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Abstract: A growing number of scholars are drawn to using numerical approaches powered by
computer simulations as a potential solution to industrial problems. Replicating the compaction
process in powder metallurgy with accuracy is one such issue. The Drucker-Prager-Cap model
requires parameter calibration as the most used method for simulating powder compaction. This
paper addresses this issue and presents a new technique for doing so. Utilizing Abaqus software 2020,
the compaction process was simulated for the benchmark powder, which is the alloy Ag57.6-Cu22.4-
5n10-In10. The difference between simulation results and experimental data was reduced by applying
the Particle Swarm Optimization technique in Python. The suggested approach may accurately
forecast the Drucker-Prager-Cap model parameters, as demonstrated by comparing the optimized
parameters utilizing the research’s method with their experimental values. The findings revealed
how well the suggested approach in this study calibrated the DPC model, yielding three parameters—
Young’s modulus, material cohesion, and hydrostatic pressure yield stress—with respective RMSEs
of 1.95, 0.12, and 324.64 concerning their experimental values.

Keywords: model calibration; drucker-prager-cap; particle swarm optimization; powder compaction
process; inverse optimization

1. Introduction

Powder compaction is converting any type of powdered material into the desired
shape. The process is done by compressing the powder particles into a die. It can be
accompanied by additional operations such as re-compressing, heating, machining, and
surface polishing if necessary. The powder compaction process offers several outstanding
features. These include economic efficiency in large-scale production, low waste of raw
materials, environmental and safety benefits, and the ability to achieve high dimensional
accuracy in a single step. Additionally, it allows for mixing powder particles to produce
composite parts. These advantages have made the method widely used in industries such
as pharmaceuticals, ceramics, powder metallurgy, and the production of detergent and
chemical tablets [1].

Along with the unique advantages that have caused interest in various industrial
fields for the powder compaction method, the complexity of the modeling process has
caused its application to be limited in some cases. The reason is that modeling the process
requires costly and time-consuming experimental procedures to determine the material
parameters in the constitutive model. One idea to overcome this limitation is to use the
inverse optimization method to determine the parameters, which has attracted much
attention recently. The present research seeks to implement the abovementioned idea to
model the powder compaction process and thus expand its application in industry.

Modeling is a process that simulates the mechanical behavior of a material during a
physical or chemical process, considering the influence of effectual parameters. Therefore,
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modeling the phenomenon of powder compaction is a process that leads to predicting
the behavior of powder particles during compaction and estimating the properties of the
parts resulting from compaction. The research conducted in modeling the powder com-
paction process can be classified based on two general approaches: phenomenological and
micromechanical. The phenomenological approach considers the powder as a continuous
medium and thus uses the constitutive equations governed by continuum mechanics. In
this approach, the parameters caused by the particulate nature of the powder environment
(e.g., movement of particles, interaction between them, inter-particle bonds, and friction)
are ignored, and it is assumed that the powder is compacted only due to the movement
of its boundaries. Based on the given approach, researchers who modeled the behavior
of powder during the compaction and predicted the final properties of the compacted
parts used different yield criteria, including yield criteria in the field of metal powders [2],
mechanics of porous materials [3], and even fluid mechanics [4]. Elastic properties (Young’s
modulus and Poisson’s ratio), plastic properties (shear yield, strain hardening, and poros-
ity), and interaction (friction between powder particles and die wall) are among the most
common parameters that are considered in the phenomenological-based material models.
Considering the complexity of the analytical method in powder compaction modeling,
some researchers have applied empirical [5-7] and semi-empirical [8-11] relationships
based on phenomenological models. These relationships are used in industrial centers to
predict the compaction pressure necessary to achieve a specific density.

Another approach in powder compaction modeling is the micromechanical approach.
With the given approach, the mold’s powder environment is considered a set of discrete
particles. Most researchers using the micromechanical approach to model the powder
compaction have considered the powder particles as spheres without deformability (Dis-
crete Element Method (DEM)). In fact, DEM aims to study powder compaction in the early
stages of the process, where the mechanical behavior of the powder is mainly determined
by the rearrangement of the particles and their movement (displacement, rotation, and
sliding). Therefore, the results applied by the present research category are primarily
used in the range of low compression pressures and powders with low deformability.
Recently, the Multi-Particle Finite Element Method (MPFEM) has been introduced as a
promising micromechanical-based modeling method for modeling materials composed of
small deformable particles. Unlike the DEM, in the MPFEM, each particle is considered
a deformable material. As a result, it will be possible to model the forming processes of
particulate materials using the given method [12]. In fact, MPFEM combines two phe-
nomenological and micromechanical approaches, in which the powder environment is
considered a set of individual particles (micromechanical approach). Still, the simulation
of the behavior of each of these particles is based on the yield criterion developed for
continuum mediums (phenomenological approach).

