleRNN (Fixed) SimpleRNN (Fixed)
Units 50 [6, 32, 50, 64] [6, 32, 50, 64]
Layers 1 [1,2,3] [1,2,3]

- [‘Adam’, ‘RMSprop’, [‘Adam’, ‘RMSprop’,

Optimizer Adam '$GD’] '$GD’]

Batch Size 32 [16, 32, 64] [16, 32, 64]
Epochs 50 [50, 100, 150] [50, 100, 150]

Conventional Neural Networks (CNN) operate under the
assumption that inputs and outputs are mutually independent,
an assumption that often fails in real-world problems
involving sequential or time-dependent data [26, 31]. This is
where  RNNs become essential. Designed to process
sequences and time-series data, RNNs enhance classical
ANNS by incorporating recurrent connections that enable the
network to maintain a hidden state-a key feature whose
activation evolves-allowing the model to capture temporal
dependencies in the input data [26, 32, 33]. These temporal
dependencies in RNN are modeled by sharing the same
weights and biases across time steps, which reduces the
number of parameters and enables the network to retain
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information from previous steps by feeding each output back
into the network as input for the next hidden layer.

RNNs are distinct from single-layer or multilayer
feedforward networks in that they incorporate at least one
feedback loop [34]. In its simplest form, an RNN consists of a
single layer of neurons where the output at each time step is
reused as input in the next, creating a temporal connection
across the sequence [30]. The basic structure of an RNN is
illustrated in Figure 1, based on the study by Shajun Nisha et
al. [26], while a flowchart illustrating its functioning is
presented in Figure 2.
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RNNSs can be used for both classification and regression
tasks [35]. The definitions that follow are adapted from [36],
who provide a foundational overview of classification and
regression in the context of statistical learning.

Classification refers to tasks where the goal is to assign
inputs to predefined categories or classes based on learned
patterns. In machine learning, this involves training a model
on labeled data so that it can predict the appropriate category
for new, unseen data. Regression, on the other hand, involves
predicting a continuous numerical value by modeling the
relationship between one dependent variable and one or more
independent variables. Common types include linear and
multiple regression, depending on the number of predictors
involved.

RNNs, along with their various extensions, are widely
used in everyday applications such as speech recognition,
image captioning, machine translation, and music generation
[37]. Owing to their ability to model sequential data, RNNs
have gained traction across numerous disciplines, including
the engineering sector—particularly civil engineering, which
has increasingly adopted RNN-based models across various
subfields [37], as illustrated through several representative
studies presented in the following section.

In the area of concrete material behavior, hybrid RNN—
LSTM models have been employed to predict the mechanical
performance of basalt fiber concrete subjected to freeze—thaw
cycles, enhanced by integrating thermodynamic modeling and
damage mechanics [38]. Similarly, deep RNNs with attention
mechanisms have been successfully applied to the recognition
of concrete microcracks under fluorescent excitation,
significantly improving detection accuracy compared to
conventional image processing methods [39]. In geotechnical
engineering, RNNs combined with wavelet transforms and
metaheuristic optimization algorithms have been developed to
predict the seismic response of slope—pile—anchor
reinforcement systems, demonstrating robust time-series
forecasting capabilities under complex subsurface conditions
[40].

Within structural health monitoring and seismic analysis,
physics-informed RNN models—such as Bayesian and
Runge—Kutta-based architectures—have been applied to
predict structural responses under dynamic loading, offering
improvements in accuracy, robustness, and uncertainty
quantification [37, 41]. Furthermore, physically recurrent
Neural Networks have been explored as surrogate models for
multiscale material simulations, successfully capturing rate-
and path-dependent behavior in heterogeneous composites
under large strains [42].

Together, these studies underscore the increasing use of
RNNs for classification, regression, and time-series prediction
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tasks across a range of civil engineering applications,
including materials science, geotechnics, structural dynamics,
and damage detection.

In the context of rammed-earth construction, the
{ Input ’
\ 4
Hidden State

Y
( Ouput )

Fig. 1 Basic structure of recurrent neural networks (figure based on the
study by Shajun Nisha et al. [26])

Recurrent
Connection

-

The application of soft computing methods remains
limited, with notable gaps in the literature concerning the use
of Machine Learning Techniques [43]. While several studies
have employed models such as ANNs and Convolutional
Neural Networks (CNNSs) to investigate various properties of
rammed earth [44-47], to the best of the authors ' knowledge,
no study to date has explored the use of RNN for this purpose.

