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Abstract

Pin arrangement significantly affects rubber-melt mixing and extrusion in pin-barrel cold-
feed extruders. However, internal flow details are difficult to observe experimentally,
and efficient prediction of flow-field parameters remains unavailable. This study used a
finite-element model preliminarily validated against measured temperatures, together with
particle tracing, to compare configurations with 0, 2, 4, and 6 pins per group. A dataset
of 140 pin arrangements was generated by Latin hypercube sampling and numerical
simulation. A mind evolutionary algorithm-optimized back-propagation neural network
(MEA-BP) was then developed to predict melt volume-averaged temperature and average
shear rate. Pins increased melt velocity and shear heating and improved cross-sectional
temperature uniformity. Among the four uniform configurations, the 4-pin-per-group
configuration showed the fastest reduction in segregation scale with a moderate residence
time, achieving a favorable balance between mixing adequacy and processing efficiency.
Particle tracing indicated repeated fluid splitting and recombination, whereas further
increases in the number of pins yielded limited benefits. Under identical data partitions,
network settings, and evaluation conditions, MEA-BP achieved R2 values of 0.957 and
0.872 for temperature and shear-rate prediction, respectively, outperforming GA-BP, PSO-
BP, and conventional BP.

Keywords: pin-barrel cold-feed extruder; pin arrangement; finite element simulation;
mixing characteristics; particle tracing; MEA-BP neural network

1. Introduction
Extrusion technology is a fundamental process in polymer processing and is crucial

for producing high-performance materials, with the extruder as the core equipment used to
implement it. Owing to their excellent properties, rubber products prepared by extrusion
are widely used in numerous fields, including national defense, transportation, industry,
agriculture, and medicine [1]. However, due to the inherent limitations of their shear mech-
anism, conventional single-screw extruders exhibit limited dispersive mixing capability
and can no longer meet the growing demands for compound uniformity and overall per-
formance in rubber product manufacturing. Bigio et al. [2] experimentally investigated the
mixing performance of a fully flighted single-screw extruder and found that laminar flow
predominated in the mixing section, resulting in limited mixing capability. To overcome
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this limitation, researchers developed single-screw extruders equipped with pins mounted
on the screw, which enhance mixing by altering the melt flow path. Rawendaal et al. [3]
reported dead zones behind the pins; Yao et al. [4] subsequently designed perforated pins
to eliminate these dead zones and improve mixing efficiency, thereby demonstrating the
potential of pin structures for enhancing mixing.

Extensive experimental and simulation studies have been conducted on the mixing
behavior of pin-type cold-feed extruders. Yabushita et al. [5] and Shin et al. [6] used two-
color rubber compounds as tracer materials to compare the mixing performance of pin-type
single-screw extruders with that of conventional single-screw extruders, confirming that
pins can significantly improve mixing performance. Numerical simulations by Brzoskowski
et al. [7] based on a Newtonian fluid model showed that rubber reorientation and stretching
induced by pin motion are key factors in improving mixing performance. Schöppner
et al. [8] optimized distributive and dispersive mixing by varying the geometry and ar-
rangement of pins, finding that pin geometry had no significant effect on dispersive mixing,
while similar enhancement effects were observed for distributive mixing. Wang et al. [9]
combined mathematical modeling with finite element simulation to analyze the extensional
deformation generated as the fluid flowed around the pins, providing a new approach for
estimating extensional rheology and explaining the mixing mechanism. Based on the kine-
matic theory of fluid mixing, Yao et al. [10] employed a non-Newtonian, non-isothermal,
three-dimensional finite element method to calculate the scale of segregation and residence
time distribution in pin mixing sections with different axial clearances, and found that the
mixing capability varied nonlinearly with axial clearance. These studies provide a basis
for the optimal design of pin sections; however, in practical production, pin arrangement
schemes still rely heavily on small-batch experiments, and the lack of rapid and accurate
methods for predicting flow-field parameters leads to long process-development cycles
and high costs.

Polymer melts are generally non-Newtonian fluids, and their extrusion processes
involve the interplay of multiple physical factors; therefore, a theoretical framework capa-
ble of fully and accurately describing their flow behavior remains lacking [11]. With the
development of artificial intelligence technology, researchers have adopted data-driven
methods to construct neural networks for the accurate prediction of target parameters.
Lubura et al. [12] developed an artificial neural network based on TensorFlow to predict
torque variation during rubber vulcanization, achieving a mean absolute percentage error
below 1.99%. Uruk et al. [13] combined artificial neural networks, Gaussian process regres-
sion, and support vector regression to rapidly estimate torque and curing time in rubber
vulcanization characteristics. Yuan et al. [14] used an artificial neural network optimized
by self-adaptive particle swarm optimization to predict the stress–strain relationship of
nitrile rubber under different hardnesses and loading rates, achieving higher accuracy than
traditional neural network models. Robin et al. [15] used an artificial neural network to
predict the fatigue life of carbon black-filled natural rubber under different temperatures
and load ratios, significantly reducing the workload of fatigue experiments. Sui et al. [16]
applied a BP neural network to predict the strength and crack resistance of rubber concrete,
achieving high prediction accuracy. Hou et al. [17] established a quality prediction model
for internal-thread cold extrusion using a GA-BP neural network, providing a new method
for related process research. The BP-ANN model constructed by Xiang et al. [18] achieved
an accuracy of 97.3% in predicting the fatigue life of natural rubber composites.

In addition to conventional GA and PSO, real-coded genetic algorithms (RCGAs) and
their related extensions have been developed to alleviate issues such as parameter sensi-
tivity and premature convergence that may arise in continuous-parameter optimization.
Beklaryan et al. [19] proposed an RCGA combined with fuzzy control, which improved
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the optimization process by adaptively adjusting GA-related parameters. Peng et al. [20]
applied RCGA to modeling multi-relational fuzzy cognitive maps, demonstrating that
real-coded evolutionary methods can be used for parameter identification and the modeling
of complex systems. The above studies indicate that data-driven models can accurately
predict key physical quantities in polymer processing, providing a new approach for the
rapid evaluation of pin arrangements in extruders. However, training such models gener-
ally requires a relatively large amount of experimental or numerical simulation data, which
is often difficult to obtain in sufficient quantity in practical applications, thereby limiting
the broader adoption of this approach.

To address this issue, a finite element simulation model validated through comparison
with measured temperatures was combined with particle tracing to numerically investigate
the effects of pin arrangement on melt mixing characteristics; furthermore, 140 pin config-
urations were generated using Latin hypercube sampling, and flow-field data extracted
from finite element simulations were used to construct a surrogate-model training dataset,
based on which a mind evolutionary algorithm-optimized BP neural network (MEA-BP)
was developed to predict the volume-averaged melt temperature and average shear rate.
The main contributions of this paper are as follows:

• A three-dimensional non-isothermal transient finite element method, validated against
measured temperatures, was used to compare the flow-field temperature and stream-
line characteristics of four configurations containing 0, 2, 4, and 6 pins per group;
subsequently, the mixing performance of each configuration was systematically ana-
lyzed using kinematic indices, including the mixing index and scale of segregation,
together with particle tracing.

• Latin hypercube design was used to generate 140 pin arrangement schemes, and finite
element simulations were performed to construct the flow-field dataset. Furthermore,
a physical aggregation feature encoding method was proposed to transform discrete
arrangement patterns into low-dimensional feature vectors, thereby avoiding artificial
ordinal assumptions in categorical encoding.

