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Abstract

Coarse-grained soils serve as essential fill materials in earth-rock dam engineering, where
their mechanical properties critically influence dam deformation and stability, directly
impacting project safety. Artificial intelligence (AI) techniques are emerging as powerful
tools for predicting the mechanical properties of coarse-grained soils. However, Al-based
prediction models for these properties face persistent challenges, particularly in parameter
tuning—a process requiring substantial computational resources, extensive time, and
specialized expertise. To address these limitations, this study proposes a novel prediction
model that integrates Adaptive Simulated Annealing (ASA) with an improved Particle
Swarm Optimization (PSO) algorithm to optimize the Elman Neural Network (ENN). The
methodology encompasses three key aspects: First, the standard PSO algorithm is enhanced
by dynamically adjusting its inertial weight and learning factors. The ASA algorithm is
then employed to optimize the Adaptive PSO (APSO), effectively mitigating premature
convergence and local optima entrapment during training, thereby ensuring convergence
to the global optimum. Second, the refined PSO algorithm optimizes the ENN, overcoming
its inherent limitations of slow convergence and susceptibility to local minima. Finally,
validation through real-world engineering case studies demonstrates that the ASA-PSO-
optimized ENN model achieves high accuracy in predicting the mechanical properties of
coarse-grained soils. This model provides reliable constitutive parameters for stress—strain
analysis in earth-rock dam engineering applications.

Keywords: enhanced particle swarm optimization; dynamic recurrent neural network;
coarse-grained soils; mechanical property prediction

1. Introduction

Coarse-grained soils are widely distributed, abundantly available, and easily quarried.
Recognized for their high bearing capacity, excellent compactability, superior permeabil-
ity, high compressive strength, and low deformability, they are extensively utilized in
critical infrastructure projects including earth-rock dams, deep excavations, and railway
subgrades. Notably, they constitute over 90% of fill materials in earth-rock dam construc-
tion [1]. Consequently, the mechanical properties of coarse-grained soils directly govern
dam deformation and stability [2,3] thereby influencing the design, construction, lifelong
safety, and reliability of such projects. Accurate prediction of their mechanical parameters
is therefore essential.
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The strength and deformation characteristics of coarse-grained soils are of paramount
importance. Conventional triaxial testing serves as a primary and reliable method for
analyzing their stress—strain relationship curves. According to testing standards, the ratio
of the specimen diameter to the maximum particle size (D /d;u.x) must exceed 5. However,
with technological advances in dam construction and increasing dam heights, fill materials
now reach maximum particle sizes of 800-1200 mm. Developing testing equipment capable
of accommodating such large-scale specimens is prohibitively expensive and technically
challenging [4].

1.1. Literature Review

With the rapid advancement of computer technology and artificial intelligence,
computer-simulated triaxial compression tests have become widely used in geotechni-
cal engineering. Additionally, machine learning-based prediction models for the me-
chanical properties of coarse-grained soils are gaining significant traction in civil and
hydraulic engineering.

In computational simulations of triaxial tests, the dominant approaches are the Discrete
Element Method (DEM) for analyzing large-scale discrete particle movements and Particle
Flow Code (PFC) technology, which is grounded in DEM principles for granular material
behavior [5,6]. PFC-based simulations of triaxial compression tests on coarse-grained
soils—used to derive stress—strain relationships—have achieved considerable maturity
with extensive research outcomes. For instance, T. G. Sitharam [7] employed DEM to
investigate the influence of maximum particle size, fabric, and gradation on mechanical
properties from a microscopic perspective. Zhou et al. [8] developed a Stochastic Granular
Discontinuous Deformation (SGDD) model to simulate rockfill triaxial specimens at the
mesoscale, successfully reproducing internal particle movement patterns through numeri-
cal simulations and experimental validation. Alaei E. et al. [9] established a rockfill material
model using PFC2D based on DEM fundamentals. Their particle breakage and triaxial tests
on a rockfill dam demonstrated the model’s capability to capture strength, deformation,
and fragmentation behaviors, confirming its accuracy. Cheng et al. [10] utilized 3D particle
flow software (PFC3D) to simulate gradation characteristics, constructing a particle flow
model for deformation behavior of coarse-grained soils. Model parameters representing
mesoscopic mechanical properties were calibrated via triaxial tests, validating the model’s
efficacy. A particle gradation generation method was employed to piecewise reconstruct
gradation curves, closely approximating realistic particle size distributions.

Concurrently, machine learning techniques have been employed for mechanical prop-
erty prediction due to their powerful nonlinear fitting capabilities: Early work by Ellis
et al. [11] compiled datasets from triaxial tests on eight sand types to train artificial neural
networks for stress—strain relationship prediction. Zhu et al. [12] investigated correlations
between soil gradation and compaction characteristics using neural networks, revealing
strong relationships between Weibull distribution parameters and porosity. Zhou, Li
et al. [13,14] employed six supervised machine learning models (including random forest,
regression, and Artificial Neural Network) to predict rockfill shear strength, demonstrating
high consistency between predicted and experimental results.

Despite extensive research by numerous scholars on prediction methods for the mechani-
cal properties of coarse-grained soils, these methods still face several significant challenges.

First, regarding conventional triaxial testing: Current engineering practice commonly
involves scaling down in situ coarse-grained soils to fit laboratory apparatus sizes. Mathe-
matical constitutive models are then constructed to characterize the mechanical behavior of
the prototype soil. However, regardless of the scaling technique employed, the scaled soil
samples inevitably exhibit altered particle size distributions (gradations) and mechanical



Processes 2025, 13, 2447

30f22

properties. Consequently, these models fail to accurately capture the engineering character-
istics of the prototype soil, potentially compromising design reliability and the safe, stable
operation of engineered structures.