Among the various phenomenological models researchers have applied to simulate
the powder compaction process, the DPC model has received much more attention than
the others, especially in recent years. The widespread acceptance of the DPC is because
the effects of the three main characteristics of the mechanical behavior of the powder
during compaction (i.e., elastic-plastic deformation, strain hardening, and inter-particle
friction) are fully considered in this model [13]. That causes the results predicted by this
model to be in good agreement with those obtained by experiments. The initial version
of the DPC model, introduced in 1952 by Drucker and Prager, was a stress-dependent
yield criterion for predicting the plastic yield of soil [14]. Although the Drucker-Prager
yield criterion considered the effects of parameters like soil adhesion and friction, its
application to other powder materials was accompanied by considerable errors arising
from overlooking the hardening behavior of the powder during compaction. DiMaggio
and Sandler modified the Drucker-Prager model to overcome this limitation, considering
the powder strain-hardening effect by adding a cap yield surface instead of assuming a
perfect plastic material for the powder [15]. The modified model was called DPC, and it
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immediately attracted great attention. Since then, it has been used by many researchers for
a wide range of powders [16-20].

The experimental methods of determining the coefficients used in the DPC material
model include triaxial and uniaxial compression tests. The triaxial compaction test requires
a specific die equipped with several sensors and an acquisition system for real-time data
recording, making model calibration a complicated and challenging matter [21]. On the
other hand, calibration of the DPC model using the uniaxial compression test requires
special equipment called an instrumented die, which performs numerous experiments
for different density levels and records the data measured by the sensors simultaneously.
Also, the method requires performing several types of post-compaction tests on the ejected
specimens, which makes its use time-consuming and expensive [22].

Due to the complexity of the experimental determination of the material parameters
in the DPC model, many researchers tried to find simpler alternatives to calibrate the
model. Some researchers [23-27] developed a method to determine material parameters
for the DPC model by combining uniaxial compression tests, simulation, and optimization
methods for metal powders. Particle Swarm Optimization (PSO) is one of the metaheuristic
optimization algorithms invented by Eberhart and Kennedy in 1995 [23] based on the social
behavior of fish and birds. Mathematicians and computer scientists initially noticed PSO,
and after some modifications by them, it attracted the attention of researchers from various
scientific fields, so that recently, it has been used in extensive and diverse areas such as
medical disease detection [24], geophysics [25], estimation of the total number of confirmed
COVID-19 cases [26], and computer science [27].

Researchers widely accept the PSO because the principles governing the search process
for the optimal solution in this algorithm are based on the communication and simulta-
neous learning of the population (particles), making it simple and efficient [28]. These
features have caused the PSO algorithm’s limitations to be overcome and the introduction
of modified versions to become an attractive topic for researchers in different fields [29].
For example, Zhang et al. [30] proposed a modified version of the PSO to enhance the algo-
rithm’s performance in multi-objective optimization problems. They replaced the global
learning strategy with a dynamic neighborhood-based one to strengthen the diversity of the
particles in the feasible space. Also, they used a competitive mechanism between particles
to avoid getting trapped in the local optimum. In another study, Li et al. [31] proposed
a multi-population cooperative Particle Swarm Optimization algorithm. They employed
a dynamic segment-based mean learning strategy to construct learning exemplars and
achieve information sharing and coevolution between populations. Also, they utilize a
multidimensional comprehensive learning strategy to speed up convergence and improve
the accuracy of the solutions. Additionally, they introduced a differential mutation operator
to enhance the population diversity in the feasible space.

The multiplicity of effective parameters (e.g., compaction force, temperature, large
plastic deformations, compaction speed, friction, and hardening of the material), lack
of knowledge about the effect of each parameter, and the dependency of the material
properties on the density are three main factors that limit analytical modeling of the
powder compaction process [32]. To overcome this limitation, FEM simulation attracted
the attention of researchers in the field of powder compaction as an efficient alternative
for modeling the process in the early 2000s [33]. Among the material models applied for
FEM simulation of the powder compaction process, the DPC model is the most widely
used due to its simplicity, considering the influence of the most influential parameters
and the accuracy of the predicted results, so that today it has been implemented in most
commercial FEM software.

At the same time, the time-consuming and expensive tests required for experimental
determination of the material coefficients in the DPC model have caused these coefficients
to be provided for a limited number of commercial powders, and they are still not available
for many powders [34]. However, in recent years, the application of a novel combined ex-
perimental /numerical / optimization technique is expanding that enjoys the accuracy of the
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DPC material model in the FEM numerical simulation as well as the ability of optimization
algorithms to find the optimal DPC coefficients. Regarding that, Hrairi et al. [14] studied
the FE simulation of die compaction of metal powders using the DPC model implemented
in Abaqus software 5.7, along with an inverse optimization algorithm to calibrate the coeffi-
cients. They defined the difference in the density distribution data between the prediction
of the FE simulation and the experiment as the objective function for optimizing DPC
coefficients. Also, the modified Levenberg—-Marquardt algorithm was used to optimize the
objective function. Using their proposed combined method, they succeeded in predicting
the density in the compacts with a maximum absolute error of 2.3% between densities.
Majzoobi and Jannesari [35] used this method to calibrate the coefficients of the DPC model
for aluminum, iron, and copper powders. They used the powder force-displacement curve
obtained from the compaction test as the experimental data. They also performed a nu-
merical simulation of powder compaction using Ls-Dyna FE software 2015. Their research
defined the difference between numerical and experimental force-displacement curves as
the objective function. The obtained results showed that the simulation of aluminum and
iron powders using this method leads to results with reasonable accuracy. However, it was
found that the method is not suitable for copper powder.