• An MEA-BP model was developed for the rapid prediction of volume-averaged
melt temperature and average shear rate. Unlike GA-BP, which employs selection,
crossover, and mutation, and PSO-BP, which uses velocity–position updates, MEA
optimizes the initial weights and biases of the BP network through convergence
and alienation operations. The four models were compared under identical data
partitioning, network settings, and evaluation protocols to assess the effects of different
optimization mechanisms on predictive performance and run-to-run stability.

The remainder of this paper is organized as follows: Section 2 describes the parameter
settings of the simulation model and analyzes the mixing characteristics of the flow field
under different pin arrangements; Section 3 introduces the principles and methodology of
the MEA-BP prediction model; Section 4 details the construction process of the MEA-BP
model and compares it with GA-BP, PSO-BP, and conventional BP models to evaluate
prediction accuracy and stability; and Section 5 summarizes the paper and discusses future
research directions. The overall research procedure is shown in Figure 1.
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Figure 1. Research method and workflow.

2. Experimental Methods and Analysis of Mixing Characteristics Under
Different Pin Arrangements
2.1. Experimental Setup and Fluid-Domain Modeling of the Pin Barrel

The experimental platform and plasticizing-section model used in this study are
shown in Figure 2. Specifically, Figure 2a shows a photograph of the experimental platform;
Figure 2b presents the structure of the plasticizing section under the full-pin configuration;
Figure 2c shows the fluid-domain models of the screw plasticizing section with four
different pin-number configurations, corresponding to 6 (full pins), 4, 2, and 0 pins per
group; and Figure 2d shows the flow-field model composed of the pin barrel and screw, with
eight groups of pins arranged along the axial direction. Under the full-pin configuration,
six pins in each group are uniformly distributed along the circumferential direction, with
a pin diameter of 18 mm and a height of 47 mm. In the actual equipment, a gap exists
between the pins and the screw surface; to reduce the deviation between simulation and
experiment, this gap was set to the measured value of 4.7 mm. Key geometric features,
including the outlet, pin location, screw wall, and barrel wall, are also marked in Figure 2d.
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Figure 2. Experimental platform and simulation model: (a) experimental platform; (b) pin-barrel
section; (c) fluid-domain models with different pin arrangements; (d) simulation model and boundary
conditions.

2.2. Flow-Field Mathematical Model and Boundary Conditions

Polymer extrusion involves complex interactions among multiple physical mecha-
nisms, such as material deformation, viscous dissipation, and heat conduction [21]. In the
present study, ethylene propylene diene monomer rubber (EPDM) was used as the working
fluid for the non-isothermal transient flow analysis. The high viscosity of the polymer melt
results in a Reynolds number well below unity inside the extruder, indicating that inertial
effects are negligible. To simplify the numerical model, the following basic assumptions
were made: (1) the melt is an incompressible non-Newtonian fluid; (2) the melt completely
fills the entire flow channel; and (3) no slip occurs at the flow-channel walls.

Under the above assumptions, the flow field satisfies the following governing equa-
tions of continuum mechanics:

Continuity equation:
∂ui
∂xi

= 0 (1)

Momentum equation:

ρ

(
∂ui
∂t

+ uj
∂ui
∂xi

)
+

∂p
∂xi

=
∂

∂xi

(
η

∂ui
∂xj

)
(2)

Energy equation:

ρCp

(
∂T
∂t

+ ui
∂T
∂xi

)
= k

∂2T
∂x2

i
+ φ (3)

where ui denotes the velocity component in the i-direction; xi denotes the position compo-
nent in the Cartesian coordinate system; t denotes time; and T denotes temperature.

In this paper, the Bird–Carreau model and an approximate Arrhenius model are
adopted to characterize the non-Newtonian rheological behavior of EPDM and its tempera-
ture dependence:

η =

[
η∞ + (η0 − η∞)

(
1 + λ2

.
γ2
) n−1

2
]

exp[−α(T − Tα)] (4)
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where
.
γ denotes the shear rate; η0 denotes the zero-shear viscosity; η∞ denotes the infinite-

shear viscosity; λ denotes the relaxation time; n denotes the power-law index; α denotes
the temperature sensitivity coefficient; and Tα denotes the reference temperature.

However, the present generalized Newtonian model does not explicitly account for
viscoelastic effects, pressure-dependent viscosity, wall slip, or rheological variations caused
by thermo-mechanical history and changes in rubber formulation. The no-slip boundary
condition was adopted as a unified engineering approximation to establish a consistent
numerical basis for comparing different pin configurations. Therefore, the present model
is intended to evaluate the relative effects of different pin configurations under the inves-
tigated operating conditions rather than to provide a universal description of all rubber
extrusion processes.

The material property parameters of EPDM are listed in Table 1, and the boundary
conditions of the model are given in Table 2.

Table 1. Material properties of EPDM used in the simulation.

Parameter Symbol Value

Density ρ 1130 kg·m−3

Specific heat capacity Cp 1700 J·kg−1·K−1

Thermal conductivity k 0.18 W·m−1·K−1

Viscosity at an infinite shear rate η∞ 0 Pa·s
Zero shear viscosity η0 178,800 Pa·s

Nature time λ 10.8 s
Non-Newtonian index n 0.4

Coefficient of temperature sensibility α 0.0025 K−1

Reference temperature Tα 332.87 K

Table 2. Boundary conditions.

Boundary Flow Conditions Thermal Conditions

Inlet Fully developed, volumetric flow rate 2.04 × 10−6 m3·s−1 332.87 K
Outlet Flow outflow Heat outflow

Barrel wall Stationary, no-slip wall 335.52 K
Screw wall Screw speed 30 r·min−1 Insulated boundary

2.3. Numerical Modeling and Mesh-Independence Validation

To ensure the accuracy and reproducibility of the simulation results, all calculations
were performed under the same hardware and software environment. The operating
system was 64-bit Windows 10; the CPU was a 12th Gen Intel(R) Core(TM) i5-12600KF
operating at 3.70 GHz; the memory was 32 GB; and the graphics card was an NVIDIA
GeForce RTX 4060. The numerical solution was carried out using the finite element method
(FEM). Flow-field calculations were completed on the ANSYS Polyflow 17.0 platform, and
meshing was performed using ANSYS ICEM 17.0.

Because the presence of pins makes the flow-channel geometry irregular, the fluid-
domain model was meshed using a combination of hexahedral structured grids and tetra-
hedral unstructured grids. In the region near the pins, tetrahedral unstructured grids
were used, and the boundary layer beneath the pins was locally refined to obtain accurate
flow-field information in the clearance between the pins and the screw. In addition, because
the screw itself has an irregular geometry, its region was independently discretized using
tetrahedral grids [22]. To handle the moving boundary caused by screw rotation, the mesh
superposition technique (MST) [23] was applied between the fluid domain and the screw,
as shown in Figure 3, thereby enabling effective simulation of the dynamic mixing process.
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Figure 3. MST-based mesh superposition.

To assess the influence of mesh density on the numerical results and enhance the relia-
bility of the simulations, a mesh-independence study was conducted using coarse, medium,
and fine meshes, with shear rate and average temperature selected as evaluation metrics.
As shown in Table 3, the relative differences in shear rate and average temperature among
the three mesh schemes were below 3%, indicating that these calculated quantities were
insensitive to mesh density and met the accuracy requirements for subsequent simulations.
On this basis, the simulated temperatures obtained with the medium mesh at different
screw rotational speeds were further compared with the measured values. As presented
in Table 4, the deviations between the simulated and measured temperatures were below
1.5%, indicating that the model could satisfactorily reproduce the temperature variation
in the melt under the investigated conditions. The model was preliminarily validated
against temperature data only, whereas its predictions of mixing performance and other
extrusion-related indicators have not yet been directly verified experimentally. Considering
the results of the mesh-independence analysis and temperature comparison, the medium
mesh containing 3.5 × 105 elements was selected as the baseline mesh for subsequent
simulations to balance computational efficiency and accuracy.

