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neural networks is proposed. Key macroscopic indicators (steady-state shear stress, angle of repose) are obtained
via Jenike shear and funnel tests across a 0-50% moisture range. Orthogonal experiments determine micro-
parameters (e.g., static/rolling friction, surface energy) to build a macro-micro mapping database. The core of
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to replace time-consuming DEM simulations, while the PSO algorithm optimizes the inverse BP model to accurately
infer optimal micro-parameters from experimental macro-indicators (steady-state shear stress, angle of repose).
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1. Introduction

The application of DEM simulation in port material handling engi-
neering and operations has expanded significantly worldwide. By
simulating the behavior of granular materials, DEM enhances design
optimization, improves efficiency, and reduces costs and risks, thereby
generating substantial economic benefits (Ye et al., 2019). However, the
accuracy of DEM simulations relies heavily on the accurate particle
configuration, which requires extensive experimental data to calibrate
parameters, including interparticle friction coefficients and elastic
moduli. Calibration and validation are therefore essential to ensure
reliable results, representing the key challenge, particularly for cohesive
bulk materials (Liu et al., 2024). This study investigates lateritic nickel
ore, a clay-like, weathered material composed mainly of iron,
aluminum, and silicon oxides (Coban & Bas, 2024). Its unique proper-
ties, which include strong cohesiveness (from clay minerals), high
sensitivity to moisture content (MC), and irregular morphology, these
characteristics distinguish it from non-cohesive particles such as sand
and coal, resulting in difficulties and time-consuming calibration during
DEM simulation. As an important strategic metal resource and major dry
bulk cargo, its inaccurate DEM simulation causes suboptimal port
equipment design, frequent clogging, and high maintenance costs. Rapid
and accurate calibration of lateritic nickel ore DEM parameters enables
effective prediction of its mechanical response under load, offering both
scientific and practical value in the design of port bulk handling systems.

The DEM parameter calibration is the process of determining
appropriate DEM parameters by continuously adjusting input parame-
ters in the DEM model until the discrepancy between simulation results
and experimental results falls within the acceptable tolerance range.
Grima and Wypych (2011) calibrated the rolling friction coefficient of
particles using a trial-and-error approach by comparing parameters such
as bulk density, pile height, and angle of repose, achieving favorable
predictive results. This method, however, fails to decouple cross-effects
among cohesion, friction, and elasticity, which induces high uncertainty
and is overly time-consuming when dealing with multi-moisture sce-
narios. Coetzee (2009; 2014) calibrated particle stiffness through
compression tests, followed by sequential calibration of particle friction
coefficients via shear tests or angle of repose tests. However, while this
sequential calibration method reduces the degree of uncertainty in the
calibration process, it also weakens the cross-effects between DEM
parameters.

With advances in science and technology, neural networks have
found growing application in the calibration of DEM parameters for
granular materials, owing to their outstanding nonlinear fitting and
learning capabilities. Benvenuti et al. (2016) trained artificial neural
networks with multiple DEM simulation datasets. The trained networks
focused on non-cohesive particles, ignoring cohesion and moisture.
Tawadrous et al. (2010) calibrated rock micro-parameters, which differ
fundamentally from clay-rich ore in cohesiveness. Long et al. (2023)
proposed a recurrent neural network (RNN) -based parameter calibra-
tion model and established granular soil stress-strain sequence datasets
via DEM simulations. RNN for granular soils lacks generalizability to
highly cohesive, moisture-sensitive ore. Jiang et al. (2023) proposed the
BP neural network-based method for -calibrating DEM shear
micro-parameters for granular materials. However, the initial weights
and biases of BP neural networks are randomly assigned, which in-
troduces uncertainty into the model training performance. Thus, the BP
neural network is prone to being trapped in local optima and exhibits
slow convergence during the training process (Tang et al., 2025). The BP
neural network method is affected by random initialization, leading to
susceptibility to local optima, slow convergence, and poor robustness.
These flaws are salient when mapping the complex relationships be-
tween moisture, micro-parameters, and macro-strength of cohesive bulk
materials like lateritic nickel ore.