3.1.2. Ant Colony Optimization

Initially developed by Dorigo in the early 1990s, ACO is
a metaheuristic technique inspired by ant behavior [48, 49]. It
is based on how ants find the shortest path to a food source by
depositing pheromones along the ground, which other ants
detect and follow [50]. Through this process, ants
progressively identify the most efficient route between their
nest and the food source, effectively determining an optimal
path [51]. ACO builds on this natural process by mimicking it
algorithmically to solve complex optimization problems [50].

According to a bibliometric analysis by Blum [52], the
majority of ACO research publications are centered in
computer science, followed by engineering and mathematics.
Other disciplines, such as decision sciences, physics and
astronomy, and materials science, also contribute to the
expanding body of ACO research, albeit to a lesser extent [52].

In civil engineering, ACO has been increasingly applied
in recent years. One study utilized genetic algorithms
alongside ACO to optimize non-linear wave paths for
ultrasonic tomography in concrete, enhancing tomographic
image generation [53]. To balance structural performance,
cost, and carbon emissions, another research applied multi-
objective optimization with an
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Recurrent Neural Network (RNN) Processing Workflow

Initialization

Hidden state initialized to zero.
Sets up the memory mechanism

:

Input Processing

Each time step processes one element from the input
sequence

Hidden State
Update

H

idden state is updated using both the current input and
the previous hidden state

| (

\J
Output
Generation -

An output is computed from the current hidden state (can

be done at each step or at the end)

\j
Repetition

The process repeats for each time step in the input
sequence using shared weights

\J
Termination

HOOOOOr

After the full sequence is processed, the final output(s)

are collected for prediction or decision-making tasks

Fig. 2 Operational workflow of a recurrent neural network (flowchart based on the steps in the study by Shajun Nisha et al. [25])

Improved ACO algorithm to design steel-concrete
composite columns [54].

The development of hybrid airline networks has also
benefited from ACO, with optimized route and frequency
settings achieved through a self-regulated algorithm [55].
Furthermore, an ant-colony-based control method was
introduced to coordinate multiple MR dampers, effectively
reducing vibrations in spatially irregular structures [56].
Enhancing railway planning, a metaheuristic-based multistage
framework was devised to improve system cost,
environmental, and socio-economic outcomes [57].

In power transmission, an ACO-based approach reduced
routing costs by about 25% compared to existing methods
[58]. The lateral strength of reinforced concrete columns

76

under cyclic loading was more accurately predicted using an
ACO-enhanced XGBoost model [59]. Addressing 2D pipe
routing challenges, a dynamic adaptive ACO algorithm with
enhanced pheromone and transfer strategies was proposed
[60]. For dynamic fire evacuation planning, an improved ACO
algorithm incorporated real-time fire conditions to ensure
safer evacuation routes [61].

To the authors’ knowledge, no study has yet explored the
application of ACO for rammed earth construction in any
capacity.

Figure 3 presents a flowchart summarizing the main steps
of the ACO algorithm, adapted from the works of Dorigo et
al. [62] and Blum [63].
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General Workflow of the Ant Colony Optimization (ACO) Algorithm
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Fig. 3 General workflow of the Ant Colony Optimization (ACO) Algorithm adapted from Dorigo et al. [62] and Blum [63]
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CGeneral Workflow of the Whale Optimization Algorithm (WOA) )
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3.1.3. Whale Optimization Algorithm

The WOA, introduced by Mirjalili et al. in 2016 [64], isa
nature-inspired metaheuristic technique based on the
cooperative hunting strategy of humpback whales [65]. The
algorithm models three main behaviors observed in nature:
encircling prey, bubble-net feeding, and prey search [65]. In
the computational framework, a population of whales
represents candidate solutions to the optimization problem
[66]. The WOA has been successfully applied across a wide
range of disciplines, including computer science [67-69],
physics and astronomy [70-72], and the energy sector [73-75].
Beyond these domains, WOA has also proven effective in
supporting diverse engineering optimization problems [76].

According to Gharehchopogh and Gholizadeh [76], the
engineering applications of WOA can be broadly categorized
into several areas: electrical engineering, civil engineering,
classification, clustering, image processing, mechanical
engineering, control engineering, robotic path planning,
networks, industrial engineering, task scheduling, and other
engineering-related problems.