Table 3. Mesh independence verification of the fluid model.

Grid Quality Number of Mesh
Elements, (×105) Shear Rate (s−1) Average

Temperature (K)

Coarse 2.5 7.79 339.3
Medium 3.5 7.87 339.4

Fine 4.5 7.96 338.9

Table 4. Comparison of simulated and measured melt temperatures at different screw speeds.

Screw Speed
(r/min)

Simulation Data
(K)

Experimental Data
(K) Difference (%)

20 337.99 337.34 1.01
30 339.49 339.87 0.57
40 341.36 342.11 1.08

Numerical simulations were performed using Polyflow 17.0, and its mixing-task
module was employed to calculate kinematic parameters, including the mixing index,
scale of segregation, and cumulative residence time, for comparing the relative mixing
characteristics of different pin configurations under the investigated conditions.
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The mixing index is used to characterize the extent of melt breakup during the mixing
process and is defined as follows:

M =
|D|

|D|+ |Ω| (5)

where D is the rate-of-deformation tensor; Ω is the vorticity tensor; and the mixing index M
reflects the local flow characteristics: when M = 0, it corresponds to rigid-body flow; when
M = 0.5, it corresponds to shear flow; and when M = 1, it corresponds to extensional flow.

The scale of segregation is a physical quantity that measures the average size of regions
occupied by the same component in a mixture and is used to quantify distributive mixing.
It is defined as follows:

S(t) =
∫ ξ

0
R(r, t)dr (6)

where R(r, t) is the concentration correlation coefficient between two points separated by a
distance r at time t and satisfies R(0, t) = 1 and R(ξ, t) = 0; as the mixing effect improves,
the scale of segregation S(t) decreases accordingly.

The cumulative residence time distribution represents the probability distribution
of the time required for the material to be completely extruded under given processing
conditions. It is obtained by integrating the residence time density function and is calculated
as follows:

G(t) =
∫ t

0
g(t)dt (7)

where g(t) denotes the volume fraction of fluid with a residence time within the interval
[t, t + dt].

2.4. Melt Mixing Characteristics and Particle-Tracing Analysis Under Different Pin Arrangements

2.4.1. Comparative Analysis of Melt Flow-Field Characteristics

Figure 4 shows the velocity streamlines in the screw channel under different numbers
of pins. Without pins, the melt exhibits a stable laminar flow state, with a maximum
velocity of 0.19 m/s. After the introduction of pins, obvious flow splitting occurs near the
pins, and the melt is forced to change its flow direction under the disturbance of the pin
array; the maximum velocities corresponding to 2, 4, and 6 pins per group increase to 0.28,
0.34, and 0.33 m/s, respectively, all higher than that under the no-pin condition. When the
number of pins increases to 6 per group, the maximum velocity is slightly lower than that
of the 4-pin scheme due to the reduction in the local flow cross-section.

Figure 4. Velocity streamline plots in the channel under different pin numbers.
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Figure 5 presents the contour maps of the melt cross-sectional temperature distribution
under four different pin-number configurations. In the absence of pins, the temperature
difference across the section is only 3.27 ◦C, and the high-temperature region is concentrated
in narrow areas on both sides of the screw flight. When the number of pins in each group is
2, the temperature difference increases to 9.43 ◦C, and the high-temperature region shifts
from both sides of the screw flight to the bottom of the pins, with its extent significantly
reduced, indicating that the pins effectively enhance local shear heating. When the number
of pins increases to 4 and 6, the temperature difference becomes 9.89 ◦C and 10.59 ◦C,
respectively, and the rate of increase tends to level off. At this stage, although the extreme
temperature difference increases slightly, the high-temperature region becomes further
concentrated at the bottom of the pins, while the temperature gradient in the remaining
cross-sectional regions decreases and the distribution becomes more uniform, which helps
suppress local overheating and improve the temperature consistency of the melt. In
summary, the introduction of pins enhances the shear-heating effect, causing the high-
temperature region to shift from both sides of the screw flight to the bottom of the pins and
reducing its affected area, thereby improving the overall temperature uniformity of the
flow-channel cross section.

Figure 5. Cross-sectional temperature under different pin numbers.

Figure 6a shows the distribution of the mixing index under four operating condi-
tions. Without pins, the mixing index ranges from 0.3 to 0.85; after the introduction of
pins, the distribution range narrows to 0.3–0.75, and the proportion within the interval
of 0.45–0.55 increases from 43% in the no-pin case to 46% (2 pins), 54% (4 pins), and 58%
(6 pins), respectively. To further characterize the intensity of shear flow, Figure 6b presents
the maximum shear stress curves for four different pin numbers, where a curve located
further to the right indicates a greater shear stress. It can be observed from the figure that
the maximum shear stress is the smallest in the absence of pins, increases significantly after
pins are introduced, and rises further with increasing pin number.

Figure 7 further presents the statistical distribution of the maximum shear stress in
the form of a probability density. In the absence of pins, the maximum shear stress is
concentrated in the range of 1000–2000 Pa; under the 2-pin, 4-pin, and 6-pin conditions,
the main distribution intervals expand to 1200–2100 Pa, 1200–2400 Pa, and 1200–2800 Pa,
respectively. These results indicate that the pins effectively increase the overall maximum
shear stress in the flow channel, and the magnitude of the increase becomes greater as the
number of pins rises. This result is consistent with the trend in Figure 6a, where the mixing
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index becomes concentrated in the shear-dominated interval, jointly indicating that pins
can effectively enhance the shear action within the flow channel.

  
(a) (b) 

Figure 6. Mixing characteristics under different numbers of pins: (a) mixing-index distribution;
(b) maximum shear-stress curves.

Figure 7. Probability distribution of maximum shear stress under different pin numbers: (a) 0 pins;
(b) 2 pins; (c) 4 pins; (d) 6 pins.

Figure 8 shows the scale of segregation and cumulative residence time curves of the
melt under different pin-number configurations. It can be observed from Figure 8a that,
without pins, the reserved installation clearances for the pins on the screw cause melt
backflow, resulting in an upward trend of the scale of segregation in the middle section,
which is detrimental to the improvement of distributive uniformity. When the number of
pins in each group increases to 4 and 6, these clearances are occupied by the pins, and the
scale of segregation decreases overall, with mixing performance progressively enhanced.
The scale of segregation under the no-pin condition is much larger than that under the
pin-equipped conditions, further confirming the necessity of introducing pins to improve
distributive mixing. Among the three pin-equipped schemes, the configuration with 2 pins
per group exhibits the largest scale of segregation; the final scales of segregation for the
4-pin and 6-pin configurations are similar, but the 4-pin scheme shows a significantly faster
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rate of decline, indicating that it can achieve a comparable level of distributive uniformity
in a shorter time.

 
(a) (b) 

Figure 8. Distributive mixing and residence-time characteristics under different numbers of pins:
(a) scale of segregation; (b) cumulative residence-time curves.

Figure 8b shows the corresponding cumulative residence time distribution curves,
where a curve located further to the right indicates a longer residence time of the material
in the flow channel. The cumulative residence time is longest under the no-pin condition
because, in the laminar flow state, the melt advances smoothly along the screw axis and
lacks transverse disturbance and flow-direction reorientation. After the introduction of pins,
the melt undergoes repeated splitting and recombination between the pins, which increases
the axial flow velocity and consequently shortens the residence time. Among them, the
cumulative residence time curves for the 4-pin and 6-pin conditions show essentially
consistent trends.