Many scholars have introduced various intelligent algorithms into
the field of rapid calibration of DEM micro-parameters, effectively
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addressing the shortcomings of traditional trial-and-error calibration
methods, which are characterized by low efficiency and high subjec-
tivity. Peng et al. (2026) optimized the SVM model using nested
cross-validation and SHAP analysis, achieving high-precision calibration
of rock DEM parameters. Du et al. (2025) validated the superior per-
formance of random forests in parameter sensitivity analysis of the
parallel bonding model through a comparison of various machine
learning algorithms. Kholodniak et al. (2026) utilized a MLP deep
learning framework to perform intelligent calibration of DEM parame-
ters for various rock types, including granite and sedimentary rocks.
Nevertheless, the above algorithms are mainly developed for rigid rock
materials with stable physical properties. Given the essential differences
in mechanical and physical characteristics between rock masses and
cohesive ores, these data-driven methods fail to adapt to cohesive ores,
whose mechanical properties and particle contact states are highly
sensitive to frequent moisture content fluctuations, resulting in poor
calibration stability and low prediction accuracy in practical
applications.

To improve the applicability of intelligent calibration methods for
ore materials, scholars have further explored targeted optimization
frameworks. Wang et al. (2023) developed a deep neural network cali-
bration method for the ore cementation particle model, significantly
improving the accuracy and applicability of parameter predictions.
Brandao et al. (2024) systematically reviewed the experimental deter-
mination and calibration processes of DEM input parameters, clarifying
that the restitution coefficient, static friction coefficient, and rolling
friction coefficient are significantly influenced by material properties,
surface roughness, and particle size. Shentu and Lin (2023) proposed a
two-stage machine learning framework for complex heterogeneous rock
masses, which improved calibration efficiency and accuracy under
conditions of multiphase and multiparameter coupling, providing a
general framework for the intelligent calibration of complex DEM
models. Despite the significant progress of neural networks, SVM and
ensemble learning in granular material DEM -calibration, current
research still has prominent technical gaps that restrict the numerical
simulation of cohesive ores. Existing intelligent calibration models
mostly focus on materials with stable moisture characteristics and
ignore the strong water sensitivity of cohesive ores; they cannot quan-
titatively characterize the dynamic coupling relationship between
moisture content variation and DEM micro-parameters. Moreover, most
conventional algorithms suffer from insufficient model interpretability
and poor generalization ability under variable working conditions, and
there is a lack of a specialized, adaptive calibration framework for
water-fluctuating cohesive ores.

Therefore, the PSO-BP neural network-based method for DEM
parameter calibration is proposed in this article. By combining the
global search capability of the PSO algorithm with the nonlinear map-
ping strength of the BP neural network, the PSO-BP dual-model
collaborative calibration system for DEM parameter calibration is
established. It aims to address the issues with existing neural networks,
which are prone to getting stuck in local optima, cannot adapt to
cohesive materials with moisture content, and suffer from slow training
convergence. The specific workflow is as follows: (1) Experimental
characterization: Shear tests are conducted using the Jenike shear
apparatus on lateritic nickel ore samples with varying MC to obtain the
steady-state shear stress 7eyp. The natural angle of repose ey is deter-
mined using the cone test. (2) Simulation database construction: DEM
simulations are conducted within the parameter range specified for
granular lateritic nickel ore samples, and the corresponding macro-
scopic response parameters (simulated angle of repose 6sjy, and simu-
lated shear stress tsm) are extracted. (3) Neural network model
construction: The improved BP neural network based on the PSO algo-
rithm is employed to establish both forward and inverse mapping
models for DEM parameter calibration of granular lateritic nickel ore.
(4) Model validation and engineering application: Inverted DEM micro-
parameters derived from the inverse mapping model are employed for
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DEM reconstruction simulations. Subsequently, error analyses are con-
ducted by comparing the calibration results with experimental data (@exp
and 7exp). Furthermore, the effectiveness of this inverse mapping model
in engineering-scale simulations is validated via comparative studies
between virtual prototype simulations of the chute device and physical
experiments on granular lateritic nickel ore.