Second, concerning numerical simulation: The lack of systematic and comprehen-
sive theories governing particle motion and contact behavior hinders the development
of particle contact models. Existing models are inadequate for the quantitative analysis
and prediction of coarse-grained soil mechanics. Consequently, substantial discrepancies
persist between numerical simulations of soil mechanical behavior and experimental obser-
vations. Furthermore, the Discrete Element Method (DEM) struggles to accurately simulate
the mechanical properties of the fraction of coarse-grained soil with particles smaller
than 5 mm.

Third, for machine learning approaches: Predicting the mechanical characteristics of
coarse-grained materials using machine learning necessitates a foundation of authentic
triaxial test data. The predictive performance of these models is critically dependent on both
the quantity and quality of this data. In practical engineering applications, the impracticality
of performing direct laboratory tests on large-sized coarse-grained soils leads to severely
constrained datasets. This scarcity severely constrains the construction of robust machine
learning models, further undermining their generalizability and interpretability [15].

1.2. Contribution

To address the aforementioned challenges, this paper proposes a novel prediction model
for the mechanical parameters of dam materials, termed the ASA-PSO-ENN model. This
model combines a Simulated Annealing (SA) algorithm with an Adaptive Particle Swarm
Optimization (APSO) algorithm to optimize an Elman Neural Network (ENN) architecture.

Firstly, improvements were made to the standard Particle Swarm Optimization (PSO)
algorithm concerning both the inertia weight and learning factors. The SA algorithm
was then employed to optimize the APSO algorithm, effectively mitigating its tendency
to converge prematurely towards local optima during training [16,17]. This combined
approach ensures convergence towards the global optimal solution.

Secondly, the enhanced PSO algorithm (APSO optimized by SA) was employed to
optimize the Elman Neural Network architecture. This addresses inherent limitations of
the ENN, such as slow convergence speed and susceptibility to local minima [18,19].

Finally, the ASA-PSO-ENN model was trained using input parameters derived from
laboratory triaxial tests, specifically, the gradation of the dam material, confining pressure,
axial strain, and dry density. The model’s output variable is the deviatoric stress. The
trained model was subsequently applied to predict the mechanical parameters of dam
materials in actual engineering projects. These predictions were rigorously validated
against measured values to validate the model’s rationality and applicability.

The primary objective of this research is to introduce a novel method for predicting
the mechanical parameters of coarse-grained materials. This methodology is designed to
generate more physically realistic input parameters for numerical simulations of earth—
rockfill dam deformation. Furthermore, it offers valuable reference and technical support
for optimizing dam zoning design and effectively controlling dam deformation and stability.

1.3. Organization

The organization of this paper is as follows: Section 2 introduces the fundamental
principles and framework of the proposed ASA-PSO-ENN model. Section 3 details the es-
tablishment and training process of the coarse-grained soil mechanical property prediction
model. Section 4 discusses the experimental results from applying this model to predict
the stress—strain relationship of sand—gravel dam materials in a practical engineering case,
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including a comparative assessment between the predicted and experimentally measured
values of deviatoric stress vs. axial strain vs. volumetric strain relationships. Section 5 sum-
marizes the main findings and provides discussion, while Section 6 analyzes the study’s
limitations and future research directions.

2. Materials and Methods
2.1. Fundamental Principles of the ASA-PSO-ENN Model

This study employs an Elman Neural Network (ENN) to construct a prediction model
for the mechanical parameters of coarse-grained materials. To overcome inherent limita-
tions of neural networks, including a slow convergence rate and the tendency to converge to
local optima, we propose an adaptive Simulated Annealing-Particle Swarm Optimization
(SA-PSO) algorithm for ENN optimization. The resulting ASA-PSO-ENN model’s compu-
tational architecture is shown in Figure 1, with its implementation algorithm executing the
following sequence:.

Input
Optimization Data
Preprocessing

Update Particle
Velocity & Position

Compute Particle
Fitness Values

Record Particle Best
Solutions

Record Global Best
Solution

Define ENN
Architecture

Initialize Network
Weights and
Biases

|

Initialize PSO
Parameters

Update Particle

Yes No . s
Velocity & Position
(Eq.10,11,12) (Eq.10,11,13)

Perform Simulated
Annealing for Global
Optimum

|

Check

B Maximum Output Optimal
Iterations Weights and
Thresholds

ENN Training and
Prediction Procedure

Terminated

Figure 1. Flowchart of the coarse-grained soil mechanical parameter prediction model based on
SA-PSO-optimized ENN.

Step 1: Data Preprocessing. Discretize the stress—strain relationship curve data. Nor-
malize the data using Equation (16). Partition the dataset into training and testing sets.

Step 2: Construct the ENN Model. Initialize the structure of the Elman Neural Net-
work.

Step 3: Initialize PSO Parameters. Set the PSO algorithm parameters, including the
maximum iteration count (Kmax), population size (N), inertia weight (w), and learning
factors (c1, ¢2).



Processes 2025, 13, 2447

50f22

Step 4: Initialize PSO Population. Initialize the positions of the PSO population
particles. Define the mean squared error (MSE) of the ENN predictions as the fit-
ness function for the PSO algorithm. Record the personal best (Ppes) and global best
(Gpest) Vvalues.

Step 5: Iterative Optimization. Perform iterative optimization until the maximum
iteration count (Kmax) is reached, terminating the PSO loop. During each iteration:

(a) Update the particle velocities and positions using adaptively adjusted inertia
weights and learning factors.

(b) Update the recorded Ppest and Gpest Values.

(c) Monitor for Premature Convergence. If premature convergence is detected, invoke
the Simulated Annealing (SA) operation to enable the algorithm to escape local optima.
The process aims to ultimately locate the global optimal solution.

Step 6: Assign Optimized Parameters to ENN. Assign the optimized weights and
threshold parameters obtained from the PSO to the ElIman Neural Network.

Step 7: Train and Predict. Train the Elman Neural Network optimized by the adaptive
SA-PSO algorithm and perform predictions.