The statistical distribution ranges of residence time under different operating condi-
tions are shown in Figure 9. The range is 15–35 s without pins and decreases to 15–27.5 s,
15–27 s, and 15–26.5 s for configurations with 2, 4, and 6 pins per group, respectively. It can
therefore be seen that the residence time shows a slight decreasing trend as the number of
pins increases. It should be noted that residence time is not necessarily better when it is
either shorter or longer; an excessively short residence time may lead to insufficient mixing,
whereas an excessively long residence time may cause material crosslinking and reduce
production efficiency. Considering both the scale of segregation and cumulative residence
time, the configuration with 4 pins per group achieves the fastest decrease in the scale of
segregation while maintaining a moderate cumulative residence time, thereby balancing
mixing sufficiency and processing efficiency. Although the configuration with 6 pins per
group has a shorter residence time, its decrease rate of the scale of segregation is lower
than that of the 4-pin scheme, indicating relatively insufficient mixing efficiency. Therefore,
among the four uniform pin configurations investigated in this study, the arrangement
with four pins per group exhibited a favorable overall balance between mixing adequacy
and processing efficiency.
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Figure 9. Probability distribution of cumulative residence time under different pin numbers: (a) 0 pins;
(b) 2 pins; (c) 4 pins; (d) 6 pins.

2.4.2. Tracer-Particle Trajectory Analysis

To further investigate the effects of pin arrangement on the melt flow pattern and
mixing performance within the screw, particle tracing technology was employed to track
and analyze particle motion and the mixing process, as shown in Figure 10. At the initial
moment, 2000 tracer particles were released at the inlet of the fluid domain, with the two col-
ors accounting for half each, and their trajectories were subsequently observed during
screw rotation. As the flow time progressed, particles of different colors gradually mixed
with one another. States 1, 2, and 3 in the figure correspond to the spatial distributions of
particles after 8 s, 10 s, and 12 s of screw rotation, respectively.

 
Figure 10. Spatial distributions of tracer particles under different pin-number configurations.
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Figure 10a shows that, in the absence of pins, most particles move along the axial
direction, and particle agglomeration remains significant even when the flow time is
extended. This indicates that mixing is evidently suppressed under a simple laminar-flow
state. After pins are introduced [Figure 10b], the laminar flow is disrupted by disturbances,
and particle agglomeration is significantly reduced. Figure 10c further shows that the
pins force the melt to undergo repeated splitting and recombination; as the mixing time
increases, the splitting effect becomes stronger, thereby enhancing the mixing performance.
When the number of pins increases to 6 per group [Figure 10d], the splitting and mixing
effects are not significantly enhanced compared with the 4-pin scheme, and the degree
of improvement gradually decreases with increasing mixing time. In summary, pins can
significantly improve the mixing capability of the screw, but once a certain number is
reached, the enhancement effect of adding more pins tends to become limited.

The above analysis shows that pin arrangement has a significant influence on mixing
performance, and that clear differences exist among different schemes. However, a single
three-dimensional non-isothermal transient simulation is time-consuming, and if all pos-
sible arrangement combinations are simulated exhaustively, the computational cost will
be prohibitively high. On the other hand, engineering practice places greater emphasis
on the rapid evaluation of key flow-field parameters such as temperature and shear rate.
Therefore, it is necessary to construct a surrogate model based on finite element simulation
data that can efficiently predict flow-field characteristics.

3. Principles and Methodology of the MEA-BP Prediction Model
3.1. Mind Evolutionary Algorithm (MEA)

Inspired by the evolutionary process of human thinking, the Mind Evolutionary Al-
gorithm (MEA) is a heuristic optimization approach developed to mitigate premature
convergence and enhance the global-search efficiency of conventional genetic algorithms
(GAs) [24]. Building on the GA concepts of population, individuals, and environment, this
algorithm introduces mechanisms such as subpopulation division, bulletin-board-based in-
formation sharing, and convergence and dissimilation operations, thereby enhancing global
optimization capability through competition and cooperation among subpopulations. MEA
first divides the population into superior subpopulations and temporary subpopulations,
then performs convergence operations within subpopulations and dissimilation operations
among subpopulations, while using a bulletin board for information exchange, thus rapidly
approaching the global optimum. The main steps of the algorithm are as follows:

• Step 1: A certain number of individuals are randomly generated in the solution space.
Their scores are calculated according to the scoring function, superior individuals and
temporary individuals with higher scores are selected, and their positions and scores
are recorded on the local bulletin board.

• Step 2: Taking the superior individual Nj(1 ≤ j ≤ m) and the temporary individuals
as centers, new individuals Nj1, Nj2, . . . , Njk with potential advantages are generated,
thereby forming a certain number of superior subpopulations and temporary subpop-
ulations for the subsequent screening stage.

• Step 3: New winners are generated through competition within each subpopulation,
and this process is referred to as convergence. During convergence, the variance
of the normal distribution is used as an adaptive adjustment function to search for
high-scoring individuals within the subpopulation and assign the corresponding score
to the group to which they belong. The variance of the distances among the winning
individuals published on the global bulletin board is defined by the following formula:

δ(i+1)d = c1δid + c2δ (8)
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where c1 and c2 are selectable constants, and δ is the evolutionary distance between
the winning individuals of two generations.

• Step 4: When no new winning individuals are generated in any subpopulation, the
scores of all subpopulations are calculated and recorded on the bulletin board. The
subpopulations then compete again through operations such as replacing, recombin-
ing, or discarding low-scoring subpopulations, and participate once more in global
selection until the globally optimal individual A is obtained. The overall evolutionary
process of MEA is shown in Figure 11.

Figure 11. Evolutionary workflow of MEA.

To clarify the optimization of BP network parameters by MEA, the connection weights
and biases of the BP network were jointly encoded into a decision vector X. Let W1 and
b1 denote the weights and biases from the input layer to the hidden layer, respectively,
and let W2 and b2 denote the weights and biases from the hidden layer to the output layer,
respectively, then:

X =
[
vec(W1)

T, vec(W2)
T, bT

1 , bT
2

]T
(9)

For the i-th sample in the training set, the predicted output of the BP network can be
expressed as:

ŷi = W2 f (W1xi + b1) + b2 (10)

Here, xi and ŷi denote the input and predicted output of the i-th sample, respectively,
and f (·) represents the transfer function of the hidden layer. MEA takes the mean squared
error between the predicted and target outputs of the training set as the optimization objective:

minX F(X) =
1
N

N

∑
i=1

∥ŷi − yi∥2
2 (11)

Here, N denotes the number of training samples, and yi represents the target output
of the i-th sample.

To accommodate the maximization search process of MEA, the objective function was
transformed into a fitness function:

Fit(X) =
1

1 + F(X)
(12)
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Therefore, maximizing the fitness function is equivalent to minimizing the prediction
error of the BP network on the training set. The optimal individual obtained by MEA
is decoded into the initial weights and biases of the BP network and is then used for
subsequent training.

3.2. BP Neural Network

The BP neural network is a supervised learning model based on error backpropaga-
tion and has been widely applied in engineering fields owing to its mature theoretical
foundation, clear computational procedure, and excellent nonlinear mapping and learning
capabilities [25–28]. The network is composed of input, hidden, and output layers, with a
fully connected architecture across layers and no lateral connections among neurons within
an individual layer [29]. During training, the weights and thresholds are first initialized; the
input samples are then transmitted layer by layer through forward propagation and reach
the output layer after calculation by the activation function; if the output error exceeds the
preset accuracy, the network enters the backpropagation stage, in which the error signal
is propagated backward through the network, the gradients of the error with respect to
the weights and thresholds are calculated layer by layer, and the parameters are updated
along the gradient descent direction before forward propagation is performed again. This
iterative process is repeated until the error converges within the allowable range, and an
output satisfying the accuracy requirement is finally obtained. The topology of this network
is shown in Figure 12.