Within civil engineering, several notable contributions
demonstrate the practical value of WOA. Monteiro et al. [77]
introduced a vibration-based damage detection method that
uses WOA to identify, locate, and quantify structural damage.
Rohani et al. [78] presented one of the earliest civil
engineering applications of WOA, employing it to optimize
construction site workflow and thereby improve efficiency
and reduce project costs. Ezzeldin and Djebedjian [79] used
the WOA metaheuristic to choose pipe diameters for a
network, with a rounding strategy to handle the discrete set of
available pipe sizes in order to solve the classic civil task of
least-cost water distribution design. Lai et al. [80] investigated
hydropower reservoir operation and demonstrated that WOA
achieved favorable results compared with both a Levy-flight-
enhanced variant and the Harris Hawks Optimization
algorithm. Finally, Brito and Miguel [81] applied WOA to the
structural optimization of a multi-story reinforced concrete
frame subjected to wind loads, successfully reducing material
use while meeting performance constraints.

Figure 4 presents a flowchart summarizing the main steps
of the WOA, adapted from the works of Gharehchopogh and
Gholizadeh [76] and Mirjalili and Lewis [64].

3.2. Hyperparameter Optimization Framework

For the quantitative performance comparison of our
optimization methods, the baseline model, and then both ACO
and WOA were assigned to minimize the same objective
function (MSE). Where fixed parameters were used for the
baseline model, ACO and WOA algorithms used the same
search space, as shown in Table 2. Such a consistency ensures
that any slight difference in final model fitness can be directly
attributed to the search performance of the meta-heuristic
algorithm.
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The optimization problem is defined by three elements:
the decision variables, which specify the architecture of an
RNN in terms of input/output connections; the objective
function, which encapsulates the model’s predictive
performance; and the system constraints that delimit the
search space. These common elements of the two algorithms
are described in the subsequent sections.

3.2.1. Baseline Model

For the baseline phase, the study establishes a benchmark
using a manually configured SimpleRNN to model the stress-
strain behavior of URE. This model is based on a fixed
decision vector h={50,1, Adam,32,50} which is consistent
with the 50 hidden units, 1 recurrent layer using Adam as
optimizer with a batch size of 32 and training for 50 epochs.
It aims to reduce the difference between experimental stress
and model predictions with MSE as a loss function:

Minimize J(h) =~ %, (v; — 9:(h))? (1)
Where:
e y; represents the actual experimental stress value.
e  ¥;(h)is the stress value predicted by the RNN
configured with hyperparameters h.

e N is the total number of samples in the validation set.

3.2.2. Optimized Models

The structure and training dynamics from the RNN are
determined by a set of hyperparameters, which are considered
as decision variables for the metaheuristic search. We denote
it as a decision vector h = {u, L, 0, B, E}. These search spaces
from ACO and WOA are searched in an orderly manner to
find the best configuration for modeling the stress-strain of
rammed earth.

In order to find a trade-off between computational
efficiency and model accuracy, discrete domains were
created for each variable. These intervals describe the
optimization problem bounds, as seen in Table 2.

RNN-ACO Implementation

The control parameters adopted for the ACO in this study
are summarized in Table 3. The ACO search is formulated as
a constrained optimization problem, in which the objective
functions in Equation 1 are minimized under the
hyperparameter bounds specified below.

L
Minimize J(h) = Nz(yi — $;(h))?
i=1

u e {16,32,50, 64
Le{1,2,3}
o € {Adam, RMSprop, SGD}
l B € {16,32, 64}
E € {50,100, 150}
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Pheromone trails are updated using a standard a constrained optimization problem, in which the objective
evaporation-reinforcement mechanism, expressed as follows: functions in Equation 1 are minimized under the
hyperparameter bounds specified below.

Nants

1
(t+1) — _ (t) - N
;0 =1 - p)ryt + Z 2) 1
=RICOME Minimize J () = - > (¢ = 9:(W)?
Where: =1
e f(X;) is the objective function value (or cost) of the
solution X, constructed by the k-th ant; a lower value

( u € {16,32,50, 64
|
of f(X,) results in a larger pheromone deposit. {

Lef{1,23}
o € {Adam, RMSprop, SGD}
B € {16,32, 64}
E € {50,100, 150}

e ¢ is a small positive constant (stability parameter)
used to prevent division by zero and ensure
numerical stability during the update process.

_ The position update of each whale is governed by a

RNN-WOA Implementation probability p, switching between a shrinking encircling

The control parameters adopted for the WOA in this study mechanism and a spiral-shaped movement, expressed in
are summarized in Table 4. The WOA search is formulated as Equation 3.