Atrian et al. [36] used this method to determine the DPC coefficients of aluminum
alloy powder (Al 7075). They used the uniaxial compression test as the experimental data,
the FE simulation in Abaqus software 2010 as the numerical data, and the artificial neural
network as the optimization method. Their research trained the artificial neural network to
determine the DPC coefficients to minimize the difference between the experimental and
numerical curves. The results agreed with the experimental data, showing the method’s
efficiency. Buljak et al. [37] used a new calibration method called inverse analysis method-
ology to determine the DPC coefficients of alumina powder. The results obtained from
this research showed that the proposed method can evaluate the DPC coefficients more
accurately than the conventional experimental methods. They concluded that the inverse
analysis methodology may be advantageous from an industrial perspective since it is more
robust and economical. At the same time, it provides data for a broader range of relative
densities. Zhou et al. [38] proposed an integrated method of modeling using inverse opti-
mization to simulate the compaction process of metal powders. They mentioned avoiding
numerous tests and high accuracy as features of this method. In their study, the downhill
simplex optimization method was used to optimize the difference between experimental
and numerical data of Distaloy AE powder. The results showed that considering DPC
coefficients as constant values reduces the accuracy of the simulation. So, the coefficients
should be regarded as density-dependent to achieve sufficient accuracy.

An enhanced Particle Swarm Optimization (IPSO) algorithm was presented by Wu
et al. [39] to improve dependability problem-solving performance. The IPSO algorithm
used two location update strategies: particles followed the track of the most successful
particle in later iterations. In contrast, they primarily relied on their best experiences in
early iterations. After every position update, a mutation operator was also included to
enhance the algorithm’s exploration capabilities and keep it from getting stuck in local
optima. According to experimental results, IPSO exceeded the most well-known results in
recent literature in terms of convergence and stability when compared to four other PSO
variations. A new framework for reliability-based design optimization (RBDO), PS2, was
presented by Yang and Hsieh [40] to lower computational costs without sacrificing model
flexibility. PS2 addressed RBDO problems with discrete design parameters and intricate,
non-differentiable limit state functions by combining Particle Swarm Optimization (PSO),
Support Vector Machine (SVM), and Subset Simulation (SS). PSO managed the discrete
optimization process, SVM categorized potential solutions for reliability evaluation, and
SS effectively estimated minor failure probabilities. SVM and PSO worked together to
improve PSO'’s efficiency by assessing the solution’s viability, and PSO-assisted SVM in
retraining for increased classification accuracy. The ideal design of a ten-bar truss with
reliability restrictions for yield and buckling stresses was used to test this structure.
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Perez and Behdinan [41] discussed analyzing, using, and enhancing a Particle Swarm
Optimization method that works well for constraint optimization problems. They inves-
tigated the impact of the various PSO configuration settings in the context of traditional
structural optimization issues and demonstrated the algorithm’s operation and efficacy. Li
et al. [42] suggested an integrated multi-objective cultural-based particle swarm method to
tackle the double-loop reliability-based design optimization. In the inner optimization loop,
the crowding distance ranking was introduced to update the global and local optimum
and control the maximum number of solutions in elitism knowledge. The hybrid mean
value approach was enhanced to conduct reliability analysis in the outer loop to accommo-
date both concave and convex performance function types. According to the results, the
reliability-based design optimization issues may be effectively and practically solved by
the suggested cultural-based multi-objective particle swarm optimizer.

A flexible computational method frequently used in performance reliability design and
structural model optimization is PSO. It reduces structural performance-related objective
functions like weight and cost while adhering to design limitations like stress limits. PSO
enables creative material distributions and layouts in topology optimization, enhancing dy-
namic responses for improved seismic performance. Furthermore, PSO facilitates reliability
analysis by estimating the probability of structural failure under various circumstances
and uncertainties, making robust designs less susceptible to changes in material proper-
ties. PSO benefits engineers looking to improve structural performance while skillfully
managing limits and uncertainties because of its versatility, global search capabilities, and
simplicity [43-45].

The application of Optimization optimization algorithms to the determination of
material coefficients has emerged as an essential topic of study in computer science. Opti-
mization problems are increasingly seen as urgently needed solutions in various domains,
including engineering, mathematics, computer science, and economics. Researchers can
identify the comparatively best option from several legitimate solutions by employing
optimization algorithms, which is critical for modeling the behavior of materials in indus-
trial processes. As a result, optimization algorithms are becoming increasingly crucial in
advancing materials science and engineering. Our research aims to provide a framework
based on the Particle Swarm Optimization (PSO) algorithm and use it to determine the
Drucker-Prager-Cap (DPC) material model coefficients for modeling the industrial powder
compaction process. This work requires providing experimental data for training the
optimization algorithm, finite element modeling of the process in commercial software
(Abaqus 2020), coding the PSO in Python, establishing a connection between the algorithm
and the finite element software (Abaqus 2020), and validating the results. The following
section explains the general concept of each of the above items.

2. Methodology for Calibrating the DPC Model Parameters

This research’s primary goal is to calibrate the coefficients of the DPC material model.
Because in the DPC material model, most of the characteristics of powder particles, such as
adhesion, displacement, deformation, friction, hardening, and volumetric plastic strain,
are taken into account, DPC is currently the most efficient model in the FE simulation
of the powder compaction process in industrial applications. The method used in the
present study is a combination of experimental measurement, FEM simulation, and inverse
optimization, which has recently been proposed as a new alternative that has received much
attention due to the avoidance of the experimental determination of coefficients of material
models. This section provides a detailed, comprehensive explanation of the method.