Figure 12. Topology of the BP neural network.

The input of the hidden layer can be written as follows:

ui =
M

∑
i=1

(
wijxj

)
+ θi (13)

where ui denotes the input to the hidden layer and wij and C represent the connection
weights and thresholds between the input layer and the hidden layer, respectively, where
i = 1, 2, . . . , q, j = 1, 2, . . . , m.

The output of the hidden layer can be written as follows:

yi = Φ(ui) (14)

where yi denotes the output of the hidden layer, and Φ denotes the transfer function of the
hidden layer.
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The input of the output layer can be written as follows:

v =
a

∑
i=1

(wiyi) + a (15)

where v denotes the input to the output layer, wi represents the weights between the output
layer and the corresponding hidden layer, and a denotes the threshold of the output layer.

Accordingly, the output of the output layer can be determined as follows:

o = φ(v) = φ

{
q

∑
i=1

wiΦ

[
M

∑
i=1

(
wijxj

)
+ θi

]
+ a

}
(16)

where o denotes the output of the output layer, and φ denotes the transfer function of the
output layer.

Although BP neural networks possess excellent nonlinear mapping capability, good
fault tolerance, and adaptability, their gradient-descent-based training mechanism often
leads to problems such as slow convergence and susceptibility to local minima, while
the network also faces potential risks of overfitting and underfitting [30]. In addition,
the network is highly sensitive to the selection of initial weights and thresholds, and
improper random initialization may lead to unstable solution quality, thereby reducing the
generalization performance and training efficiency of the model [31]. Therefore, obtaining
an appropriate set of initial weights and thresholds before training a BP neural network
is crucial.

3.3. MEA-Optimized BP Neural Network

The MEA-BP model integrates the global optimization capability of MEA with the
nonlinear mapping ability of the BP neural network, leading to improvements in both
training efficiency and prediction accuracy [32]. The MEA-BP algorithm selects the optimal
individual on the bulletin board through continuous convergence and dissimilation opera-
tions of subpopulations, and decodes it into the initial weights and thresholds of the BP
network according to the encoding rules, thereby improving the network’s convergence
speed and global optimization capability. The algorithmic procedure of MEA-BP is shown
in Figure 13, and its main steps are as follows:

1. Data preparation and network configuration: Construct the training and test datasets,
and specify the topological structure of the BP neural network.

2. MEA parameter initialization: Set the principal control parameters of the algorithm,
including the iteration limit, total population size, and the number of individuals
assigned to the superior and temporary subpopulations.

3. Population initialization and candidate evaluation: Construct the initial population
using random sampling, assess the fitness of all individuals, and assign the best-
performing candidates to the superior and temporary groups.

4. Formation of subpopulations: Construct two categories of subpopulations around
the selected candidates, with the superior and temporary individuals serving as the
centers of the corresponding groups.

5. Convergence and alienation operations: Search for local optima through internal
evolution within each subpopulation, and then promote competition among subpopu-
lations so that well-performing groups are retained while inferior groups are removed.

6. Iterative search for the optimal solution: Continue the convergence and alienation
processes until the maximum number of iterations is attained or the fitness value of
the best candidate stabilizes.
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7. Initialization of network parameters: Decode the best candidate retained on the bul-
letin board to determine the initial weights and thresholds of the BP neural network.

8. BP neural network training: the BP network is trained using the optimal initial
parameters until the stopping criterion is satisfied, and the final prediction results are
then output.

 
Figure 13. Training workflow of the MEA-BP neural network model.

4. Development and Performance Evaluation of the MEA-BP-Based
Flow-Field Parameter Prediction Model
4.1. Design of Pin-Arrangement Schemes and Dataset Construction

During rubber extrusion processing, the viscoelasticity of the rubber compound di-
rectly determines its flowability, which is closely related to temperature and shear rate [33].
Therefore, to investigate the relationship between pin arrangement and extrusion perfor-
mance, this study constructs a neural network prediction model using the arrangement of
pins in each group as the input and the volume-averaged temperature and shear rate of the
fluid domain as the outputs.

In the actual extruder barrel, each pin-group cross section is preset with six equally
spaced angular holes, with circumferential angles of 0◦, 60◦, 120◦, 180◦, 240◦, and 300◦.
Under this geometric constraint, this study summarizes 14 typical pin installation patterns,
covering various numbers and angular distributions from no pins to full pins, as shown in
Table 5.

To achieve as uniform a sampling as possible within the design space formed by
combinations of discrete patterns across eight axial pin groups under a limited number
of simulations, a discrete sampling method based on Latin hypercube sampling (LHS)
was employed to generate 140 pin configurations [34]. Specifically, 140 continuous sample
points were first generated in the eight-dimensional unit hypercube [0, 1]8, with each
dimension corresponding to one axial pin group. The coordinate in each dimension was
then mapped to the local pattern index of the corresponding pin group according to
14 equally spaced intervals. When duplicate combinations of the eight group patterns
occurred after discrete mapping, new candidate samples were generated and remapped
until 140 unique pin configurations were obtained.
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Table 5. Pin distribution patterns.

Mode Number of Pins Angular Position (◦) Distribution Feature

1 0 - No empty
2 1 0◦ Single pin
3 1 180◦ Single pin
4 2 0◦, 180◦ Two pins
5 2 60◦, 240◦ Two pins
6 2 120◦, 300◦ Two pins
7 3 0◦, 120◦, 240◦ Three pins
8 3 60◦, 180◦, 300◦ Three pins
9 4 0◦, 60◦, 180◦, 240◦ Four pins

10 4 0◦, 120◦, 180◦, 300◦ Four pins
11 4 60◦, 120◦, 240◦, 300◦ Four pins
12 5 60◦, 120◦, 180◦, 240◦, 300◦ Five pins
13 5 0◦, 60◦, 120◦, 240◦, 300◦ Five pins
14 6 0◦, 60◦, 120◦, 180◦, 240◦, 300◦ Full pins

To examine the distribution of the discrete samples across the axial pin groups, the
occurrence frequencies of the 14 local patterns were counted among the 140 samples for
each pin group. The results showed that each of the 14 local patterns occurred 10 times
among the 140 samples of every axial pin group, indicating balanced marginal occur-
rence frequencies at the individual pin-group level after discrete mapping. After sample
generation, finite element simulations were performed for each pin configuration while
keeping the remaining material parameters, geometry, operating conditions, and thermal
boundary conditions unchanged, and the volume-averaged melt temperature and average
shear rate were extracted as surrogate-model outputs. The set of 140 samples represents a
compromise between finite element computational cost and the sampling requirements of
the investigated pin-arrangement space, and the resulting model is mainly applicable to
the pin-configuration range and operating conditions considered in this study. The specific
composition is shown in Table 6.

Table 6. Simulation experimental data.