2. Lateritic nickel ore calibration test
2.1. Angle of repose test

The experimental apparatus for the determination of the static angle
of repose of granular lateritic nickel ore is shown in Fig. 1. The apparatus
primarily consists of a supporting mounting bracket, a tray, a motor, a
lead screw, a support frame, a funnel, and a speed controller. Specif-
ically, the funnel is fixed to the mounting bracket, which is connected to
the lead screw nut. The lead screw is oriented perpendicularly to the
ground. First, the funnel is lowered until it comes into contact with the
horizontal surface. Subsequently, the funnel is filled with 3 kg of gran-
ular lateritic nickel ore, wherein the material is uniformly distributed
inside the funnel to ensure consistent discharge. Thereafter, the motor
speed is regulated to actuate the upward movement of the funnel at a
constant rate of 0.03 m/s. Under gravitational action, the granular
material accumulates on the horizontal plane. After the accumulation
has fully stabilized, the angle between the surface of the granular pile
and the horizontal plane is measured, which is defined as the static angle
of repose.

To eliminate subjective errors in manual measurements and improve
the objectivity and accuracy of pile angle measurements, experimental
images are post-processed by this article using MATLAB image pro-
cessing techniques. The process is as follows in Fig. 2. Firstly, the orig-
inal images undergo grayscale conversion and filtering to remove noise,
eliminating interference such as uneven lighting and shadows. Then, the
outer contour of the pile is extracted using the Canny algorithm. Finally,
a straight line is fitted to the boundary point cloud using the least
squares method, and the slope of the fitted line is taken as the tangent of
the angle of repose, establishing a quantitative mapping relationship
between image features and physical parameters.
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Fig. 1. Angle of repose test.
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2.2. Shear test

The direct shear test is conducted using a Jenike shear tester, its
equipment model is the FT-3400 powder flow behavior analyzer as
illustrated in Fig. 3. The shear box features a diameter of 120 mm and a
height of 30 mm. In this experiment, materials with different moisture
contents are obtained by drying the raw materials and then sequentially
adding water in specific mass ratios. To cover the key nodes of laterite
nickel ore flow characteristics (drying, agglomeration, peak flow rate,
incipient blockage and field high moisture content), moisture content
gradients of 0, 10, 20, 30, 40 and 50% are adopted to better conform to
experimental and industrial conditions (Liu et al., 2024; Xu et al., 2024).

The shear box is filled with particles during testing; the excess ma-
terial above the shear box is leveled off, and any residual particles in the
grooves are thoroughly removed. The shear rate is set at 0.3 m/s, and a
vertical load of 6 kPa is applied. Test data are collected and analyzed
using the powder flow behavior analyzer. Average values are calculated
and adopted as the material characteristic parameters to obtain the
shear property data for each MC group. The experimental data corre-
sponding to different MC are shown in Fig. 4.

3. PSO-BP neural network algorithm
3.1. Principles of backpropagation neural networks

Based on the error BP principle, the BP neural network employs a
feedforward multi-layer architecture. Its core advantage is the capacity
to establish input-output mapping models for sample datasets via self-
learning and data storage during extensive training, eliminating the
need for explicit mathematical expressions or manual intervention in the
modeling process. The self-learning mechanism of the BP neural
network is based on the gradient descent algorithm, which adjusts the
internal weights and biases of the network by iterative error back-
propagation to minimize prediction errors. This process minimizes the
sum of squared errors (SSE) of the model, thereby ensuring accurate
predictions. Furthermore, in principle, the model can construct a reli-
able mapping between input and output variables. With sufficient
sample data and when the network meets convergence criteria during
training, it can be effectively utilized to predict the mechanical prop-
erties of granular materials (Jadidi et al., 2025; Liu et al., 2022). The
topology of the commonly used BP neural network model is illustrated in
Fig. 5, which is primarily composed of three functional layers: the input
layer, the hidden layer, and the output layer.