X*(t) —A.|C.X*(t) = X(£)| if p < 0.5and |A| <1 ®)

X+ = { D'. eP.cos(2nl) + X*(t) if p = 0.5

Table 2. Definition and search domains of RNN decision variables

Symbol Hyperparameter Definition Search Domain
u Hidden Units Number of neurons in each recurrent layer {16,32,50,64}
L Layers Total number of recurrent layers in the stack {1,2,3}
0 Optimizer The algorithm used to update weights Adam
B Batch Size Number of samples processed before updating {16,32,64}
E Epochs Number of complete passes through the dataset {50,100,150}

Table 3. ACO control parameters

Parameter Symbol | Value Definition
Number of ants Pamss 10 Number of candidate solutlon_s (RI\_IN configurations) evaluated per
iteration
Number of iterations Niter 10 Maximum number of ACO iterations
Pheromone evaporation 0.4 Controls the rate at which pheromone trails decay to prevent
rate P ' premature convergence
Pheromone importance a 1 Weight of pheromone trails in guiding the search process
Heuristic importance B 2 Weight of solution quality in pheromone update
Initial pheromone value - 10 Initial pheromone level asm_gned uniformly to all decision
variables.
Table 4. WOA control parameters
Parameter Symbol | Value Definition
Number of Whales Nyhales 10 Number of candidates RNN configurations evaluated per iteration.
Number of Iterations Niter 10 The maximum number of generational updates (100 total models).
Spiral Constant b 1 Defines the shape of the logarithmic spiral movement.
Convergence Parameter a 2 > 0] Linearly decreased from 2 to 0 to balance exploration and
exploitation.
Probability Threshold p 0.5 The switch between encircling and spiral mechanisms
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3.3. Case Study

In their study, Koutous and Hilali [23] propose two
formulations of the compressive stress-strain law for RE that
apply to the ascending branch of the stress-strain curve. The
general model (Equation 4) expresses stress as a quadratic
function of strain, with parameters depending on the initial
tangent modulus E; and the secant modulus E;. In the absence

of detailed stiffness data, the authors also showed that for RE,
a minimum value of 6 = ? = 0.5 can be assumed, leading to

a simplified parabolic law &Equation 5)

0(£)=Ess<1—(1—6)€i>, 0<e<eg, (4
D

_ 28 e’ 0<e< 5
=g -(G)] osess @

Where o is the compressive stress, € is the axial strain,
and f, the compressive strength.

The simplified version of the formula proposed by
Koutous and Hilali offers a simplified yet physically
consistent method to describe the nonlinear stress
development of RE up to peak strength. Unlike many previous
studies that report stress-strain curves tied to specific mixtures
or stabilization methods without providing transferable
formulations, this model condenses the mechanical response
into two parameters with explicit physical meaning: the peak
compressive strength. f. and the strain at peak stress &,,.

This formulation is well-suited to probabilistic
frameworks because it allows material variability to be
propagated efficiently through explicitly defined random
variables. In addition, the quadratic closed-form structure of
the model provides strong numerical stability. This aspect is
crucial in this study, since the constitutive law is treated as the
reference model for training RNNs. At the same time, their
hyperparameters are iteratively adjusted using ACO and
WOA. The adoption of this formulation (Equation 5),
therefore, anchors the predictive task to a compact and general
constitutive model, which facilitates the systematic treatment
of uncertainty and provides a reliable foundation for data-
driven prediction of RE under compression stress.

To validate the proposed methodology, a numerical case
study was performed to simulate the compressive mechanical
response of URE. A probabilistic sampling strategy was
employed to generate a synthetic dataset of 2,000 distinct
stress-strain curves. This dataset was used consistently as the
reference for both training and evaluating the Neural
Networks across all optimization stages. For each realization,
the constitutive behaviour followed the non-linear stress-
strain relationship proposed by Koutous and Hilali (Equation
5).

81

For the purpose of constructing the training database, the
parameters of the constitutive model were distinctively
categorized into deterministic parameters and random
variables. The specific statistical characterization assigned to
these parameters, along with the selected values intended to
represent the empirical variability of URE, are presented in the
following subsections.

3.3.1. Deterministic Parameters
Axial Strain ¢

In this study, the axial strain € is distinctively treated as a
deterministic input rather than a random variable. This choice
is motivated by the nature of the experimental evidence and
the modeling objectives. In mechanical characterization of
RE, strain is typically controlled in laboratory tests, where
specimens are compressed monotonically, and stress is
recorded as a function of the imposed deformation.
Accordingly, the variability in the response arises primarily
from material properties such as the compressive strength. f,
and the strain at peak stress ¢,, rather than from the applied
strain path itself. For this reason, the axial strain was treated
as an imposed input. By treating axial strain as an imposed
input, the probabilistic sampling process effectively explores
the whole mechanical response domain while keeping the
uncertainty concentrated on the governing intrinsic
parameters (f; ,&,).