Serial
Number

Pin Group Category Flow Field Data

First Second Third Fourth Fifth Sixth Seventh Eighth Temperature
(K)

Shear Rate
(s−1)

1 12 14 12 9 4 9 12 4 339.284 7.43221
2 1 1 2 4 13 11 10 6 338.926 6.99939
3 3 9 13 1 8 11 14 8 339.161 7.26317

. . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . .
138 2 9 8 3 6 13 13 8 339.151 7.30278
139 2 2 6 8 14 2 11 3 339.025 7.18691
140 10 5 5 5 3 14 11 14 339.229 7.40599

4.2. Feature Encoding and Data Normalization

If the index of each group (1–14) is directly used as the input to the neural network,
an implicit ordinal assumption is introduced, causing the network to incorrectly infer that
“the difference between Mode 2 and Mode 3 is smaller than that between Mode 2 and
Mode 14,” although such numerical distances have no corresponding physical meaning.
In addition, one-hot encoding would generate a 112-dimensional input vector, which is
highly prone to overfitting under small-sample conditions [35]. To address this issue, this
paper proposes a feature encoding method based on physical-meaning aggregation, which

https://doi.org/10.3390/app16146880

https://doi.org/10.3390/app16146880


Appl. Sci. 2026, 16, 6880 19 of 31

maps the overall configuration of the eight pin groups into a seven-dimensional vector,
constructed as follows:

xj =
8

∑
i=1

δj∈Θ(pi)
, j = 1, . . . , 6 (17)

x7 =
8

∑
i=1

|Θ(pi)| (18)

where pi ∈ {1, 2, . . . , 14} denotes the pattern number of the i − th pin group; Θ(pi) denotes
the set of angular positions corresponding to pattern pi, where i = 1, 2, 3, 4, 5, and 6 corre-
spond to 0◦, 60◦, 120◦, 180◦, 240◦, and 300◦, respectively; |Θ(pi)| denotes the number of
elements in this set; and δ is an indicator function, which equals 1 when the condition is
satisfied and 0 otherwise.

These features are determined entirely by the actual physical arrangement of the pins,
avoiding the introduction of artificial sequential relationships unrelated to the physical lay-
out, while reducing the 112-dimensional one-hot-encoded input to seven physically mean-
ingful variables. Table 7 presents examples of aggregated features for selected samples.

Table 7. Data after aggregated feature transformation.

Sample x1 x2 x3 x4 x5 x6 x7
Temperature

(K)
Shear Rate

(s−1)

1 2 2 2 1 2 1 10 339.284 7.43221
2 3 2 2 2 2 1 12 338.926 6.99939
3 2 2 2 2 1 1 10 339.161 7.26317

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
138 3 3 2 1 1 2 12 339.151 7.30278
139 2 2 2 2 1 1 10 339.025 7.18691
140 3 3 2 2 2 2 14 339.229 7.40599

To examine whether the aggregated feature representation loses predictive informa-
tion associated with the axial order of pin groups, an order-preserving binary encoding
was further developed as a comparison. Under this representation, each of the eight
axial pin groups was described by six binary occupancy variables corresponding to the
circumferential positions at 0◦, 60◦, 120◦, 180◦, 240◦, and 300◦. A value of 1 indicates
that a pin is installed at the corresponding circumferential position, whereas a value of
0 indicates the absence of a pin. The binary feature vectors of the eight pin groups were
then concatenated sequentially according to their actual physical order from the inlet side
to the outlet side. Consequently, the resulting feature vector contains 48 variables, explicitly
preserving both the circumferential pin distribution within each group and the complete
axial arrangement of all groups, and was used as the order-preserving encoding in the
subsequent feature-encoding comparison.

Neural networks are highly sensitive to the scale of input features. If the dimensions
or numerical ranges of different features vary greatly, imbalanced gradient updates may
occur, leading to slow training convergence or even trapping in local optima. To eliminate
these effects, min–max normalization was applied to the input data in this study [36],
linearly mapping all features to the interval [0, 1], with the normalization formula shown in
Equation (15). After model training is completed, the normalized outputs must be restored
to their original physical scales; this process is referred to as inverse normalization, as
shown in Equation (16):

xnorm =
x − xmin

xmax − xmin
(19)

x = xnorm·(xmax − xmin) + xmin (20)
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where x is the original feature value of the i − th sample; xnorm is the normalized value
(∈ [0, 1]); and xmax and xmin are the maximum and minimum values of the original data in
the training set, respectively.

4.3. Evaluation Metrics and Hyperparameter Optimization for the MEA-BP Model

In this study, model performance was comprehensively evaluated using three met-
rics: mean absolute error (MAE), root mean square error (RMSE), and the coefficient of
determination (R2). MAE represents the mean absolute magnitude of the prediction errors
and directly reflects the overall level of prediction deviation. RMSE measures the overall
discrepancy between predicted and actual values and is more sensitive to larger prediction
errors. Smaller MAE and RMSE values indicate closer agreement between the model pre-
dictions and the true values. R2 measures the ability of the model to explain the variation
in the target variable, with a value closer to 1 indicating better model fitting performance.
The calculation formulas for these metrics are given as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (21)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (22)

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (23)

where yi is the true value of the i − th sample, ŷi is the corresponding model-predicted
value, n is the total number of samples, and y is the arithmetic mean of all true values.

To prevent information leakage between hyperparameter selection and final perfor-
mance evaluation, the 140 samples were randomly divided into a development set of
112 samples and an independent hold-out test set of 28 samples. The development set was
used exclusively for model training and hyperparameter selection; before the model con-
figuration was finalized, the independent hold-out test set was not involved in tuning the
network architecture, optimization-algorithm parameters, or random initialization settings.
Within the development set, five-fold cross-validation was used to compare candidate acti-
vation functions, numbers of hidden-layer neurons, and population sizes for optimization
algorithms, including GA, PSO, and MEA. For each cross-validation fold, normalization
parameters were fitted only using the corresponding training subset and then applied to
its validation subset. The optimal model configuration was then determined according
to the average performance across the five folds, and the final model was retrained using
all development-set samples. Finally, the trained model was applied to the independent
hold-out test set, and its generalization performance was evaluated using the coefficient of
determination, root mean square error, mean absolute error, and mean absolute percentage
error. The detailed procedure is illustrated in Figure 14.

Based on the above evaluation metrics, the key hyperparameters of the BP neural
network were further optimized in this study. The hidden-layer activation function is
an important factor affecting model performance, and commonly used functions include
tansig, poslin, and logsig [37]. As shown in Figure 15a, under the same development-set
split, training settings, and candidate range of hidden-layer neurons, the poslin activation
function achieved the lowest mean normalized root mean square error in five-fold cross-
validation and exhibited less variation across folds than logsig and tansig. According to the
model-selection criterion of minimizing the mean normalized RMSE, poslin was selected
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as the hidden-layer activation function and used in the subsequent BP, GA-BP, PSO-BP, and
MEA-BP models.

 

Figure 14. Model development workflow incorporating five-fold cross-validation within the develop-
ment set and evaluation using an independent hold-out test set.

Figure 15. Hyperparameter optimization of the BP neural network: (a) comparison of activation
functions; (b) comparison of the number of hidden-layer nodes.

The approximate range of hidden-layer neurons is generally determined first using an
empirical formula, which is given as follows:

h =
√

n + m + a (24)

where h is the number of hidden-layer nodes, n is the number of input-layer nodes, m is
the number of output-layer nodes, and a is a constant between 1 and 10.

As shown in Figure 15b, with the poslin activation function fixed, five-fold cross-
validation within the development set was performed to compare hidden-layer sizes
ranging from 4 to 14 neurons. Four hidden-layer neurons yielded the lowest mean normal-
ized RMSE, whereas further increasing the number of neurons did not produce a consistent
reduction in error; therefore, four hidden neurons were selected, resulting in a BP neural
network architecture with 7 input nodes, 4 hidden nodes, and 2 output nodes.
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Individuals in the initial MEA population were randomly generated within predefined
search bounds, and a fixed random seed was used to ensure the reproducibility of the
optimization process. Each individual encoded all connection weights and bias parameters
of the BP network. The optimal individual obtained through MEA search was decoded
into the initial weights and biases of the BP network, which were subsequently fine-tuned
using the Levenberg–Marquardt algorithm. To determine an appropriate MEA population-
size range, comparative experiments were conducted using population sizes from 50 to
300 in increments of 50. As shown in Figure 16a, under a fixed BP network architecture,
different MEA population sizes were compared through five-fold cross-validation within
the development set. A population size of 150 produced the lowest mean normalized
root mean square error. Further increases in population size did not lead to a sustained
reduction in the mean error; in particular, the substantially increased inter-fold variability at
a population size of 300 indicated that an excessively large population did not yield stable
improvements in predictive performance. Therefore, the population size of the subsequent
MEA-BP model was set to 150.