3.2. PSO-BP neural network algorithm

The PSO algorithm is a stochastic search method inspired by the
foraging behavior of bird flocks. It treats each potential solution to an
optimization problem as a particle within the search space, assesses
particle quality using a fitness value, and iteratively updates particle
velocity and position to seek the global optimum, thereby identifying
the best solution within the search space (Shami et al., 2022). The
iterative formula for the velocity and position of its particles is as
follows:

VI SV ean (P - XE) + eana (G - X)) @

X =Xf + VI (1<i<n) 2
where w is the inertia weight; V; is the particle velocity, set to 0.6 in this
article; ¢; and c are learning factors, typically non-negative constants,
set to 2.0 in this article, because when set learning factors to 2.0, neural
network converges quickly during the early stages of training, and the
weights exhibit only moderate oscillation near the optimal solution
(Citton et al., 2025); P; and G;j are the individual optimal position and
population optimal position of the particle, respectively; X; is the
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Fig. 2. Process for deriving the angle of repose.

Fig. 3. FT-3400 powder flow behavior analyzer.

position of the i-th particle.

The value of the inertia weight, w plays a crucial role in the opti-
mization capability of the particle swarm. A larger inertia weight en-
hances global search, while a smaller one improves local search. To
balance global and local search capabilities, a linearly decreasing inertia
weight is proposed, as shown in Eq. (3):

k

(Wmax - Wmin) W

X 3

W= Wmax —
where wpay is the initial inertia weight (typically assigned the value of
0.9); and wp, is the inertia weight at the maximum number of iterations
(typically assigned the value of 0.4); k is the current iteration count; K is
the maximum iteration count, set to 100 in this article.

The learning factors in the algorithm govern the behavior of particles
in the search space, especially their ability to follow both their own best

historical positions and the global best position. In the PSO algorithm,
learning factors are categorized into two types: the individual learning
factor (c1) and the social learning factor (cz). The individual learning
factor (c;) guides the search of the particle based on its own experience.
This improves the local search performance of the algorithm and facil-
itates the refinement of solutions. The social learning factor (cy) governs
information exchange within the swarm, thereby promoting global
exploration. This mechanism helps particles escape local optima and
traverse a broader region of the search space (Zou, 2021). By properly
tuning these two learning factors, the PSO algorithm can effectively find
the optimal solution while balancing its global and local search capa-
bilities. This article improves the learning factor by adopting a linear
time-varying approach, with the formula expressed as:

(Cl max — C1 min)k
K

(CZ max — C2 min)k
K

€1 = €l max —
4

€2 = C2max —

where k is the current iteration count; K is the maximum iteration count,
set to 100 in this article; ¢; and co are learning factors, typically non-
negative constants, set to 2.0 in this article.

The construction of a BP neural network mainly includes three key
steps: setting the number of nodes in the input and output layers,
designing the hidden layer, and normalizing the data.

(1) Based on four micro-mechanical parameters and five macro-
mechanical parameters of ores samples, PSO-BP neural network
models for forward modeling and inversion are established
respectively. The forward modeling model takes micro-
mechanical parameters as input and macro-mechanical parame-
ters as output, while the inversion model takes macro-mechanical
parameters as input and micro-mechanical parameters as output.

(2) The number of nodes in the hidden layer directly affects the
model accuracy. Too many nodes tend to cause over-fitting dur-
ing training, whereas too few nodes lead to under-fitting. The
optimal number is calculated using the empirical formula:

m=vn+li+a ©)

where m, n, and [ represent the number of neurons in the hidden layer,
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Fig. 5. Topology of the BP neural network model.

input layer, and output layer respectively, and a is a constant ranging
from O to 10. The final number of hidden layer neurons is determined to
be 10.

(3) Raw data differ in dimensions and physical meanings, so min-
max normalization is adopted to scale the data to the interval
[0,1] for improved training performance. The normalization
formula is:

Xn~Xmin
yE—— (6)

Xmax ~Xmin

where x;, is the input sample data, Xpin and xpmax are the minimum and
maximum values of the sample data, and y is the normalized data.