Several studies in the literature have reported strain
values for URE under compression, though with variability
depending on soils, mixtures, and test specimens (Cylindrical,
Prismatic, and Wallettes). Miccoli et al. [82] reported a mean
vertical strain at one-third of the peak stress of 0.031%,
reflecting the early deformation domain rather than the peak
itself. Koutous and Hilali [23] provided values corresponding
to the strain at maximum compressive strength, reporting
averages of 0.81%, 0.95%, 0.92%, and 1.15% for raw-earth,
sand-earth, rounded gravel-earth, and angular gravel-earth,
respectively. Other studies, such as Gil-Martin et al. [14] and
Bui and Morel [83], reported strain values at specimen
rupture, close to 0.8%=0.1, and they also recorded 1.3%=0.1
for samples extracted from aged walls. By contrast, Avila et
al. [15] reported a peak strain of 3.4%, considerably higher
than previous reported values. Overall, these studies reveal
that some authors report strains at the point of maximum
strength, while others extend to rupture strains at failure,
which partly explains the range of values encountered.

Given the objective of defining a comprehensive input
domain for predictive modeling, it is not necessary to retrieve
every individual value reported in literature or attempt to
extract values from stress-strain curves when they are not
explicitly provided, as this process is often uncertain. Instead,
the aim is to encompass both conservative lower bounds and
the higher strain limits reported in recent research. This
approach ensures that the database adequately reflects the
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diversity of responses documented for URE. Crucially, the
discretization of this range into ordered intervals establishes
the sequential input structure required by the RNN, enabling
the model to learn the path-dependent evolution of stress along
the ascending branch of the constitutive curve, effectively

characterizing the material's behavior from the initial loading
stage up to failure. Accordingly, a practical evaluation range
of 0.3% to 3.5% can be adopted. The specific sequence of
axial strain values assessed in this study is presented in Table
5.

Table 5. Evaluated axial strain levels

Axial Strain value £ (%) 0.3 0.5 0.8 1 15 2 2.5 3 35
Table 6. Random variables: considered with associated probability distributions and statistical parameters
Random Variables Distribution Mean Value varigfiﬁﬁigci%i/c;f(%) de\S/'i[Ztr}gﬁr(%l/o)
fe (MPa) C%Trré;zstsrive Lognormal 1.75 35 -
£, (%) Peak Strain Normal 1.9 - 0.8

3.3.2. Random Variables
Compressive Strength f,

Compressive Strength of URE has been reported to vary
significantly depending on soil composition, compaction, and
testing. Avila et al. [8] noted typical values between 1.0 and
2.5 MPa, with a few exceptions outside this range. To
represent this variability within a probabilistic framework, f
is modeled using a lognormal distribution, consistent with
common practice for strength parameters which are strictly
positive [84].

A mean value of 1.75 MPa, corresponding to the midpoint
of the reported range, is adopted together with a Coefficient
Of Variation (COV) of 35%, following the guidance of
Kianfar and Toufigh [10]. This choice results in a distribution
with a 95% probability interval approximately spanning 0.8-
3.2 MPa, thereby covering the entire range reported in the
literature while also accounting for potential scatter.

Peak Strain ¢,

Strain values reported in the literature for URE exhibit a
wide dispersion. Most results concentrated between 0.8% and
1.2% [23, 83], though higher values such as 3.4% have also
been recorded [15]. Other studies, such as [14], reported
ultimate strain values close to 0.8%, which fall within the
lower bound of this range. To the authors' knowledge, no
previous study has explicitly treated peak strain as a random
variable. Introducing this here provides a more realistic
representation of material variability within a probabilistic
framework. Accordingly, the peak strain is modelled using a
normal distribution, with a mean value of 1.9%, corresponding
to the midpoint of the 0.3-3.5% range derived from the
literature, and a standard deviation of 0.8% is chosen so that
approximately 95% of the simulated values fall within this
interval.

A summary of the assessed random variables and their
corresponding statistical parameters is presented in Table 6.

3.3.3. Model Implementation and Optimization Results
While the deterministic load protocol and stochastic
material properties are completely specified, the numerical
framework proceeds to implementation. When the runtime
environment is booted up, at first, the synthetic data set of
2,000 stress-strain curves according to the distribution
concepts detailed above (Table 6) is generated. After this
internal data generation and partitioning, the post-processing
becomes active, involving three-stage benchmarking.

With the configuration specified in Table 1, the Stage 1
Baseline model with its fixed hyperparameter is trained to
create a performance baseline. The metaheuristic search loops
for Stage 2 (ACO) and Stage 3 (WOA) are then started from
the script.