Figure 16. MEA population size and convergence curve: (a) comparison of different population sizes;
(b) convergence curve.

In summary, the parameter settings of the MEA-BP model are listed in Table 8. After
determining these parameters, the convergence process of MEA-BP is shown in Figure 16b.
As can be seen, the global best fitness increased rapidly during the early stage of MEA
optimization, rising from 0.918 in the first iteration to 0.961 in the second iteration. There-
after, the fitness increased gradually and stabilized after the ninth iteration, ultimately
reaching 0.982. These results indicate that, under the selected population size and iteration
settings, MEA can progressively optimize the initial weights and biases of the BP network
and converge to a stable solution within the prescribed number of iterations.

Table 8. Parameter settings of MEA-BP.

Population Size
Number of
Winning

Subpopulations

Number of
Temporary

Subpopulations

Subpopulation
Size

Number of
Input Nodes

Number of
Hidden Nodes

Number of
Output Nodes

Number of
Iterations

150 5 5 20 7 4 2 10

4.4. Predictive-Performance Evaluation and Stability Validation of the Model
4.4.1. Comparative Analysis of Different Feature Encoding Methods

To evaluate the effect of explicitly preserving axial-order information on model pre-
dictive performance, the proposed seven-dimensional physically aggregated encoding
was compared with the 48-dimensional order-preserving binary encoding described in
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Section 4.2. Both encoding methods were evaluated using the same dataset split, MEA-BP
network architecture, optimization parameters, and pre-specified random initialization
conditions to ensure a fair comparison. The comparison results are summarized in Table 9.

Table 9. Comparison of two feature encoding methods in the MEA-BP model.

Encoding Method Input
Dimension

Temperature
MAE (×10−2)

Temperature
RMSE (×10−2)

Temperature
R2

Shear-Rate
MAE (×10−2)

Shear-Rate
RMSE (×10−2)

Shear-Rate
R2

Physically
aggregated 7 1.74 2.23 0.957 2.89 3.99 0.872

Sequence
preserving binary 48 4.28 5.61 0.583 4.73 6.76 0.535

The results show that the seven-dimensional physically aggregated encoding achieved
lower prediction errors and higher coefficients of determination for both volume-averaged
temperature and average shear rate. Therefore, the seven-dimensional physically aggre-
gated encoding was adopted as the input representation for subsequent model comparisons.
It should be noted that this result does not negate the physical relevance of axial order
in the extrusion process; rather, it indicates only that explicitly retaining the complete
axial arrangement did not improve model prediction performance for the current dataset,
selected output variables, and fixed model settings. The higher input dimensionality of
the 48-dimensional representation may increase the complexity of the learning task at the
current sample size, thereby weakening the model’s generalization ability.

4.4.2. Evaluation of Predictive Performance and Stability

To evaluate the relative effectiveness of the MEA optimization strategy, conventional
BP [38], GA-BP [39], and PSO-BP [40] were selected as benchmark models. Conventional
BP was used to represent the baseline predictive capability without population-based
optimization, whereas GA and PSO represent two commonly used approaches for BP
parameter optimization: an evolutionary search mechanism based on selection, crossover,
and mutation, and a population-based search mechanism based on velocity–position
updates, respectively. The key parameter configurations of the BP, GA-BP, and PSO-BP
models are summarized in Table 10.

Table 10. Key training and optimization parameter settings for the BP, GA-BP, and PSO-BP models.

Model Parameters Numerical/Method

BP

Training algorithm trainlm
Parameter optimization Random initialization

Maximum training times 150
Performance objective 1 × 10−4

GA-BP

Population size 40
Maximum number of iterations 20

Search scope [−3, 3]
Cross probability 0.3

Mutation probability 0.5

PSO-BP

Particle swarm size 60
Maximum number of iterations 20

Inertia weight 0.6
Learning factor c1 = 2, c2 = 2

Position/Speed Boundary [−3, 3]

After the network architecture and relevant hyperparameters had been determined
within the development set, 28 independent hold-out test samples that were not involved
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in model training or hyperparameter selection were used to evaluate the generalization
performance of the BP, GA-BP, PSO-BP, and MEA-BP models. Model performance was
compared using MAE, RMSE, and R2.

To ensure consistency among the quantitative metrics, prediction-comparison plots,
residual plots, and parity plots, the first independent run obtained using a pre-specified
random seed was designated as the primary run. Tables 10 and 11 and Figures 17–21 are
all prepared based on the results of the primary run.

Table 11. Comparison of the predictive performance of the four models.

Model Prediction Target MAE (×10−2) RMSE (×10−2) R2

BP
Temperature 2.09 2.88 0.926

Shear rate 3.35 4.34 0845

GA-BP
Temperature 1.90 2.60 0.941

Shear rate 3.48 4.74 0.818

PSO-BP
Temperature 1.76 2.37 0.950

Shear rate 3.10 4.15 0.861

MEA-BP
Temperature 1.74 2.23 0.957

Shear rate 2.89 3.99 0.872

Figure 17. Comparison between the predicted and simulated volume-averaged temperatures of the
four models on the independent test set: (a) BP; (b) GA-BP; (c) PSO-BP; (d) MEA-BP.

The predictive performance of the four models in the primary run is compared in
Table 11. Overall, all four models were able to effectively predict the volume-averaged
temperature and average shear rate; however, their prediction accuracy varied across the
optimization strategies. For both prediction targets, MEA-BP achieved lower MAE and
RMSE values together with a higher coefficient of determination, indicating favorable
overall predictive performance in the primary run.

To further compare the ability of different models to capture the variation patterns
of the independent test samples, Figures 17 and 18 present comparisons between the
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predicted values of the four models and the finite element simulation results for volume-
averaged temperature and average shear rate, respectively. The black curves represent the
finite element simulation results, whereas the colored curves denote the predictions of the
different models. As shown in the figures, all models captured the variation trends among
the test samples to some extent, although deviations of varying magnitude remained near
local peaks and valleys. By comparison, the predictions of the MEA-BP model were overall
closer to the finite element simulation results.

Figures 19 and 20 further present the distributions of prediction residuals for the
volume-averaged temperature and average shear rate obtained by the four models in
the primary run. The residual is defined as the difference between the predicted value
and the finite element simulation value, where positive and negative residuals indicate
overprediction and underestimation of the corresponding output variable, respectively.
Overall, the residuals of all models were mainly distributed around the zero line, although
differences remained in the fluctuation range and local extreme values. For both prediction
targets, the residuals of the MEA-BP model were more concentrated around the zero line,
and relatively large positive and negative residuals occurred less frequently, which is
consistent with the quantitative evaluation results in Table 10.

Figure 18. Comparison between the predicted and simulated values of average shear rate for the
four models on the independent test set: (a) BP; (b) GA-BP; (c) PSO-BP; (d) MEA-BP.