After model prediction, inverse normalization is performed to restore
the predicted values with real physical significance. The inverse
normalization formula is given as follows:

falls below 103, the PSO-BP algorithm flowchart is shown in Fig. 6. The
PSO-BP algorithm process is described as follows:

(1) The BP neural network is initialized; the sample data format is
normalized; the total number of particle swarm weights and
biases is calculated; binary encoding is conducted, and the
encoded results are assigned to individual particles.

(2) PSO optimization is implemented by presetting relevant param-
eters and constructing the particle population, including the
population size N (i.e, particle number) and the number of iter-
ations. During particle population construction, each particle is
assigned an initial random position, x;, and velocity, v;, for sub-
sequent iterative processes.

(3) Calculate the fitness for each particle.

(4) Local and global optima within the particle swarm are identified
and recorded.

(5) The position x; and velocity v; of each particle in the current
swarm are updated based on fitness values, combined with the
personal best position of the particle as well as the global best
position of the swarm.

(6) Recalculate the fitness of each particle in the new particle swarm.

(7) The personal best positions of all particles are updated.

(8) The global optima of the particle swarm are updated.

(9) When the termination condition is satisfied, or the maximum
number of allowable iterations is reached, the loop is terminated.
Otherwise, the iteration count is incremented, and the process
returns to Step 5.

(10) The optimal solution to the problem is output and assigned to the
BP neural network.

3.3. Comparison of neural network model performance before and after
improvement

Fig. 7 shows the curves of prediction accuracy error for the standard
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Fig. 6. Flowchart of the PSO-BP neural network algorithm.

BP neural network and the improved PSO-BP neural network when
inverting and predicting macroscopic parameters of DEM under different
moisture content conditions. “B” represents the standard BP neural
network, and “P” represents the improved PSO-BP neural network.
Overall, the prediction accuracy of the standard BP neural network is
more significantly affected by changes in moisture content, exhibiting
characteristics of “large fluctuations and distinct variations across
ranges.” In contrast, the prediction error of the improved PSO-BP neural
network remains consistently at a low level, demonstrating superior
stability, making it more suitable for the inversion and prediction of DEM
macroscopic parameters under scenarios of dynamic moisture content
fluctuations.

4. Neural network parameter calibration
4.1. Neural network database

This article characterizes changes in moisture content by adjusting the
JKR parameter (Chen et al., 2025), to accurately characterize the physical
properties of lateritic nickel ore as a cohesive bulk material, this article
adopts simulations using the built-in Hertz-Mindlin with JKR contact
model and standard rolling friction model in EDEM software (Xu et al.,
2024). The JKR model is based on Hertzian contact theory and calculates
the adhesive force between particles by incorporating the concept of
particle surface energy. The standard rolling friction model accounts for
the rolling resistance of particles through the application of torque at the
contact interface. The DEM parameters to be calibrated are the particle
static friction coefficient (us), rolling friction coefficient (u,), particle
surface energy (J,p), and coefficient of restitution (e). This article obtained
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Fig. 7. Comparison of neural network prediction accuracy error before and
after improvement.

actual particle size distribution (PSD) data through experimental testing,
after particle size classification, experimental data for 1.5 mm particles
are selected as the standard values for the material's macroscopic pa-
rameters. Based on data from literature on the particle-stainless steel
contact of viscous moist soils (Carr et al., 2023) and the commonly used
built-in material database (GEMM) of EDEM software, the parameter
ranges adopted in this article are presented in detail in Table 1.
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Table 1
DEM simulation parameters.
Simulation Value Simulation parameters Value
parameters
Particle radius 1.5 mm Particle-particle surface 10~15J m~2
energy
Poisson's ratio of 0.3 Particle-particle 0.15~0.75
particle coefficient of restitution
Density of particle 2700 kg m™>  Particle-particle static 0.2~1.0
friction coefficient
Shear modulus of 5 x 107 Pa Particle-particle rolling 0.10~0.20
particles friction coefficient
Poisson's ratio of 0.3 Particle-stainless steel 0.48
stainless steel coefficient of restitution
Density of stainless 7800 kg m~3  Particle stainless steel 1.73
steel static friction coefficient
Shear modulus of 7 x 10'° Pa Particle-stainless steel 0.15