There is only the same search space of hyperparameters
and their degrees expressed in the methodology they both use,
which consists of 10 agents over a population size for 10
iterations, leading to a consideration of already 100 different
models over all possible combinations of the search space
(324). The integrated workflow guarantees that the “ant” and
“whale” optimization potential is compared against the
baseline using precisely the same bright spots on image
structures generated at run-time.

After those computational rounds are done, the
prediction performance for each method is calculated. The
final error metric is the MSE at this unseen 400-sample test.
The performance comparison results were summarized in
Table 7, which shows the best hyperparameters of each
method and their corresponding error rates.

In order to gain more knowledge on the learning and
search dynamics, visual representations over the training
history between the baseline model and convergence
trajectories of ACO and WOA algorithms are provided, as
depicted in Figures 5, 6, and 7, respectively.
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3.3.4. Experimental Validation Across Diverse URE
Formulations

To evaluate the practical reliability and generalization
capability of the proposed hybrid frameworks, an
experimental validation was conducted using four distinct
formulations of URE. These formulations include Raw Earth,
Sand-Earth, Rounded Gravel-Earth, and Angular Gravel-
Earth and are derived from the constitutive benchmarks

established by Koutous and Hilali [23].

The main objective of this procedure is threefold:

e To assess the predictive fidelity of the RNN-ACO and
RNN-WOA models across a diverse spectrum of physical
properties.

e To quantify the performance enhancement achieved by
the metaheuristic optimization of hyperparameters
compared to a standard baseline RNN

Table 7. Optimized hyperparameter configurations and final test set
mean squared error for the baseline, ant colony optimization, and whale
optimization algorithm models

Optimal
Hyperparameters .
Method (Units, Layers, Flr&ils'lléest
Optimizer, Batch
Size, Epochs)
Stage 1:
Baseline (50, 1, Adam, 32, 50) 0.00049457
RNN
Stage 2:
RNN-AGO (16, 3, Adam, 16, 150) 0.00003937
Stage 3: (50, 3, RMSprop, 16,
RNN-WOA 150) 0.00006402

Table 8. Mechanical parameters and composition characteristics of the
URE formulations used for experimental validation

e To evaluate the numerical stability of the models when URE Compressive Peak Strain &
subjected to varying grain size distributions and Formulation Strength f. (%) i
mineralogical compositions. (MPa)

The mechanical characteristics of these formulations are Raw Earth 1.95 0.81
summarized in Table 8, representing a broad range of

compressiv_e strength_s ar_1d peak strains. The compar_ative Sand Earth 2.03 0.95

results are illustrated in Figures 8, 9, 10, and 11. Each figure

depicts the stress-strain curves of the URE formulations, RoundedGravel-

contrasting the experimental reference data (derived from the Earth 213 0.92

validated constitutive model of Koutous and Hilali [23])

against the predictions generated by the baseline RNN, RNN- Angular Gravel- 294 1.15

ACO, and RNN-WOA. Earth

Start: 0.016716 Training Loss
0.016+ T Validation Loss
0.014 1
0.0124
0.0104

=

w2

< 0.008/

& Start: 0.006976
0.006
0.004 1
Ll End Training: 0.00069115
0.0001 , : . End Validation:-0.00049457 — |

10 20 30 40 50
Epoch

Fig. 5 Training loss (MSE) vs. Validation loss (MSE) for the manually-configured baseline model over the 50-epoch training duration
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4. Discussion

Figure 5 illustrates the training and validation loss
trajectories for the manually configured SimpleRNN model
across 50 epochs. Both curves decline sharply during the
initial training phase, indicating that the model rapidly learns
fundamental temporal dependencies within the dataset. The
close alignment between the training and validation loss
curves throughout the training process indicates good
generalization, with no evident signs of overfitting or
divergence between the two.

The close correspondence between the training and
validation loss curves during training suggests good
generalization, as there is no overfitting or discrepancy
between them. Around 15-20 epochs, the two losses
converge and stop decreasing remarkably. This phenomenon
indicates that, under the choice of hyperparameters made here,
this represents the practical limit of what baseline
configuration can express. It can be seen that one obtains a
test MSE of 0.00049547, which serves as a descent baseline
performance but implies the necessity for further fine-tuning
in case higher precision is demanded.