Based on the comparative results of the four models, parity plots were further used
to verify the predictive consistency of the MEA-BP model. As shown in Figure 21, the red
solid line represents the ideal parity line, y = x. Most test samples for the volume-averaged
temperature and average shear rate are distributed near the ideal parity line, indicating that
the MEA-BP model exhibits good predictive consistency for both target variables. Among
them, the prediction points for volume-averaged temperature are more tightly concentrated
around the parity line, whereas those for average shear rate are slightly more scattered,
which may be related to the greater sensitivity of this variable to local flow conditions and
variations in pin arrangement.
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Figure 19. Distribution of prediction residuals for volume-averaged temperature obtained by the
four models on the independent test set: (a) BP; (b) GA-BP; (c) PSO-BP; (d) MEA-BP.

Figure 20. Distribution of prediction residuals for average shear rate obtained by the four models on
the independent test set: (a) BP; (b) GA-BP; (c) PSO-BP; (d) MEA-BP.
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Figure 21. Parity plots of the predicted and simulated values of the model on the independent test
set: (a) volume-averaged temperature; (b) average shear rate.

Considering the random initialization of the BP network and the stochastic nature of
the GA, PSO, and MEA optimization processes, five pre-specified independent runs were
conducted for each of the four models on the same independent test set. Table 12 reports the
means and standard deviations of the repeated-run results, where the standard deviations
characterize the sensitivity of the models to random initialization and optimization search
paths. The repeated-run results indicate that MEA-BP maintained lower mean prediction
errors and a higher mean coefficient of determination while exhibiting favorable overall
run-to-run stability. Taken together, the sample-wise predictions, residual distributions,
and parity plots from the pre-specified primary run, together with the repeated-run results,
indicate that MEA-BP has favorable generalization performance and run-to-run stability
on the dataset used in this study.

Table 12. Comparison of repeated-run performance and stability among the four models.

Model Prediction Target MAE (×10−2) RMSE (×10−2) R2

BP
Temperature 2.11 ± 0.15 2.91 ± 0.26 0.916 ± 0.012

Shear rate 3.41 ± 0.22 4.38 ± 0.34 0.837 ± 0.024

GA-BP
Temperature 1.88 ± 0.04 2.53 ± 0.08 0.944 ± 0.028

Shear rate 3.39 ± 0.20 4.56 ± 0.42 0.830 ± 0.031

PSO-BP
Temperature 1.97 ± 0.30 2.97 ± 0.81 0.921 ± 0.043

Shear rate 3.66 ± 0.71 5.51 ± 1.76 0.734 ± 0.166

MEA-BP
Temperature 1.75 ± 0.09 2.28 ± 0.11 0.954 ± 0.005

Shear rate 2.98 ± 0.20 4.11 ± 0.26 0.863 ± 0.018
Note: All results reported in the table were obtained using the same independent test set.

Given the distinct parameter-update mechanisms of BP, GA-BP, PSO-BP, and MEA-
BP, wall-clock runtime was used as the common indicator of computational efficiency,
rather than a single learning-rate-based comparison. All four models were evaluated using
the same computational environment, finalized network settings, and data partition to
ensure comparable runtime measurements. All four models were evaluated using the
same computational environment, finalized network settings, and data partition to ensure
comparable runtime measurements. Table 13 summarizes the mean wall-clock runtime and
standard deviation of each model over five pre-defined independent executions.

The results show that, compared with conventional BP, population-intelligence op-
timization introduces additional computational overhead. The runtime of MEA-BP was
numerically close to that of PSO-BP and did not show a lower runtime. However, under
the current dataset size and fixed network architecture, all four models completed final
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training and prediction on the independent test set within 10 s. Therefore, the improved
predictive performance of MEA-BP was achieved at a limited additional computational
cost rather than through a computational-speed advantage.

Table 13. Running times of the four models over five runs.

Model Number of Independent Runs Average Time (s) Standard Deviation (s)

BP 5 5.3 0.9
GA-BP 5 6.3 0.6
PSO-BP 5 8.7 0.3
MEA-BP 5 8.8 0.8

Note: The timing scope included network training and prediction on the independent test set.

From an engineering perspective, the volume-averaged melt temperature and average
shear rate reflect the overall thermal state and mean deformation intensity of the melt
during extrusion, respectively. Melt temperature affects material viscosity and flow behav-
ior; excessively high temperatures may increase the risk of excessive shear heating and
thermal degradation, whereas insufficient temperatures may hinder material plasticization
and stable conveying. Average shear rate is related to the degree of melt deformation and
viscous dissipation and can provide a reference for evaluating the relative effects of pin
arrangements on flow intensification and shear heating. Therefore, improved prediction
accuracy facilitates the rapid screening of candidate configurations that satisfy the desired
temperature and shear-rate levels within the pin-arrangement design space and operating
range defined in this study, reducing the need for high-fidelity finite element calculations
for every case and providing a basis for prioritizing subsequent detailed numerical analyses
or experimental validation.

5. Conclusions and Future Work
This study combined finite element simulations, preliminarily validated through

comparison with measured temperatures and particle-tracing techniques, to investigate
the effects of pin arrangements on rubber-melt mixing characteristics in a pin-barrel cold-
feed extruder. A mind evolutionary algorithm-optimized BP neural network (MEA-BP)
was further developed to rapidly predict the volume-averaged melt temperature and
average shear rate. The results show that introducing pins enhanced shear heating and
flow intensity, increased the overall melt temperature, and improved the cross-sectional
temperature distribution. The pins also altered local flow states under laminar conditions,
increased shear stress and the proportion of shear flow, and thereby promoted melt mixing.
Particle-tracing results show that the pins promoted repeated splitting and merging of the
fluid, thereby reducing particle agglomeration. Among the four uniform pin arrangements
compared in this study, the configuration with four pins per group exhibited a faster
reduction in the scale of segregation and a moderate residence time, providing a favorable
balance between mixing adequacy and processing efficiency. This conclusion is limited to
the four uniform pin arrangements compared in this study and does not imply that the
four-pins-per-group configuration is globally optimal within a broader pin-arrangement
design space.

Under consistent data partitioning, network settings, and evaluation protocols, MEA-
BP exhibited lower mean prediction errors, higher mean coefficients of determination,
and better run-to-run stability in predicting volume-averaged temperature and average
shear rate. It should be noted that MEA-BP was developed only for the rapid prediction of
two selected flow-field parameters and does not directly characterize or optimize overall
mixing performance. This study was conducted primarily using finite element simulations,
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and experimental validation was limited to comparison of melt temperatures; direct ex-
perimental validation of mixing performance and systematic validation at an industrial
production scale were not performed. In addition, the surrogate model was constructed
using 140 numerical simulation cases, and its predictive capability mainly reflects its ability
to fit and predict the corresponding simulation outputs. It is applicable to rapid numerical
screening and trend assessment within the pin arrangements, geometry, EPDM material
parameters, rheological model, boundary conditions, and operating range defined in this
study. The reliability of extrapolative predictions beyond the current data range requires
further validation.

Although the trained MEA-BP model can reduce the need for repeated finite element,
the simulations, generation of the training data still relies on 140 three-dimensional non-
isothermal finite element simulations. The current sample size represents a compromise
between computational cost and the sampling requirements of the design space. Future
work may expand the dataset to cover different geometries, material systems, and op-
erating conditions, and incorporate experimental data on pressure, torque, and mixing
performance for multi-metric validation. In addition, optimization methods such as RCGA,
adaptive PSO, RCGA-PSO, and DE can be introduced for systematic comparison under
consistent computational budgets and evaluation conditions. Time-resolved transient CFD,
experimental, or industrial-process data can also be combined with temporal splitting or
rolling-validation strategies to further assess model applicability, stability, and robustness
in complex design spaces and time-varying operating conditions.
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