2.2. Multilayer Dynamic Recurrent Neural Network (Elman Neural Network, ENN)

The Elman Neural Network (ENN), proposed by Elman [20] in 1990, is a classic
multilayer dynamic recurrent neural network. As illustrated in Figure 2, its network
topology consists of an input layer, a hidden layer, and an output layer, where the contexts
and functions of these layers are similar to those of feedforward neural networks.

y1(k) Yy, (k) yu(k)

C )

x,(k)
Time Delay || Time Delay
Operator Operator

Hidden Layer

Input Layer

u(k-1)

u,(k-1)

x.4(K)

Figure 2. Topological structure of the Elman Neural Network (ENN).

A key feature of the ENN is the incorporation of a delay operator (also called a
context layer) within the hidden layer, which stores and memorizes the output of the
hidden layer from the previous time step. This stored information is then fed back as an
additional input to the hidden layer at the next time step, forming a recurrent feedback loop.
This mechanism enhances the network’s ability to process dynamic and time-dependent
information, providing the ENN strong temporal adaptability. As a result, the network’s
output more closely matches the temporal dynamics of the data, enhancing prediction
accuracy for sequential or time-evolving patterns.

The mathematical formulation of the ElIman Neural Network (ENN) structural model
is expressed as follows:

hidden layer : x(k) = f|w - xc(k) + wy - u(k —1)] (1)

Context Layer : x(k) = x(k—1) ()
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Output Layer : y(k) = g(ws - x(k)) 3)
N

Output Error : MSE = %Z [y(k) —y: (k)]%. 4)
k=1

where

o x(k), xc(k), and y(k) are the output vectors of the hidden layer, context layer, and output
layer at time step k;

e  u(k — 1)is the input layer vector at time step k — 1;

e  g(-) is the transfer function of the output layer, defined as a linear combination of
hidden layer outputs;

e f(-) is the transfer function of the hidden layer, typically implemented as a
Sigmoid function;

® w1, wy, and wj are the synaptic weight matrices for the context-to-hidden layer, input-
to-hidden layer, and hidden-to-output layer connections, respectively;

e  MSE is the objective function for neural network weight adjustment;

o  y(k) is the actual value at time step k;

o  y(k) is the predicted value at time step k.

2.3. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO), a swarm intelligence optimization algorithm
proposed by Kennedy and Eberhart in 1995 [21], simulates collective foraging behaviors
observed in bird flocks; the fundamental computational principle is illustrated in Figure 3.
This population-based stochastic optimization algorithm works by facilitating informa-
tion exchange among candidate solutions within the search space. During initialization,
N particles are deployed, where each particle represents a candidate solution characterized
by three state parameters: position, velocity, and fitness value. Through iterative updates,
particles dynamically adjust their trajectories by synthesizing individual historical best
positions (Ppest) and the swarm’s global best position (Gpest) [22]. For a D-dimensional
search space, the velocity and position of particle i at iteration k + 1 evolve according to:

vig(k+1) = wvjg(k) + c171 (Prest,ia(k) — xia(k)) + car2(Gpest,ia (k) — xja(k)) (5)

Xig(k +1) = xjq (k) + vjg(k + 1) (6)
where
e i=1,2,..,N;
e d=1,2,...,D;
e  kis the iteration count;
e  w is the inertia weight governing particle momentum;
e ¢ and c¢; are the acceleration coefficients: ¢; = self-cognitive factor directing particles

toward individual historical best positions (Ppest); ¢2 = social-cognitive factor facilitat-
ing information exchange within the swarm, guiding particles toward the global best
position (Gpest);

e 1 and r; are uniformly distributed random variables in [0, 1] enhancing
population diversity;

o v;(k) and x;(k) are the velocity of particle i along dimension D at iteration k;

® Py ig(k) is the historical optimal position of particle i along dimension D through
iteration k;

o Gyegt,i(k) is the historical optimal position of the entire swarm along dimension D
through iteration k.
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Figure 3. Schematic diagram of Particle Swarm Optimization operational principle.

In Particle Swarm Optimization (PSO), the optimization process occurs through
particles exploring the search space, with each velocity update iteration comprising
three fundamental components. First, the momentum retention term perpetuates a fraction
of the particle’s prior velocity, governed by the inertia weight w [23]. This component
reflects the influence of historical motion states and critically balances global exploration
versus local exploitation capabilities. Second, the cognitive acceleration component, reg-
ulated by coefficient c;, quantifies individual reliance on personal historical experience
through self-cognitive behavior [24]. Third, the social acceleration component under coeffi-
cient ¢, facilitates collective intelligence by enabling information exchange among swarm
particles. This tripartite mechanism collectively enables particles to dynamically adjust
their positions and velocities by balancing individual experience with swarm intelligence,
driving convergence toward optimal solutions. Consequently, the inertia weight (w) and
acceleration coefficients (c1, cy) constitute pivotal parameters determining algorithmic
performance [25,26].

Particle Swarm Optimization (PSO) has gained widespread adoption across diverse
optimization domains owing to its operational advantages, including minimal parameter
tuning requirements, rapid convergence characteristics, and straightforward implementa-
tion. However the algorithm demonstrates inherent limitations, including susceptibility
to local optima entrapment, premature convergence phenomena, and oscillatory behavior
during late-stage optimization. To mitigate these deficiencies, this work implements a dual
modification strategy: (1) adaptive refinement of the inertia weight (w) and acceleration
coefficients (c, cp) and (2) integration of a simulated annealing approach. This hybrid
architecture effectively prevents local optima entrapment while preserving robust global
exploration throughout the optimization process.