stainless steel rolling friction coefficient

Shear tests and angle of repose tests are simulated at 1:1 prototype
scale using the EDEM software, ensuring spatial and topological con-
sistency between physical experiments and numerical models. Fig. 8(a)
shows the simulation test of the angle of repose test in EDEM. The funnel
features a top opening with a diameter of 240 mm, a bottom cylinder
(70 mm in diameter and 120 mm in height), and an overall height of
320 mm. Initially, 3 kg of lateritic nickel ore particles are loaded into the
funnel, which is then lifted at a speed of 0.03 m/s to allow the particles
to roll and accumulate on a 600 mm x 600 mm flat plate. After stabi-
lization, the clipping tool in the EDEM post-processing module is used to
slice the particle pile, followed by measuring the simulated angle of

Blanking

(a) Angle of repose test
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repose (0sm) using the Protractor tool.

Fig. 8(b) shows the simulation test of the shear test in EDEM. During
the shear test simulation, a constant pressure of 6.0 kPa is applied to the
clipping cover along the vertical direction. Once the material particle
simulation process stabilizes, a constant pressure is maintained on the
clipping cover, while a rotational shear rate of 0.48 rpm is applied to the
shear box. The simulation calculation yields the steady-state shear stress
7sim- In this model, the gravitational parameter g is set to 9.81 m/s? to
ensure the physical authenticity of the dynamic response characteristics
of the particle system.

An orthogonal experimental design is employed to construct 225
parameter combinations for four parameters: coefficient of restitution,
particle static friction coefficient, particle dynamic friction coefficient,
and interparticle surface energy in this article. From the total of 450
DEM simulations, a comprehensive parameter database containing 450
sets of angle of repose and shear force response data is established. By
pairing the experimental data from six MC conditions (0-50% by mass)
in Fig. 4 with corresponding simulation data, a total of 1350 sets of
paired experimental-simulation data are obtained (6x225). The data-
base design approach is shown in Fig. 9.

4.2. Neural network test results

A three-channel data partitioning mechanism is employed to
construct an anti-overfitting data architecture with 70% training set,
15% validation set and 15% test set (Liu et al., 2024), thereby estab-
lishing a bidirectional parameter correlation model in this article. The
forward model takes the micro-parameter vector X = {us, pr, Jpp, €} as

6.0 kPa¢

Clipping cover

/

Clipping box

w

(b) Shear test

0.48 rpm

Fig. 8. Angle of repose test and shear test simulation model.
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input and outputs the macro-parameter vector Y = {MC, Osim, Tsim> Oratio>
Tratio} to construct a surrogate model for DEM simulation (where
Oratio = Osim/Bexp» Tratio = Tsim/Texp)- The parameter inversion mechanism
is employed by the inverse model, with the macro-parameter vector Y
adopted as the input to invert the micro-parameter vector X. The for-
ward PSO-BP model consists of a four-node input layer, five-node output
layer, and a single ten-node hidden layer, as shown in Fig. 10.

During the training phase, the model achieves an R? value of 0.97,
followed by R? = 0.95 in the validation phase and R? = 0.95 in the
testing phase. The regression coefficients across all three phases excee-
ded the 0.9 threshold, validating the generalization capability of the
network architecture.

The inverse PSO-BP model comprises a five-node input layer, a four-
node output layer, and a single ten-node hidden layer. Fig. 11 illustrates
the performance of the model across training, validation, and test
datasets, with regression coefficients exceeding the 0.8 significance
threshold in all stages. This indicates that the trained model achieves a
good fit between predictions and actual results. The inverse mapping
model can accurately reconstruct DEM micro-parameters, meeting the
accuracy requirements for DEM parameter calibration.