2.1. Experimental Setup

In this research, we are trying to determine the coefficients of the DPC model using
the proposed method for a mixed metal powder. Based on the powder metallurgy route,
the powder has been selected according to its importance and application in producing
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industrial parts. For this purpose, Ag57.6-Cu22.4-Sn10-In10 (ACSI) has been chosen as the
mixed metal powder.

Ag-Cu alloys have been widely used to join metallic components in various industries.
Usually, mineral elements such as Sn and In are mixed into the Ag-Cu base to reduce con-
solidation temperature and melting point and improve flowability. The mass percentage of
additives has a significant influence on the properties of the final alloy. Adding too much
of the minerals can cause chemical reactions with the Ag-Cu base, reduce ductility, and
increase the brittleness of the alloy. Among the Ag-Cu-based alloys with mineral additives,
ACSI has the most widespread industrial applications in the automobile, household appli-
ances, and electronics industries. Its favorable performance, high conductivity, corrosion
resistance, and superior mechanical strength are the reasons for its effectiveness.

The force-displacement curve of ASCI powder has been measured experimentally
by Zhou et al. [2] and is used in the present research. It is crucial to remember that the
authors did not do any experiments in this work; instead, the emphasis is on evaluating
and expanding on the results from the published work by Zhou et al. [2]. They measured
this curve from the uniaxial compression test into an instrumented cylindrical die with an
external diameter of 20 mm, an internal diameter of 10 mm, and a height of 50 mm. To
ensure the elastic behavior of the setup during powder compaction, the die and punches
are made of 605i2Mn steel, with E = 206 GPa, v = 0.3, and yield strength of oy = 1180 MPa.

Figure 1 illustrates the instrumented die compaction setup used in the uniaxial com-
paction test and the force-displacement response of the ASCI powder. As one can see, the
compaction curve of a powder can be easily measured by performing a simple uniaxial
compression test. At the same time, experimental determination of DPC material constants
requires a large number of compression tests for different densities, so it is not time- and
cost-effective. In the experimental part of the proposed method of this research, we only
need to perform a uniaxial compression test to measure the compaction curve of the powder,
which is easy and cheap.

Cross head
Load cell —7

Adaptor—]
Top punch -
Die —1
Powder—_} |
Bottom punch~]

Load cell ~] q

Dynamic strain
indicator

O

Figure 1. Experimental measurement of the force-displacement curve for ASCI powder; instrumented
die under uniaxial compaction test [2] (This figure is not unique to the present study; it is an
adaptation of the work of [2]).

2.2. FEM Simulation of the Powder Compaction Process

With the identification of the capabilities of the FEM for simulating problems that
cannot be solved using conventional analytical methods, the FEM has gained a special
place in scientific and industrial centers as a powerful modeling tool. The FEM is taught as
a prerequisite in many engineering courses, and its mastery is considered one of the most
critical skills for engineers. Today, the FEM has been implemented in many commercial
software in which users can simulate their desired problem in different scientific fields.
Commercial FE software package Abaqus 2020 is a powerful yet simple method for inves-
tigating the structural modeling of powder compaction processes [46-48]. Accessibility
and ease of use make Abaqus 2020 a suitable software for our purpose. As explained
earlier, the FE simulation of a process has different steps. In the following sections, the
FE simulation performed by Zhou et al. [2] will be repeated, and the compaction curve
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obtained from the developed FE model will be compared with the experimental data to
check the validity of the FE modeling in the present study. In other words, to present and
employ a validated numerical model, we use Abaqus software 2020 to directly recreate the
FE model proposed by Zhou et al. [2]. In the framework of our investigation, this method
is crucial to obtaining consistent data required for comparison and additional analysis. No
changes were made to the original simulation parameters to maintain the authenticity of
the published technique and concentrate on the relevance of these results in our current
investigation. In this regard, we quantify the size and cross-sectional shape of the die,
corresponding powder particles, and initial density; also, the weight of the punch and its
speed can be ignored as the compaction process is assumed to be quasi-static. After that,
the quantified features are transferred to a customized Python-based modeling framework.

The FE model of the powder compaction process usually consists of three parts: the
die, punch, and powder. A part can be modeled as deformable or discrete rigid. Also,
the axisymmetric model means that the model has symmetry in terms of geometry and
loading; as a result, the model can be sketched in 2D to a symmetry line. Table 1 lists the
type of modeling of the three parts and their dimensions. The friction between the surfaces
is also defined using the penalty formulation [46-48] with a friction coefficient 0.8.

Table 1. Geometric modeling of the punch, die, and powder in part module.

. ASCI Powder [2]
Part Modeling Space Type Diameter [mm] Height [mm]
Punch Axisymmetric Discrete Rigid 10 16.02
Die Axisymmetric Discrete Rigid 10 17
Powder Axisymmetric Deformable 10 15.82

It should be noted that in the powder compaction model, the loading is applied
through the vertical movement of the punch on the powder, and this movement is equal to
50 mm for ASCI powder. Figure 2 and Table 2 show the meshed model and the meshing
details for two types of powders. Abaqus has a library of different elements from which,
in the analysis of FE problems, the user must choose the appropriate kind of element
according to the nature of the problem. As can be seen, CAX4R element is used for the
powder, and the RAX2 element is used for both the die and punch.