2.4. Adaptive Particle Swarm Optimization (APSO)
2.4.1. Adaptive Inertia Weight Adjustment

The inertia weight (w) is a critical parameter in Particle Swarm Optimization (PSO)
that fundamentally regulates the algorithm’s search behavior by controlling particles’
momentum preservation from previous velocity states. An optimal w value fundamentally
balances local exploitation and global exploration capabilities: empirical evidence confirms
that elevated w values enhance the global search scope at the expense of excessive particle
velocities that may overshoot optimal regions, whereas diminished w values intensify
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local search precision while heightening susceptibility to local optima entrapment and
premature convergence [27,28]. Mathematically, w exhibits a positive correlation with
the convergence rate and global search capability and a negative correlation with local
search precision.

To enhance the optimization performance of the Particle Swarm Optimization algo-
rithm and prevent convergence to local optima, this study employs a hyperbolic tangent
function with domain-constrained inputs x € [—5, 5] to achieve nonlinear adaptive ad-
justment of the inertia weight [29]. The adaptive inertia weight formulation is defined
as follows:

w = (wmax + wmin)/z + tanh(_5 +8x (Kmax - k)/Kmax)(wmax - wmin>/2 7)

where

e  kis the Current iteration index;

o  Kpax is the Maximum iteration count;

®  Wmax and wnin are the Initial exploration intensity and Final exploitation intensity.
Empirical studies [30,31] confirm that configuring wmax = 0.95 and wpin = 0.40 yields
significant performance enhancements in convergence efficiency and solution precision.

The adaptive inertia weight function in this study employs a phase-dependent non-
linear decay strategy, as illustrated in Figure 4. During the initial exploration phase, the
inertia weight undergoes systematic annealing, maintaining sufficient momentum to enable
wide-ranging global search. This deliberate preservation effectively mitigates premature
convergence risks by allowing comprehensive solution space exploration. During interme-
diate iterations, the inertia weight transitions to a quasi-linear decay regime, establishing
an optimal balance where global exploration gradually yields to intensified local exploita-
tion. In the terminal optimization phase, the decay rate decelerates significantly, focusing
computational resources on meticulous local refinement to pinpoint the global optimum
with enhanced precision.

1.0 -

o
1
T

Inertia Weight
=1
=N
T

0.4

! I 1 I I
0 100 200 300 400 500

Iteration Count

Figure 4. Variation profile of adaptive inertia weight adjustment.

2.4.2. Adaptive Acceleration Coefficients

Particle Swarm Optimization exhibits progressive convergence during iterations,
where diminishing swarm diversity impedes optimization efficacy. To augment swarm
diversity, this work implements second-order oscillatory processing on particle velocity
updates, improving the global-local convergence balance. The improved optimization
algorithm prioritizes global exploration by emphasizing particle self-cognitive capabil-
ities and enhancing traversal, thereby reducing the probability of becoming trapped in
local optima.
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As iterations progress, the algorithm enhances inter-particle communication, allowing
the globally best solution (Gpest) to exert a more substantial influence on each particle’s
search behavior. This drives intensified local exploitation around the vicinity of Gpeg;.
Concurrently, the inertia weight (w) decreases progressively, while the cognitive learn-
ing factor (c;) diminishes, and the social learning factor (c;) increases, further refining
the search focus toward promising regions. The learning factors adopt the following
adaptive strategy:

€1 = Clmax — k(clmax - Clmin)/Kmax~ (8)

C2 = Comin — k(CZmin - CZmax)/Kmax (9)

where ¢1max and cipmin represent the maximum and minimum values of the cognitive learn-
ing factor, while ¢cymax and comin denote the corresponding bounds for the social learning
factor. As demonstrated in Reference [32] and validated through extensive experimental
results, the cognitive learning factor c1 decreases linearly from 2.50 to 1.25, whereas the
social learning factor ¢, increases linearly from 1.25 to 2.50 throughout the iterations (i.e.,
Clmax = 2.50, C1min = 1.25; ¢omax = 2.50, comin = 1.25). This adaptive strategy effectively
balances global exploration and local exploitation capabilities.

The corresponding modified particle swarm optimization algorithm can be mathemat-
ically formulated as follows:

vig(k+1) = wvjg(k) + c171 (Ppest,ia(k) — (1 + ¢1)xia(k) — G1xia(k — 1))+ (10)
272 (Gpest,ia (k) — (1 + G2)xjq(k) + C2xi4(k — 1))

Xig(k+1) = xj9(k) + vjg(k +1) (11)

The values of the second-order oscillation factors ¢1 and ¢, are set as follows [33,34]:

81 < (24/cir1 — 1) /cary, & < (2y/cara — 1) /corp if k < Kpax/2 (12)
G1 > (2y/c1r1 = 1)/cqry, 8o 2> (24/corp — 1) /corp if k > Kmax/2 (13)

In the second-order oscillatory particle swarm optimization algorithm, Equation (12)
is employed in the initial phase to achieve oscillatory convergence and enhance global
exploration capability, while Equation (13) is adopted in the later phase to accomplish
asymptotic convergence and improve the local refinement capability.

2.4.3. Simulated Annealing (SA)

The Simulated Annealing (SA) algorithm, proposed by Metropolis in the 1950s through
studies of solid-state annealing processes, employs the Metropolis criterion [35] as its core
mechanism. This criterion uniquely permits acceptance of both superior solutions and—
with probability determined by the temperature parameter—inferior solutions during the
cooling process. This property enhances the algorithm’s ability to escape local optima. In
this study, we integrate adaptive particle swarm optimization with simulated annealing to
effectively reduce the probability of premature convergence to local optima. The Metropolis
criterion defines the probability of accepting a new solution for a system transitioning from
state i to state j at temperature T based on their internal energy difference as:

P; k)—E; (14)

E: (k
O EOY Bk > Eik)

1, Ei(k) < Eik
("):{exp<_ ) < Eb)

1

In this formulation, E;(k) and E;(k) represent the internal energies (i.e., the fitness values
of the current particle) in states i and j, respectively; T; denotes the annealing temperature
at the current state; and AE = Ej(k) — E;(k) corresponds to the internal energy increment.
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When E;(k) < E;(k), the system unconditionally accepts the new state (probability = 1).
Conversely, when E;(k) > E;(k), the inferior solution (worse state) is accepted with a proba-
bility p = exp(—AE/T;) [36-38]. This annealing process executes multiple iterative cycles to
progressively identify optimal solutions. To maintain solution accuracy, the temperature
parameter follows a carefully controlled gradual decay schedule. The annealing operation
is systematically applied after each complete iteration cycle.