Fig. 12 illustrates the fit between the neural network-predicted
microscopic parameters (including the static friction coefficient be-
tween particles us, the rolling friction coefficient between particles y,
the interfacial energy between particles Jpp, and the coefficient of
restitution between particles e) and the actual values under 100 sample
sets. The root mean square error (RMSE) for each parameter is less than
0.1, indicating that the deviation between the model's predictions and
the actual values from the DEM simulation is small, demonstrating high

goodness of fit and prediction accuracy. Thus, the DEM macro-micro
parameter inversion model based on the PSO-BP neural network can
effectively and accurately identify micro-mechanical parameters. This
model enables rapid inversion of micro-parameters based on macro-
mechanical parameters, significantly reducing the time required for
micro-parameter calibration in DEM numerical simulations and thereby
enhancing the overall efficiency of macro-micro parameter correlation
studies.

Fig. 13 illustrates the relationship between the angle of repose of the
lateritic nickel ore, steady-state shear strength (which is derived from
the PSO-BP inverse neural network prediction model) and the micro-
scopic parameters of the lateritic nickel ore (us, pir, Jpp, €). The prediction
results reveal a complex nonlinear relationship among the angle of
repose, shear strength and DEM parameters, indicating that the
macroscopic flow behavior of particles results from the synergistic
interaction of multiple DEM parameters.

Analysis of Fig. 13 reveals that the coefficient of restitution e exhibits
a nonlinear response to macroscopic parameters, characterized by a
weak response in the low range and a strong enhancement in the high
range. The influence of the static friction coefficient us between particles
on macro parameters exhibits a nonlinear pattern characterized by a
gradual increase in the low range, a steep increase in the medium-to-
high range, and a gradual decrease in the high range. The influence of
the kinetic friction coefficient u, between particles on macro parameters
exhibits a unimodal nonlinear pattern. The influence of the interparticle
surface energy Jp, on macro parameters exhibits a nonlinear pattern
characterized by a weak response in the low range and a strong
enhancement in the high range.
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Fig. 11. Training results of the backward PSO-BP neural network.

4.3. Analysis of reverse validation results

Based on the output values from the reverse neural network, simu-
lation tests are conducted on the angle of repose and shear behavior of
lateritic nickel ore. Under 40% moisture content (MC) conditions,
steady-state shear stress (zexp) and angle of repose (exp) are measured
for laterite nickel ore samples. These values are used to obtain inverted
micro-parameters, which are then applied to DEM reconstruction sim-
ulations, yielding simulated steady-state shear stress (rsiy,) and simu-
lated angle of repose (6sim). The results are compared as shown in
Fig. 14.

Simulation and field test results indicate that there are no significant
differences in the particle shape and related parameters of laterite nickel
ore. Four repeated simulation tests of the angle of repose yielded values
of 31.0°, 31.4°, 30.5°, and 30.9°, with a mean of 30.95° and a standard
deviation of 0.32°. The relative error compared to the measured angle of
repose (with the measured value serving as the reference standard) is
only 1.14%. Four repeated simulated shear tests yield steady-state shear
strengths of 4.33, 4.51, 4.23, and 4.37 kPa, with a mean of 4.36 kPa and
a standard deviation of 0.12 kPa. The relative error relative to the
measured steady-state shear strength (with the latter as the reference
standard) is only 1.63%. The results demonstrate that the PSO-BP neural
network method is feasible for inverting simulated physical parameters
of lateritic nickel ore particles.

5. Flow test validation for chutes

To verify whether this model can accurately reflect the physical and

mechanical properties of lateritic nickel ore, and to distinguish between
the angle of repose tests and shear tests, validation experiments are
carried out. The validation work combines chute flow tests with corre-
sponding DEM simulations. The velocity of the material exiting the
discharge port is used as the response value. Measured values are
compared with simulated values, and the relative error is employed to
assess the accuracy of the DEM simulation model.