Figure 6 shows the convergence curve of the ACO
algorithm, indicating its ability to navigate the hyperparameter
search space. Significant reduction at the beginning of
optimization shows up in the best MSE, where the value drops
fast from an initial 0.00014 to around 0.000039 in the second
iteration. This prompt improvement suggests that ACO can
rapidly identify promising areas of the neighborhoods
containing near-optimal solutions. More than this, later
changes are only of modest quality, indicating fast
convergence and a nice future for learnability. This is further
evidenced by the final test MSE of 0.00003937, which
reflects a decrease in the baseline model of about 92%, thus
underlining the importance of ACO-based hyperparameter
tuning. The best architecture -with three layers of 16 units and
a batch size of 16- implies that higher depth , along with a
narrower architecture, is better than the initial design chosen
manually for this dataset.

In the case of WOA, which is presented in Figure 7, a
different optimization behavior is observed. Unlike ACO,
WOA shows a slow and gradual reduction of MSE over the
first four to five iterations until convergence. This algorithm
eventually delivers better performance, but the size and pace
of those gains are smaller. This behavior corresponds to a
more conservative search, with 'less desperate' push into the
hyperparameter space.

Test MSE of the best WOA-optimized model is
0.00006402, a level much lower than baseline but not superior
to that obtained by ACO. However, this is an enhancement
of around 87% compared to the RNN baseline, suggesting that
WOA is still a promising optimizer, although it is not as
efficient for the specific problem and dataset considered.
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The ultimate comparison table (Table 7) summarizes the
performance of the three modeling methods together. An
interesting finding is the different architectural setups of the
two algorithms. ACO converged to a shallow architecture with
a smaller number of units, while WOA tended to have a higher
number of units and an optimizer (RMSprop) or opponents.
This discrepancy suggests that the search mechanisms of the
two metaheuristics are involved differently in structuring this
loss landscape. ACO's pheromone-driven random transitions
seem more effective at obtaining compact, efficient
architectures for this forecasting problem, and WOA's
encircling-hunting mechanism leads to larger ones that
provide decreasing returns.

The Neural Network structures used in other past studies
on Earth and RE materials are compared with the approach
proposed herein in Table 9. Previous studies have focused
nearly exclusively on shallow ANN, mainly multi-layer
perceptron with one hidden layer to model the static properties
of mechanical performance or mix proportion optimization.
These results consistently suggested that increasing the depth
of a network would provide no significant better prediction
performance and even might lead to overfitting in the case of
small and heterogeneous datasets.

However, to the best of our knowledge, no existing work
has exploited RNNs for RE and also combined these with
metaheuristic optimization approaches such as ACO or WOA
in this context. On the contrary, this study deals with a totally
different modeling problem, which is capturing the nonlinear
path-dependent stress-strain behavior of URE using RNN with
ACO and WOA optimized hyperparameters. This
comparison, on the one hand, proves that shallow networks
can be sufficient to predict features of stationary properties;
on the other hand, it shows that deep and/or recurrent models
trained globally are needed when attempting to model
complex time-dependent material responses, and this is also
a methodological contribution.

Figures 8 through 11 present the experimental validation
of the baseline RNN, RNN-ACO, and RNN-WOA models
across the different URE formulations discussed in [23] and
summarized in Table 8. Across all soil compositions, although
the baseline RNN appears closer to the experimental curves at
isolated strain levels, it consistently demonstrates poor
generalization and severe numerical instability.

The baseline model typically underestimates stress and
exhibits physically inconsistent degradation, particularly
evident in the Angular Gravel-Earth case (Figure 11) after the
0.8% strain level. While the RNN-WOA framework maintains
a more stable trajectory than the unoptimized RNN, it
systematically overpredicts stress magnitudes, with the
divergence from experimental benchmarks increasing with
strain, thereby reducing physical fidelity in high-strength
configurations.
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Table 9. Comparative benchmark of deep learning architectures in moroccan structural engineering applications

Reference

Application

Optimal Architecture

Key Findings on Configuration

Belhaouate et

Earth Construction

ANNSs: 1 layer and 10 neurons

Shallow networks outperformed
deeper ones by reducing

Narloch [45]

Earth mix design.

with 1 hidden layer, 6-13 neurons
(optimal range)

al. [85] complexity while maintaining
accuracy.
Shallow single-hidden-layer
. networks achieved high prediction
Anysz and Cement Stabilized Rammed ANNs (Multi-Layer Perceptron) accuracy; increasing complexity

did not significantly improve
performance and risked
overfitting.

Mustafa et al.