The simulated annealing (SA) algorithm is a global optimization method inspired
by the metallurgical annealing process, which probabilistically converges to the globally
optimal solution of the objective function (see Algorithm Principle in Figure 5). In opti-
mization problems, the internal energy can be abstracted as a fitness function. At higher
temperatures, the algorithm exhibits a greater probability of accepting inferior solutions.
As the temperature gradually decreases, this acceptance probability correspondingly re-
duces, enabling the algorithm to escape local optima and ultimately converge to the global
optimum. In this study, we incorporate the SA mechanism into the adaptive particle swarm
optimization algorithm. During the optimization process, this hybrid approach inten-
tionally accepts temporally degraded solutions within a controlled range with a specified
probability, thereby facilitating escape from local optima and ensuring convergence to the
global optimal solution.

Inferior Solution

Probabilistic Acceptance
P=exp(-AE/Ty)
Curgént Solution

Direct Acceptance

Optimal Solution

Figure 5. Schematic diagram of the simulated annealing algorithm principle.

Implementation Procedure of SA Algorithm:

Step 1: Initialize annealing temperature Ty, generate a random initial solution Ay, and
compute its fitness value f(Ay).

Step 2: Perturb the current solution Ay to generate a new feasible solution A;. Calculate
fitness value f(A1) and compute the fitness difference:

Af =f(A1) — f(Ao) (15)

Step 3: Evaluate Metropolis criterion: If min{1, exp(—Af/T;)}) >random [0, 1], accept
solution A;. Here, random [0, 1] denotes a uniformly distributed random number in [0, 1].

Step 4: Annealing operation: Update temperature via T;,1 = BT; (where f is the cooling
coefficient, 0 < < 1). Terminate if convergence criteria are satisfied; otherwise, repeat
Steps 2-3 until convergence.

2.5. Adaptive Simulated Annealing—Particle Swarm Optimization (ASA-PSO)

The standard PSO algorithm is prone to local optima and premature convergence
during optimization. In contrast, the mutation characteristics of SA enable effective escape
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from local optima to achieve global optimality. Motivated by this, we propose the ASA-PSO
algorithm (see flowchart in Figure 6). This enhanced algorithm builds upon particle swarm
optimization while integrating simulated annealing mechanisms, collectively improving
solution accuracy through three key innovations:

Initialize the Population size, Maximum number of
iterations, and initial Temperature

Generate Particle Velocities and positions, set
Random numbers and Annealing coefficient

[ Initialize Particles and Evaluate Objective Function I

———{ Begin Population Iteration |

l Adaptive Adjustment w, ¢,and ¢, l

‘ Update Particle Velocity, Position
and Objective Function Value

Apply
Metropolis
Yes Criterion l No
Update Particle Positions Compute Acceptance
Ppegyu(k) and Gyoyu(k) Probability P

|
No
P>rand(0,1)
Update Temperature

and Perform
Annealing Yes

Check
Maximum
eratio;

No

Output Optimal
Particle Parameters

( Procedure Terminated |

Figure 6. Flowchart of the adaptive ASA-PSO algorithm.

First, to balance global and local optimization capabilities in PSO, we introduce a
nonlinear inertia weight adjustment strategy based on the hyperbolic tangent function.
By linking the inertia weight to the tanh function within the domain [—5, 5], it adapts
dynamically during iterations:

e  During initial stages, weights decrease gradually to enhance global exploration and
mitigate premature convergence;

e  Mid-optimization exhibits near-linear weight reduction, transitioning focus toward
local exploitation;

o Final stages feature diminished weight decay rates to intensify local search precision.

Second, addressing population diversity degradation in PSO, we develop a second-
order oscillatory velocity update strategy. This mechanism enhances particle trajectory
ergodicity and strengthens cognitive capabilities, thereby maintaining swarm diversity.
The proposed methodology significantly mitigates premature convergence phenomena,
substantially reduces susceptibility to local optima entrapment, and enhances global
search capability.

Finally, we integrate SA’s perturbation mechanism and search strategy into adap-
tive PSO (APSO), forming the novel hybrid ASA-PSO algorithm. This fusion com-
bines SA’s global exploration strengths with APSO’s computational efficiency, enabling
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rapid convergence while enhancing global search capabilities. As a result, the pro-
posed algorithm attains enhanced solution precision while reliably preventing premature
convergence phenomena.

Based on the aforementioned framework, the procedural steps of the proposed ASA-
PSO algorithm are formally delineated in Table 1.

Table 1. Procedural steps of the ASA-PSO algorithm.

Step Step Description

Parameter Initialization:
Set population size N, maximum iterations Kmay, initial temperature Tj.
Randomly initialize particle positions and velocities. Initialize random
coefficients rq, 2, and annealing coefficient .
Fitness Evaluation:
2 Calculate objective function values for all particles. Set initial positions as
personal best positions.
Parameter Update:
3 Update inertia weight w, cognitive factor c¢;, and social factor ¢, using
Equations (7)—(9).
Position and Velocity Update:
4 Update particle velocities and positions using Equations (10)—(11). Recalculate
objective function values.
Solution Acceptance:
5 Calculate acceptance probability P via Metropolis criterion (Equation (14)).
Accept new solution if P > r and [0, 1].
Best Solution Update:

6 Update personal best positions and global best solution.
” Annealing Operation:

Update temperature: T3 = BT;.
8 Termination Check:

If k > Kmax: Output optimal parameters and terminate. Else: Return to Step 3.