Based on the actual transfer chute drawings collected from the port
site, a three-dimensional model of the chute is constructed. This model is
then scaled down proportionally for 3D printing, as shown in Fig. 15.
Lateritic nickel ore with a MC range of 0-50% is selected. Each group
underwent four parallel tests, with a total material mass of 5 kg per test.
The conveyor belt speed is set at 2 m/s for the experiments. Before the
test begins, the material on the conveyor belt, is evenly distributed
incorporating white round pebble particles into the material. During the
test, feed material onto the conveyor belt continuously. A high-speed
camera at the chute discharge outlet is used to record the discharge
process. After the test concludes, the high-speed camera footage is
analyzed to track the displacement distance of individual white pebbles
within a specific time interval following their exit from the chute. The
material movement over short distances are treated as approximately
uniform motion. The positions of individual pebbles are recorded at
different time points to calculate the material flow velocity at the chute
outlet, Veyp.

The positions of the particles with different moisture contents are
shown in Fig. 15. The flow velocity of the particles within the chute is
determined based on the displacement distance recorded over 0.1 s. The
forces between particles in lateritic nickel ore vary with moisture
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Fig. 12. Prediction results of the reverse PSO-BP neural network.

content, resulting in different flow rates. As illustrated in Fig. 15, the
flow velocity decreases gradually from 1.96 m/s at 0% MC to 1.84, 1.58,
1.36, 1.22 and 1.16 m/s under MC values of 10%, 20%, 30%, 40% and
50%, respectively.

The three-dimensional chute model is imported into EDEM software.
The material of the experimental apparatus is PLA (polylactic acid) with
intrinsic parameters: density 1.17 x 10° kg/ms, Poisson's ratio 0.33,
shear modulus 9.89 x 10° kPa. Lateritic nickel ore with 0-50% MC is
selected to derive micro-parameters for DEM reconstruction simulation.
Four parallel flow simulations are conducted to obtain the simulated
flow velocity vsim. The mean value of the four parallel test results is
recorded as the simulation outcome, as shown in Table 2.

The DEM simulation parameters for cohesive lateritic nickel ores are
calibrated using DEM simulation software. Calibration is performed
based on the JKR contact model and utilizing the micro-parameters
inverted via the reverse PSO-BP neural network algorithm. The rela-
tive error between the simulated and measured flow velocities at the
chute outlet is within 5%, and the physical and mechanical properties of
the simulated lateritic nickel ore align with the actual lateritic nickel ore
characteristics. This demonstrates that the method for calibrating DEM
simulation parameters for cohesive lateritic nickel ore clay soil is ac-
curate and feasible.

6. Conclusions

This study combines field experiments and DEM simulations based
on angle of repose and shear tests of lateritic nickel ore. Key parameters
are calibrated in EDEM. Using the two indicators as response variables,
forward and inverse PSO-BP models are established in MATLAB. The
forward model replaces time-consuming DEM computations, and the
inverse model is used to determine DEM micro-parameters. The main

conclusions of this article are presented as follows:

(1) The DEM parameter calibration framework for cohesive lateritic
nickel ore is proposed using a PSO-BP neural network. Steady-
state shear stress and angle of repose under 0-50% moisture
content are tested to provide reliable macroscopic benchmarks.

(2) The dual PSO-BP model is developed: the forward model predicts
macro responses to replace repeated DEM simulations, and the
inverse model identifies micro-parameters efficiently. PSO opti-
mization improves the convergence and accuracy of the BP
network.

(3) Validations show that the prediction errors of angle of repose and
shear stress are 1.14% and 1.63%, and chute flow errors are
within 5%. The method avoids subjective calibration and im-
proves DEM simulation reliability for port bulk handling equip-
ment design.

(4) This study mainly adopts angle of repose and steady-state shear
strength as response indicators. Future work will introduce more
indicators (e.g., particle breakage rate and flow uniformity) to
establish a multi-objective optimization calibration model, to
support multi-performance collaborative optimization in engi-
neering simulations.
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Table 2
Flume flow velocity test data for nickel ore soil at different MC levels.

MC (%) Simulated value (m s~ %) Test value (m s %) Relative error (%)
0 1.90 1.96 3.06
10 1.75 1.84 4.89
20 1.65 1.58 4.43
30 1.30 1.36 4.41
40 1.16 1.22 4.92
50 1.13 1.16 2.59
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