Figure 2. The meshing of the model in the mesh module.
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Table 2. Characteristics of the selected elements in the mesh module.
Elements Properties Powder Die Punch
Element Library Standard Standard Standard
Element Family Discrete Rigid Discrete Rigid Discrete Rigid
Geometric Order Linear Linear Linear
Element Type CAX4R CAX4R CAX4R
Element Number 1020 80 20

Formulation of the DPC Material Model in Abaqus

After meshing the model in the property module, we must select a material model
that will control the mechanical behavior of the material during the process. Each material
model has a set of constants called “material properties” in Abaqus. So, we must specify
the model’s material properties in the property module. However, each material has many
properties, and according to the type of problem we are facing, we must only provide the
required material properties for the selected model. For example, suppose we intend to
model a situation of stress analysis (which is related to the field of solid mechanics). In that
case, we must enter material properties such as Young’s modulus and Poisson’s coefficient,
and there is no need to enter the coefficient of thermal conductivity.

As previously discussed, DPC is the most widely used material model in modeling
the powder compaction process-based FEM. The material properties of the DPC model
are different in each FE software according to its formulation. Here, the formulation of the
DPC model implemented in Abaqus and the related material properties are explained.

The DPC material model includes three parts of the yield surfaces, according to
Figure 3. The shear failure line (Fs) indicates the failure of the material under the shear
stress, the cap surface (F;) provides an inelastic hardening mechanism to represent plastic
compaction and controls volume dilatancy when the material yields shearing, and the
transition surface (F;) provides a smooth transition between two previous surfaces (see
Figure 3). Equations (1) to (3) show the formulation of the three yield surfaces in the DPC
model implemented in Abaqus:

FE=q—ptanp—d =0 (1)

B ) Ry 2_
F. = \/(Pf’a) + [Ha—zx/cosli} Y ?

2
F = \/(p —pa)* + [q - (1 - ciéﬁ) (d+ pa tanﬁ)} —a(d+ patanB) =0 3)
where q and p are the Mises equivalent stress and the hydrostatic pressure stress, re-
spectively. Young’s modulus (E) and Poisson’s ratio (v) are two material properties that
determine the elastic behavior of powder during the unloading stage (i.e., removing the
punch pressure from the powder). Material cohesion (d) and angle of friction (f3) are two
material properties that define the shear failure line. To determine the cap surface, four
parameters, including cap eccentricity (R), initial yield surface position (gg), the transition
surface radian («), and the flow stress ratio (K), must be determined. Also, p, is an evolu-
tion parameter representing the volumetric plastic strain-driven hardening/softening and
is given as [2]:
_ _pm—Rd
Pa = (14 R tanp)

where py, is the hydrostatic pressure yield stress that defines the position of the cap and is

4)

generally expressed as a function of volumetric plastic strain szl as [2]:

py=f (851) (5)
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Figure 3. The schematics of updating the position of the ith particle in the kth iteration in the PSO
optimization [49].

One can see the FEM simulation of the powder compaction process using the DPC
material model in Abaqus software 2020 requires the determination of ten material proper-
ties (E, v, d, B, R, g9, &, K, p;,, 551). As explained earlier, the experimental data provided
in [2] were used as the material properties for the FE simulation of the compaction of ASCI
powder using DPC.

2.3. Scripting PSO Optimization Algorithm in Python

PSO is one of the most essential intelligent optimization algorithms widely used in
various scientific fields. Despite its simplicity, PSO can find the optimal solution. PSO is
sometimes classified as an evolutionary algorithm because the modifier mechanism repeats
itself and introduces a new population based on the information-sharing process [49]. In
another classification, PSO is considered one of the “swarm intelligence” optimization
algorithms. These algorithms search for the optimal solution with the collective cooperation
of members and use a mechanism called “self-organization”, which controls the individual
and social search process in each iteration [49]. Wherever the information flow and self-
organization exist, swarm intelligence will emerge to provide optimal conditions for the
group. PSO was inspired by the behavior of a group of fish when they faced the threat
of a hunter [49]. Through their swarm intelligence, they are divided into several groups
(swarms) when a hunter attacks and then gather together again after the danger has
vanished. In this algorithm, the two factors of information exchange (the swarm becoming
aware of the hunter’s position) and self-organization (the rules that determine the direction
and velocity of the swarms’ movement) play the leading role [49].

In the PSO algorithm, each member of the swarm is called a “particle”, and the position
of each particle in the feasible space is considered one of the potential solutions to the
optimization problem. Particles start moving in the possible space to search for the optimal
solution, so each particle takes advantage of previous experiences of itself and the swarm.
This collective search process ends when the condition set for the minimization of the
objective function is satisfied. As can be seen in Figure 3, in each iteration, the previous
position of the particle is updated according to the following equations [49]:

Vi = {wVik} + {617’1 (plk — Xf‘)} + {Czrz (Péc - Xf)} (6)

X;CJrl _ sz + ‘/ikJrl (7)

where subscript k denotes the number of the current iteration, Vl-k and Xf‘ are the current
position and the velocity of the ith particle, PF and Pg are the best previous position and of
the ith particle (called personal best) and the best global position of the swarm at iteration
k (called global best), r{ and r, are random numbers distributed uniformly in [0, 1], ¢; and
cp are weights of personal best and global best, and w is inertia weight (a positive constant
that controls the weight of the previous velocity on the current one).