Stabilized and Unstabilized

ANN (Multi-Layer Perceptron), 1
hidden layer; 24 neurons
(unstabilized soils); 41-44

Shallow ANNSs significantly
outperformed multilinear
regression, achieving very high
accuracy (R2? up to 0.988).
Increasing model complexity

[46] Rammed Earth neurons (stabilized soils); bevond one hidden laver was
Levenberg—Marquardt algorithm, Y o Y
AR unnecessary; optimal performance
tanh activation .

depended mainly on neuron count
and input quality rather than depth.
Optimized deeper architectures (3

This study Unstabilized Rammed Earth RNN with ACO optimized layers) combined with global

hyperparameters

search are required for complex
time-series stress-strain paths.

In contrast, the RNN-ACO model exhibits the highest
predictive fidelity and robustness across the entire validation
suite. It accurately captures the nonlinear hardening behavior
and stress magnitudes at low to intermediate strain levels
while maintaining bounded, physically reasonable trends as
the material approaches peak response. These results confirm
that ACO in this case provides superior regularization and
hyperparameter tuning for the RNN, effectively overcoming
the stochastic instability of the unoptimized model and the
overprediction tendencies of the WOA-optimized framework,
resulting in a stable and high-fidelity predictive tool for
complex URE compositions.

5. Conclusion

In this paper, the influence of metaheuristic
hyperparameter optimization on the prediction accuracy of a
SimpleRNN model to predict stress-strain behavior of RE
material using the Koutous and Hilali [23] formula is
investigated. The performance of baseline RNN isa reference
point to assess the advantages achieved by optimization
techniques, and evidently, both ACO and WOA dominate
over it. ACO generates the most significant decrease in
prediction error, whereas WOA is intermediate. These results
demonstrate the strong potential of automated optimization
strategies in improving the predictive capability of time-series
models applied to nonlinear material behavior.

ACO showed a very rapid convergence and produced the
lowest final MSE among all models tested. This shows that
ACO is very efficient in exploring interesting parts of the
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hyperparameter search space with low computational cost.
WOA also enhanced the model compared to baseline;
however, its convergence was slower, and the final
performance was just slightly less accurate. Collectively, both
algorithms demonstrate that metaheuristic methods can
identify hyperparameter combinations that would be hard to
find manually and yet have a significant effect on forecast
accuracy.

The experimental validation on four URE formulations,
Raw Earth, Sand-Earth, Rounded Gravel-Earth, and Angular
Gravel-Earth, also successfully proved the practical
robustness of these optimized frameworks. Baseline RNN
experienced an extreme numerical instability and captured no
nonlinear hardening at significant strain levels, in contrast to
the case of the high prediction fidelity and physical
consistency over all soil compositions from RNN-ACO. This
validation stage corroborates that the metaheuristic
optimization integration, and ACO in particular here, is indeed
able to regularize the learning process, allowing for stable and
trustworthy predictions of URE behavior under real-world
conditions.

Several future research opportunities spring from these
results. The search space of hyperparameters in this work is
kept restricted to some of the variables, such as the number of
units. of layers, Batch size, Optimizer , and Number of
training epochs, etc. In future work, the productivity of other
hyperparameters, such as activation functions, regularization
techniques, dropout rates, and various other recurrent cell
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architectures, should be investigated. Other optimization
algorithms, with Particle Swarm Optimization (PSO), Genetic
Algorithm (GA), Bayesian Optimization (BO), or hybrid
methods, among others, should also be investigated when they
can give an additional improvement or faster convergence.
Another significant generalization is to adopt different model
types other than RNNs. Recent models like LSTM, GRU,
1DCNNSs, Transformer-based architectures, or a hybrid of
these can be used for better capturing temporal characteristics
and, in turn, improve the prediction performance. By
contrasting these alternatives, the question of which model
families are most appropriate for modeling the mechanics of
RE could be more completely addressed.

From a material science standpoint, the versatility of this
method can be expanded as well. The models presented herein
were exclusively trained on URE and in a limited strain range,
thanks to the literature. In the future, it will be important to use
materials data sets from a broader range of RE compositions,
stabilizer contents, moisture content ranges, compaction
energy levels, and construction modes. The treatment of the
peak strain as a random variable is another limitation. The
peak strain was considered a normal distribution because
there were no data available. Despite the assumption-enabled
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modeling, future studies should provide more experimental
data or explore different probability distributions in order to
represent better the statistical behavior of peak strain in RE
materials.

In conclusion, this research contributes valuable insights
to the area of RE studies. It establishes that the Al-equipped
machine learning models incorporating metaheuristic
optimization can successfully reconstruct complex material
behavior with high precision. Advanced prediction models
will enable material design and structural performance
assessment, and are a valuable tool for sustainable
construction research. Given the generalized datasets, broader
optimization schemes, and alternative model types that can be
explored, this approach has significant potential for advancing
both scientific understanding and practical applications of RE
materials.
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