The complete algorithmic workflow of the adaptive ASA-PSO method is illustrated in
Figure 6.

3. ASA-PSO-ENN Prediction Model for Mechanical Properties of
Coarse-Grained Soils

3.1. Dataset Construction

Considering the credibility of real-world data significantly enhances model prediction
accuracy, all training and testing datasets for this study originate from triaxial compression
test results rather than simulated data. Data primarily derive from triaxial tests on gravel
materials in typical concrete-faced rockfill dams in China. The dataset incorporates the
following characteristics: specimen gradation (maximum particle size: 60 mm), confining
pressure, and dry density.

These parameters were collected to investigate the stress—strain relationships of coarse-
grained soils, with corresponding stress—strain curves serving as data labels. Given the
bijective functional relationship between stress and strain, axial strain is designated as the
independent variable and deviatoric stress as the dependent variable, where axial strain
undergoes feature transformation for analysis.

For stress—strain curve data collection, we extracted coordinate points from graphical
plots using GetData Graph Digitizer (v2.26.0.20). Given the continuous nature of stress—
strain relationships, discrete sampling was performed to facilitate model input processing.
The abscissa (axial strain) was sampled at 0.3% intervals, with the maximum strain thresh-
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old set at 15% based on experimental determination of specimen failure at this deformation
level [39,40]. Figure 7 illustrates the discretized stress—strain curves. Since some specimens
failed before reaching 15% axial strain, each experimental curve yielded a maximum of
50 data points. The discretized dataset ultimately comprised 875 data points from all
triaxial tests.
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Figure 7. Discretization of stress—strain curves.

3.2. Data Preprocessing

The parameters in the constructed coarse-grained soil mechanical properties dataset
(e.g., gradation, dry density, confining pressure) serve as dominant controlling factors
influencing mechanical behavior. These parameters exhibit varying dimensions and units,
resulting in significant numerical disparities among features. Directly using raw data as
model inputs would severely compromise prediction accuracy. To eliminate dimensional
influences, we implement z-score standardization for data normalization, transforming
values into mapped results z. Post-normalization data conform to a standard normal
distribution. The normalization function is expressed as:

=2k (16)

where

e  xis the sample data;
ey is the sample mean;
e ¢ is the standard deviation of the sample data.

3.3. Model Establishment
3.3.1. Parameter Configuration

From the preprocessed valid dataset, we randomly partitioned 426 samples for training
and reserved 106 samples as the testing set, maintaining an 80:20 split ratio. To validate
the prediction accuracy improvement of the proposed model, the ASA-PSO-ENN model
was compared against ENN, PSO-ENN, and APSO-ENN models using the testing dataset.
The parameters in Table 2 were used to establish the base ENN model. Subsequently, PSO,
APSO, and ASA-PSO algorithms were respectively employed to optimize the initial weights
and thresholds of the neural network. In this study, PSO, APSO, and ASA-PSO implement
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distinct adjustment strategies for particle motion, with their parameter configurations
summarized in Table 3.

Table 2. Parameter configuration for ENN model.

Parameter Value
Input layer nodes 8
Hidden layer nodes 8
Output layer nodes 1
Number of hidden layers 1
Transfer functions {"tansig’,’purelin’}
Training function trainlm
Performance function MSE
Learning rate 0.01
Maximum iterations 1000
Target error 0.0001

Table 3. Parameter configuration for PSO, APSO, and ASA-PSO algorithms.

Parameter Algorithm Value
Population size PSO, APSO, and ASA-PSO 30
Maximum iterations PSO, APSO, and ASA-PSO 20
Inertia weight (w) PSO 0.95
& APSO and ASA-PSO [0.4, 0.95]
Learning factors (c1, ¢3) PSO, APSO, and ASA-PSO 2
Sec"“d'ofrii;rosscmahon APSO and ASA-PSO Equations (12) and (13)
Velocity range PSO, APSO, and ASA-PSO [—2, 2]
Position range PSO, APSO, and ASA-PSO [=5, 5]
Maximum temperature ASA-PSO 30
(Tmax)
Cooling coefficient (p) ASA-PSO 0.95

3.3.2. Model Evaluation Metrics

To rigorously validate the accuracy of the coarse-grained soil mechanical property
prediction model developed with our improved particle swarm optimization algorithm,
four evaluation metrics have been introduced: Coefficient of Determination (R%); Mean
Squared Error (MSE, Equation (4)); Root Mean Squared Error (RMSE); Mean Absolute

Error (MAE).
N 2
X [y(k) =i (k)]
R?=1- &1 (17)
2
L [y(k) = yp(k)]
k=1
1Y 5
RMSE = J 5 3 [y0) — yi (k)] (18)
k=1
1N
MAE = ) ly(k)— y: (k)] (19)
Nkzl
where

o  y(k) is the measured value at data point k;

e (k) is the predicted value at data point k;

e yp(k) is the mean value of all measured data points in the test set;
e  Nis the total number of samples in the test set.
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4. Results
4.1. Model Training and Testing

To evaluate the effectiveness and precision of the proposed algorithm, both conven-
tional PSO and ASA-PSO implementation utilized the mean squared error (MSE) as the
fitness function. The evolutionary curves of PSO and ASA-PSO are presented in Figure 8.
Analysis reveals that adaptive adjustment of inertia weight and learning factors enables
standard PSO to partially escape local optima. Building upon APSO, the integration of
simulated annealing further enhances local optima avoidance capabilities and improves
global optimum search accuracy. Additionally, the proposed algorithm achieves accelerated
convergence rates while maintaining solution precision.
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Figure 8. Evolutionary curves of the model algorithms.