The first term in Equation (6) (w Vik) searches for new solutions and finds the regions
with potentially the best solutions. The parameter w is essential for balancing the global
search. It makes the particle move in the same direction and with the same velocity. When
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higher values are set for w, it is known as exploration, while when the lower values are set,
it is known as exploitation [49]. The second and third terms explore the previous solutions
and find the best solution for a given region. The second term (c17q Pik — Xf‘) represents
the effect of the personal experience of each particle. So, it makes the next position of the
particle better than the current. The third term (cy72 (Pé’; — Xf-‘ ) )) represents the effect of
neighbors’ social experiences and causes the particle to follow the best neighbors’ directions.

Here, we propose a customized Python-based framework to develop an efficient and
robust technique for calibrating the parameters of the DPC material model and simulating
the compaction process of any desired powder. To accomplish the objective, we only need
the powder’s force-displacement curve, which is easily obtained through a routine uniaxial
die compression test. Then, we use this experimental data and the corresponding force-
displacement curve obtained from the FE simulation as the inputs in the PSO optimization
algorithm (see Figure 4) scripted in Python.

N
(5)
Generate initial particles

!

Evaluating objective function
values of the particles

Sorting the swarm and finding
the best particle

el

+

[ Moving particles toward new positions

|

Control variable range

l\ s

Evaluating objective function
values of the particles

l

The best particle updating ‘

|

Check stopping
criteria

(o)
(=)

Figure 4. The flowchart of the searching process in the PSO optimization [49].
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In the method employed in the current research, the initial population is the DPC
model parameters. To avoid the complexity of the optimization problem, we should only
consider the parameters that significantly affect the powder’s mechanical behavior during
the compaction. To evaluate the effect of DPC model parameters on powder behavior, a
few studies have been carried out based on the FE simulation of metal, pharmaceutical,
and ceramic powders [2]. In these studies, through a process called “sensitivity analysis”,
the values of a parameter are changed in each simulation run to evaluate its effect on the
powder response.

By performing a sensitivity analysis on the DPC parameters, Majzoobi and Jan-
nesari [35] reported that Young’s modulus (0.01 < E < 120), material cohesion (0.01 < d <
50), and hydrostatic pressure yield stress (0.1 < P}, < 250) are strongly dependent on the
density. Therefore, all three parameters are fitted by an exponential function, as suggested
by Zhou et al. [2]. Sensitivity analysis also indicated that Poisson’s ratio (0.01 < v < 0.3),
angle of friction (69 < < 73), and cap eccentricity (0.1 < R < 0.8) did not have much
effect on the force-displacement response of the powder. Therefore, the experimental
values reported by Zhou et al. [2] are considered for these parameters. Additionally, the
initial yield surface position (¢¢ = 0), the transition surface radian (« = 0.02), and the flow
stress ratio (K = 1) are set to their default values in Abaqus because the sensitivity analysis
determined that these parameters do not have much effect on the response of powder
particles during the compaction [2].

Table 3 lists DPC model parameters as optimization variables and their fitted relations.
As you can see, we need nine unknown coefficients whose optimal values should be
determined to calibrate the DPC model. Now that the variables of the optimization problem
are defined, an initial population of them must be created in the feasible space to start
the search process. The initial position of the generated particles is determined through
the values assigned to the decision parameters. These values should be assigned in such
a way as to make sure that the generated particles cover the entire feasible space both in
terms of number and position. In this research, the values of the decision variables have
been determined based on this significant point. In the following, we will explain the
calibration process of the DPC model parameters using PSO optimization algorithm step
by step in detail:

Table 3. Defining the DPC model parameters as the PSO optimization variables.

Parameter Value Optimization Variables and Constraints
E [GPa] E =E; xexp(Ex x p) 0 < Eq <1000 and 0 < E; < 1000
v v = 0.031 x exp(1.73 x p) -
d [MPa] d=dy xexp(dy x p) 0 < dj <1000 and 0 < dp < 1000
B B=713 -
R v = 0.281 x exp(0.64 x p) -
N 0 -
« 0.01 -
K 1 -
Py, [MPa] P, =Py xexp(Py X p) 0 < P; <1000 and 0 < P, < 1000

e Step 1: We start the optimization process by importing the required modules to
the code.
Step 2: We acquire and assign the current directory to the class’s directory.
Step 3: We import three classes, each of which is called for a specific purpose during
the code’s execution. For example, the updater class updates DPC parameters in
each iteration.
Step 4: We create a folder named “Results” to save the outputs and check its existence.
Step 5: In this part of the calibration process, first, a specified matrix (including
the optimization variables E;, E;, dy, dy, P1, P, that the PSO must update) and the
experimental data of the force-displacement curve are defined as the global variables.



Fluids 2024, 9, 262

12 of 18

Then, the function f(x) is determined based on the global variable matrix, and its
components are specified.

e  Step 6: As explained earlier, one of Abaqus’s capabilities in the job module is to write
an input file from the generated FE model. The input file is a text file in which all the
details of the FE model are written so that the model can be created and solved directly
without additional operations by importing it into Abaqus. Here, we use this feature
of the input file for our purpose so that Python reads the input file line by line and
writes a new input file based on it while the desired changes can be applied wherever
necessary. For this purpose, the input file named “Validation” is first called. Then, it is
opened, and its content is read line by line.

To manipulate the optimization variables (E, d, P},), the process of reading the contents
of the input file continues until we reach the line that creates the DPC material parameters.
As soon as this section, which is titled by a specific header in the input file, is reached,
Python generates new coefficients using the PSO algorithm and writes them in the new
input file. For example, in the case of the cap hardening parameter (P,), when the code
reaches the line titled “Cap Hardening”, the first and last lines related to P}, are specified.
Then, its values are updated from the “Inp_Updater” function considering coefficients P
and P;. Such a process is also used to update the values of Young’s modulus (E) and
material cohesion (d) parameters. At the final stage of the process, we update the elastic
parameters (E, v), the cap plasticity parameters (d, 3, R, «, €p, K), and the cap hardening
parameter (Pp). Now we write a new input file named “Trial”. The input file contains the
updated values of the optimization variables (E, d, Pp). Here, Python links Abaqus to run
the new input file, and two seconds are considered for the CPU delay.

e Step 7: When Abaqus completes running the updated input file in ith iteration, it
generates an output file called “odb” file containing the obtained results. First, a copy
of the odb file is made, and the file’s content is read line by line. Then, the code
saves the desired outputs (e.g., the force and displacement of the punch during the
compaction) into an odb file named “Trial i”.

e  Step 8: Failure to generate the output file means an error occurred during the running
of the model by Abaqus. So, here, we have to check whether an error occurred. With
this objective, we consider a specific time. If the output file is not generated after this
time, it means there is an error in the model. In that case, the code neglects the current
iteration and goes to the next one.

e  Step 9: In this part of the code, the data in the “Trial_i” odb file is read and saved in
a CSV file. Then, the file is opened, and its content, including the time intervals and
their corresponding forces and displacements, is read.

e Step 10: Here, we call the force-displacement curve extracted from the punch. In
that phase, these values are compared with the corresponding experimental values at
specific points, and the objective function is defined as follows:

081 = Y (47" ~ 4’ ®)

i=1

where y?p fand yfx’g are the corresponding optimized and experimental values, respectively,
and N is the number of data points. By defining the objective function, the error value of
each iteration can be considered as follows:

_ |OB]
error = N 9)

e  Step 11: First, an initial population of particles is randomly generated. Then, each
particle is randomly assigned a velocity and a position to determine the secondary

position of the particles according to Equation (6). Then, the objective function is
calculated for each particle to determine the values of the personal and global best for
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the particles. Next, suppose the particle’s new position is improved compared to its
previous position; its velocity and position are updated according to Equations (6) and
(7), respectively, and simultaneously. In that case, they are compared with the range of
the feasible space.

e  Step 12: At the end of the optimization code, the best position and the best error for
the group of particles are determined. Based on them, the optimization loop produces
particles with a new position.

3. Results and Discussion
3.1. Validation Analysis of Proposed FE Model

After preparing the FE model of the ASCI powder compaction process according
to the steps explained in Section 2, we compare the results of our proposed FE model
with the experimental data reported by Zhou et al. [2] to ensure the model’s accuracy.
Figure 5 compares FE and experimental force-displacement curves. As can be seen, the
curve obtained from the FE simulation has accurately predicted the experimental data,
which validates the provided FE model of ASCI powder.

20
18

16
14

= Experimental Results (Zhou et al. 2017)

s Present FE Modeling

[
(=]

- o @

Force [kN]
[
[ o
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Displacement [mm]

Figure 5. The comparison analysis between the results of the present FEM model and experimental
results [2] as validation analysis.

3.2. Inverse Optimization Analysis

Here, the results of the calibration of DPC model parameters by the inverse optimiza-
tion method are compared with the experimental results. These parameters (i.e., Young’s
modulus (E), material cohesion (d), and the hydrostatic pressure yields stress (p,)) are the
same optimization variables introduced in the previous section.

Table 4 presents the optimized coefficients. By placing these coefficients in Equations
(10) to (12), it is possible to plot the curves of E, d, and p,, respectively.

E = Ey x exp(Ez X p) (10)

d=d; x exp(dy X p) (11)
P, = Py x exp(P2 X p) (12)
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Table 4. The optimized values of the coefficients.
Coefficient Eq E, dq do Py Py
Optimized value 16.71 8.78 0.91x1074 13.08 0.53 7.51

On the other hand, the results listed in Table 4 prove that the method applied in the
research at hand has succeeded in providing specific values as optimal coefficients. In the
next part, the curve of each parameter is plotted in terms of density and compared with the
experimental results to evaluate the accuracy of the proposed calibration method. It should
be noted that to determine the error of the values predicted by the optimization method,
the Root-Mean-Square Error (RMSE) is calculated according to Equation (9).

Figure 6 compares the variations of Young’s modulus (E) according to the values
obtained from the optimization with those obtained by the experimental method. The
optimization curve is plotted by placing the optimized coefficients (E; and E;) in Equation
(10). As can be seen, the curve resulting from placing the optimal coefficients concerning 10
has been able to predict the experimental curve with acceptable accuracy (RMSE = 1.95). As
previously explained, the parameter E of the DPC model affects the powder’s mechanical
behavior during unloading, which will be examined at the end of this section after the
other parameters are applied.

60
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Figure 6. Comparison between the optimization and experimental results [2] for Young’s modulus (E).