To demonstrate the predictive capability of the ASA-PSO-ENN model, a comparative
analysis was conducted using 106 data points from the test set. Figure 9 presents the
predicted deviatoric stress results from different models, with the training sample number
on the x-axis and the predicted deviatoric stress values on the y-axis. By comparing the
predictions of the ELMAN neural network, PSO-Elman, and the proposed ASA-PSO-ENN
algorithm against the actual values, it is evident that the ASA-PSO-ENN model achieves
the best fit with the true values, demonstrating significantly higher prediction accuracy
than the other two comparative algorithms. These results further validate the superior
performance of the ASA-PSO-ENN model in predicting deviatoric stress.

7

—+— True Value
—v— Original Elman
—&—PSO-Elman

¥ & ASAPSO-Elman

61— L
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Test Sample Index

Figure 9. Comparative visualization of predictive versus experimental values for Elman neural
networks pre- and post-PSO optimization.
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As shown in Figure 10, the evaluation metrics of different prediction models are com-
pared. The results indicate that the optimized ASA-PSO-ENN prediction model proposed in
this study exhibits significantly lower MAE, MSE, and RMSE values compared to both the
standard ENN and PSO-ENN algorithms, demonstrating superior predictive performance.
Furthermore, the optimized model achieves a correlation coefficient of 0.9799, representing
improvements of approximately 11.8% and 9.1% over the ENN and PSO-ENN algorithms,
respectively. The experimental results demonstrate that the ASA-PSO-optimized ENN
model achieves superior computational efficiency and faster convergence rates in prac-
tical implementations, proving particularly effective for predicting coarse-grained soil
mechanical properties.

ASA-PSO-ENN 0.0347 0.0488
PSO-ENN 0.041 0.0722
ENN 0.0487 0.0911
L L £} I 1 L I L L L I 1 1 1 1 1
0.00 0.02 0.04 0.06 0.0000 0.0033 0.0066 0.0099 0.00 0.02 004 0.06 0.08 0.10 00 02 04 06 08 1.0
MAE MSE RMSE R?

Figure 10. Comparison of error evaluation metrics among different prediction models.

4.2. Engineering Verification

Based on the proposed ASA-PSO-ENN prediction model for the mechanical param-
eters of coarse-grained soils, real triaxial test data of sandy gravel materials from an
earth-rock dam project were selected to validate the model. Input parameters includ-
ing different gradations, dry densities, confining pressures, and axial strains were fed
into the pre-trained ASA-PSO-ENN prediction model to forecast the deviatoric stress
and volumetric strain. The relationships between predicted versus actual deviatoric
stress—strain and volumetric strain—strain for the sandy gravel materials are plotted in
Figure 11a and 11b, respectively. In the figures, the horizontal axis represents axial
strain, while the vertical axis displays the predicted values of deviatoric stress and vol-
umetric change. The blue curves represent the measured results (i.e., true values) of
deviatoric stress and volumetric strain from the triaxial compression tests, while the or-
ange curves depict the predicted results (i.e., predicted values) generated by the ASA-
PSO-ENN model. It is evident that the proposed ENN model optimized by the ASA-
PSO algorithm demonstrates high predictive capability for the mechanical parameters of
coarse-grained soils.
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Figure 11. Comparison of deviatoric stress—axial strain—volumetric strain relationships between
laboratory tests and ASA-PSO-ENN model predictions.

5. Conclusions and Discussions

As the primary fill material for earth-rock dams, the mechanical properties of coarse-

grained soils exert direct impacts on dam safety assessments. This study proposes a

predictive model for the mechanical parameters of coarse-grained soils by optimizing an
Elman Neural Network (ENN) using the combined Adaptive Simulated Annealing and
Particle Swarm Optimization (ASA-PSQO) algorithm. The key conclusions are as follows:

@

A hyperbolic tangent function-based nonlinear inertia weight adjustment strategy
was adopted to enable the adaptive variation of the particle swarm optimization
(PSO) algorithm during the iterative process, effectively balancing its global and local
optimization capabilities. The proposed second-order oscillatory strategy for particle
velocity updates enhances the traversal behavior of particle motion by introducing an
oscillation mechanism, thereby strengthening the particles’ self-cognitive ability and
maintaining population diversity. This approach effectively prevents premature con-
vergence and reduces the risk of the algorithm becoming trapped in local optima. By
integrating the perturbation mechanism and search strategy of simulated annealing
(SA) into the adaptive particle swarm algorithm (APSO), a novel hybrid optimization
algorithm (ASA-PSO) was developed. This hybrid algorithm not only ensures rapid
convergence but also enhances global search capability, further improving solution
accuracy and effectively mitigating premature convergence. Validation through prac-
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tical engineering cases demonstrates that the Elman neural network (ENN) model
optimized by the fusion of simulated annealing and the improved PSO algorithm
achieves high accuracy and strong stability in predicting the mechanical properties of
coarse-grained materials, indicating significant engineering application value.

(2) The developed ASA-PSO-ENN model in this study can accurately predict the devi-
atoric stress—axial strain—volumetric strain relationship of coarse-grained materials,
thereby enabling the determination of key parameters for the Duncan E-B nonlinear
model. These parameters can be directly applied to the finite element analysis (FEA)
constitutive model of geotechnical structures such as earth-rock dams, significantly
improving the accuracy of deformation numerical analysis and enhancing the engi-
neering application value. Furthermore, the model exhibits excellent rapid prediction
capabilities. During actual construction, by inputting real-time field-monitored com-
paction parameters of fill materials into the trained model, the mechanical property
parameters of the compacted fill under current rolling conditions can be quickly ob-
tained. Through real-time comparison with design target values, the model provides
timely and reliable technical guidance for construction personnel to dynamically
adjust compaction operations (e.g., roller passes and intensity).

(3) Inrecent years, artificial intelligence and machine learning technologies have been
widely applied in engineering prediction fields, with algorithms such as LSTM, Light-
GBM, and SVM demonstrating extensive utility across various domains. LSTM,
leveraging its strength in temporal sequence modeling, is commonly employed for
dynamic system predictions (e.g., meteorology, transportation). Light GBM excels
in efficiency and interpretability, making it particularly suitable for structured data
processing (e.g., finance, healthcare). SVM, owing to its superior performance in
small-sample classification, stands out in high-dimensional data applications (e.g.,
image and biological data analysis). Zhang et al. [41] systematically reviewed the tech-
nological evolution from traditional machine learning to deep learning and large-scale
models for seismic response analysis of earth-rock dams, highlighting the advantages
and limitations of different approaches.

The proposed ASA-PSO-ENN hybrid model in this study incorporates several inno-
vative features: First, an adaptive strategy (ASA) is introduced to dynamically optimize
the inertia weight parameters of the particle swarm, significantly enhancing the model’s
temporal response capability. Second, by combining the nonlinear mapping ability of
neural networks with the global optimization strength of the particle swarm algorithm, the
model achieves high-precision capture of complex patterns. Finally, the recurrent feedback
structure of ENN ensures model stability under data perturbations while maintaining
excellent temporal generalization performance.

Engineering case studies demonstrate that the model exhibits superior accuracy and
robustness in predicting the deviatoric stress—axial strain-volumetric strain relationship
of coarse-grained soils (e.g., gravelly sands), providing a novel technical pathway for
parameter prediction in geotechnical applications.

(4) The deformation characteristic parameters of dam coarse-grained materials are pri-
marily determined through laboratory triaxial tests. However, in the construction
of high rockfill dams, the increasing particle size of dam materials is constrained by
testing equipment dimensions, leading to significant scale effects in laboratory test re-
sults. Furthermore, as the filling height of earth-rock dams increases, the compaction
density of dam materials varies across different elevation zones, resulting in corre-
sponding variations in mechanical properties along the dam height. If the mechanical
parameters obtained during the construction phase are still used for dam deformation
analysis, the results often fail to accurately reflect actual dam deformations.
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Therefore, the application of the proposed ASA-PSO-ENN model for predicting me-
chanical properties of coarse-grained materials enables the estimation of reasonable mechan-
ical parameters that account for both scale effects and elevation-dependent non-uniform
compaction. Consequently, dam deformation analyses based on these predicted parameters
will yield more accurate and rational results.

6. Limitations and Future Research Directions

The ASA-PSO-ENN model for predicting mechanical properties of coarse-grained
soils established in this study has the following limitations that need to be addressed in
future research:

(1) Data-related limitations

First, the model’s training relies on triaxial test data, making its prediction accuracy
inherently dependent on the quality of experimental data. Thus, rigorous data screening and
preprocessing are critical. Currently, the limited dataset scale constrains model performance;
expanding the dataset would significantly enhance prediction accuracy and reliability.

Secondly, the scope of application of this model is limited to coarse-grained materials
with a maximum particle size of 60 mm. For the scenarios involving dam materials with
a particle size of 800 to 1200 mm in actual water conservancy projects, it is necessary to
consider the scale effect to establish a quantitative conversion model between the prototype
gradation and the laboratory gradation, mathematically map the prototype gradation to
the corresponding laboratory gradation, and use the ASA-PSO-ENN prediction model to
predict the physical and mechanical characteristic parameters of the prototype gradation.

Finally, while the model accounts for key parameters such as gradation, dry density,
and confining pressure, further improvements in assessment precision and generalizability
demand the integration of multi-project, multi-material databases. Such expansion would
strengthen the model’s engineering applicability and predictive robustness.

(2) Applicability limitations

The gradation characteristics serve as critical input parameters for the proposed
model. The model was developed based on triaxial test data of gravelly sands, which
feature hard, rounded particles with negligible breakage during compaction. Consequently,
the gradation characteristics remain consistent between pre- and post-compaction states, as
well as with the original quarry materials.

However, for crushed rockfill materials (e.g., blasted aggregates), significant particle
breakage occurs during compaction, leading to substantial changes in gradation character-
istics. This mechanism fundamentally limits the prediction accuracy of the current model.
Future studies should:

e Systematically investigate the evolution patterns of gradation parameters
under compaction;

e  Optimize model parameters to account for particle breakage effects;

e  Develop enhanced prediction models to improve accuracy.

Such advancements will provide more reliable theoretical support for mechanical
parameter prediction across diverse coarse-grained materials.

(8) Comparative analysis of intelligent algorithms

While other advanced nonlinear modeling algorithms (LSTM, LightGBM, SVM) have
demonstrated excellent performance across various domains, their systematic applica-
tion in evaluating mechanical properties of coarse-grained soils (particularly deviatoric
stress—strain—volumetric strain relationships) remains unexplored. Notable applications
in related fields include the following: Zhou et al. [13] employed Random Forest and
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Cubist algorithms to develop predictive models for accurate assessment of shear strength
characteristics in rockfill materials; Wang et al. [42] enhanced ionospheric prediction accu-
racy through a Residual Attention-Bi Conv LSTM model incorporating residual attention
mechanisms; Mu et al. [43] proposed a BKA-CNN-SVM hybrid model combining opti-
mization algorithms with deep learning for rockburst intensity prediction; Wang et al. [44]
significantly improved gas concentration prediction reliability using a variable-weight
combined LSTM-LightGBM model.

Although neural network approaches (e.g., our ASA-PSO-ENN model) show promis-
ing predictive capabilities in this domain, their inherent “black-box” nature presents limi-
tations: obscured interpretability of relationships between input variables and prediction
results; heightened risk of overfitting; potential compromise of generalization performance.

Future research should leverage the proven successes of these alternative algorithms to:

e  Develop novel assessment methodologies with enhanced prediction accuracy;

e  [Establish interpretable mapping relationships between material parameters and me-
chanical responses;

e Optimize model architectures to balance computational efficiency with
physical meaningfulness.
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