Figure 7 shows the variations of the optimized values of the material cohesion pa-
rameter (d) compared to the experimental values. To plot the optimization curve, the
optimized coefficients d; and d, are placed in Equation (11). It can be seen again that
the calibration of this parameter using the inverse optimization method has succeeded in
predicting the experimental values with acceptable accuracy (RMSE = 0.12). As discussed
earlier, material cohesion is a parameter that determines the g-axis intercept of the shear
yield line in the DPC model. As a result, it affects the mechanical behavior of the powder
during compaction. The effect of this parameter is also evaluated at the end of the section.

Figure 8 compares the variations of the hydrostatic pressure yield stress (P},) in terms
of the volumetric plastic strain for the optimized values and those obtained experimentally.
The optimization curve is obtained by placing the optimal coefficients (P; and P) in
Equation (12). In a similar process with parameters E and d, the optimization of P, was
also successful so that PSO has been able to predict parameter P, with appropriate accuracy
(RMSE = 324.64). P}, is the most crucial parameter of the DPC model, which shows the
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powder’s hardening behavior during the compaction process. The parameter’s impact on
the powder’s behaviour is evaluated at the section’s conclusion.

14
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Figure 7. Comparison between the optimization and experimental results [2] for the material
cohesion (d).
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Figure 8. Comparison between the optimization and experimental results [2] for hydrostatic pressure
yield stress (Py).

According to the sensitivity analysis, in the case of parameters that do not affect the
mechanical behavior of the powder, their default values or the values reported in other
references have been used. Finally, Table 5 presents the final values of the DPC model
parameters for ASCI powder. It should be noted that in Table 5, E, d, p,, parameters are
calibrated using the method applied in the present research.
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Table 5. DPC model parameters of ASCI powder used in FE simulation.

E (GPa) v d (MPa) B R €0 o K P pp (MPa) el
0.67 0.068 0.02 71.3 0.381 0 0.02 1 0.42 0.53 0.00
0.87 0.070 0.03 71.3 0.385 0 0.02 1 0.45 7.39 0.35
1.13 0.073 0.05 71.3 0.389 0 0.02 1 0.48 12.42 0.42
147 0.076 0.07 71.3 0.393 0 0.02 1 0.51 18.20 0.47
1.91 0.080 0.11 71.3 0.398 0 0.02 1 0.54 23.28 0.50
2.49 0.083 0.16 71.3 0.403 0 0.02 1 0.57 34.12 0.55
3.24 0.087 0.23 71.3 0.409 0 0.02 1 0.6 35.06 0.56
4.22 0.092 0.34 71.3 0.416 0 0.02 1 0.63 44.22 0.59
5.49 0.096 0.51 71.3 0.424 0 0.02 1 0.66 54.27 0.62
7.15 0.102 0.76 71.3 0.432 0 0.02 1 0.69 67.52 0.65
9.30 0.107 1.12 71.3 0.441 0 0.02 1 0.72 78.47 0.67
12.10 0.114 1.66 71.3 0.452 0 0.02 1 0.75 88.73 0.68
15.75 0.121 2.45 71.3 0.463 0 0.02 1 0.78 110.39 0.71

20.49 0.128 3.63 71.3 0.476 0 0.02 1 0.81 130.05 0.73
26.67 0.136 5.38 71.3 0.490 0 0.02 1 0.84 173.23 0.77
34.70 0.145 7.96 71.3 0.506 0 0.02 1 0.87 188.02 0.78
45.16 0.155 11.79 71.3 0.524 0 0.02 1 0.9 206.88 0.79

4. Conclusions

According to the novel method employed in this research for modeling the powder
compaction process, the following conclusions can be drawn:

e  The simulation of the compaction process for ASCI powder was successfully carried
out using Abaqus™. Then, the difference between the force-displacement curve
obtained from the simulation and the experimental data was defined as the objective
function of an optimization problem.

e  The PSO optimization algorithm was coded in Python, and the link between the
optimization code and Abaqus was successfully established.

e  The DPC model parameters are considered the optimization variables in each iteration;
these variables are generated by the PSO and are considered updated material prop-
erties in Abaqus. Then, the software solves the FE model, and the error is calculated.
According to the error value, PSO approaches the optimal solution based on previous
experiences of individual particles.

e  The results showed that the proposed method in this research has been very successful
in calibrating the DPC model so that three parameters of Young’s modulus, material
cohesion, and hydrostatic pressure yield stress are obtained, respectively, with RMSE
1.95, 0.12, and 324.64 compared to their experimental values.

Finally, computer science techniques played a vital role in the present work’s success.
The utilization of Abaqus and the PSO optimization algorithm coded in Python allowed for
the efficient calibration of the DPC model parameters, ultimately improving the accuracy
of the powder compaction process simulation. The present study’s findings can serve
as a foundation for further research and advancements in the field of the applications of
optimization methods in powder compaction. The present work has several shortcomings,
such as the Drucker-Prager-Cap model’s inability to fully capture the intricacies of powder
compaction and the Particle Swarm Optimization technique’s processing requirements,
which may restrict its practical usefulness. Additionally, even though our method was
verified on the particular alloy Ag57.6-Cu22.4-5n10-In10, more research is necessary to
see whether it can be applied to other materials. Future research opportunities include
combining machine learning with conventional numerical techniques to improve parameter
calibration, more experimental validations on different powders to support our conclusions,
and investigating real-world industrial applications of our approach to gauge its efficacy.
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