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Abstract: To address the challenges of controlling particle loss rate and outlet purity in 

high-concentration particulate systems, this study develops a CFD-DDPM-based gas–

solid two-phase flow model. Combined with the NSGA-II algorithm and the entropy-

weighted TOPSIS method, the effects of feed velocity, suction pressure, and throwing 

device speed on separation performance are systematically analyzed. The results indi-

cate that the SST k–ω turbulence model coupled with the dense discrete phase model 

can accurately simulate the internal flow field of the separator, with simulation errors 

controlled within 5%. Regression models for particle loss rate and outlet purity were 

established using the Box–Behnken design, yielding coefficients of determination (R²) 

of 0.9724 and 0.9397, respectively. Significance analysis shows that feed velocity is the 

most influential factor. Based on these regression models, multi-objective optimization 

using the NSGA-II algorithm produced a set of Pareto-optimal solutions. The Pareto 

front was comprehensively evaluated using the entropy-weighted TOPSIS method, and 

the optimal parameter combination was determined as follows: feed velocity of 1.89 

m/s, suction pressure of 6539 Pa, and throwing device speed of 350 rpm. Under these 
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conditions, the particle loss rate is 0.0387%, and the outlet purity reaches 98.9189%, 

with deviations between simulated and predicted values less than 2%. These findings 

provide theoretical support and engineering guidance for separation optimization of 

high-concentration particulate systems. 

Keywords：Gas–solid two-phase flow; High-concentration particulate system; CFD-
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1. Introduction 

In numerous particle processing and separation systems, the efficient classification 

of particles with distinct physical properties continues to be a central focus in gas–solid 

two-phase flow engineering. The core of particle separation lies in achieving the precise 

separation of materials based on physical attributes such as particle size, density, and 

shape, typically achieved through airflow or gravitational fields. This technique has 

been widely applied in critical industrial processes such as stem–shred separation [1], 

seed screening and grain impurity removal in agriculture [2], dry classification in min-

eral processing [3], and raw material refinement in the food industry [4]. Common dry 

separation equipment used in these applications includes air classifiers, cyclone sepa-

rators [5], and jet classifiers [6], all of which rely on differences in particle motion 

within high-velocity airflow to improve separation efficiency and ensure product purity. 

However, despite widespread application, air classification systems often face 

challenges related to the instability of particle separation. Studies have shown that cou-

pled phenomena, such as flow field non-uniformity, particle agglomeration, and cross-

flow, are the primary contributors to fluctuations in separation efficiency. For instance, 

Zhang et al. [7] reported that adverse flow structures, including axial back-flow, short-

circuiting, and eccentric recirculation within cyclone separators, significantly degrade 

separation performance. Additionally, particle agglomeration and attrition within the 

separator also play significant roles. Mirzaei et al. [8] demonstrated that under high 

particle concentration conditions, neglecting fine particle agglomeration in simulations 



can lead to a considerable underestimation of separation efficiency, by as much as 5%–

15%. Haig et al. [9] observed fine particle agglomeration during experiments with a 

Stairmand cyclone separator and found that the separation efficiency curves shifted no-

tably with changes in inlet velocity. Against this backdrop, researchers have explored 

improvements to internal flow structures to enhance separation stability. For example, 

Petit et al. [10] proposed a throat classifier that effectively reduced fine-particle cross-

flow and improved particle size distribution by modifying the airflow pathway. These 

findings suggest that even without altering the equipment structure, comparable sepa-

ration performance can be achieved through appropriate adjustment of process param-

eters. Thus, systematically analyzing the effects of operational parameters on particle 

dynamics and optimizing performance accordingly has become a central focus in con-

temporary air classification research. 

To further explore the coupling mechanisms between process parameters and par-

ticle behavior, previous studies have systematically investigated the interactions among 

key variables, including airflow velocity distribution, particle mass flux, and particle 

trajectories. Zhao et al. [11] conducted CFD–DEM simulations of pneumatic conveying 

and found that the combined effects of airflow velocity and particle concentration gov-

ern the stability of particle trajectories. When the flow velocity falls below a critical 

threshold, particle deposition increases significantly, leading to a roughly 40% reduc-

tion in conveying uniformity. Chakravarty et al. [12,13] investigated vortex vibratory 

screens and showed that when the airflow inclination exceeds 45° with a vibration fre-

quency of 15 Hz, particle agglomeration is substantially reduced. However, frequencies 

above 18 Hz induce cross-flow recirculation, thereby reducing separation efficiency. 

Smith et al. [14] employed DEM simulations and high-speed imaging to quantify the 

impact dehulling dynamics of rice grains. By leveraging the fracture energy difference 

between rice husks (0.15 J/g) and kernels (0.82 J/g), a multiparameter control model 

was established, encompassing impact velocity (3–8 m/s), moisture content (12–18%), 

and collision angle (30°–60°). Under optimized conditions (impact velocity of 6 m/s 

and 14% moisture content), a dehulling rate of 98.5% with a breakage rate below 2% 



was achieved, providing a theoretical benchmark for particle separation based on phys-

ical property differences. Markauskas et al. [15] demonstrated that for flexible elon-

gated particles, the nonlinear coupling between particle modulus and airflow velocity 

significantly affects transport stability, with high-stiffness particles achieving separa-

tion efficiencies up to 98% under high airflow conditions. Zhou et al. [16] combined 

experimental and simulation approaches and found that biomass particles tend to align 

their long axis along the flow direction in gradient airflow fields. This orientation-en-

hancing effect markedly improves the effectiveness of shape-based separation. These 

findings highlight that particle behavior is governed by multifactorial interactions, and 

effective, stable separation can only be achieved through proper parameter matching 

and control. 

 In addition to airflow-related effects, recent DEM-based studies have shown that 

particle morphology and interface characteristics can significantly influence granular 

interaction, force transmission, and macroscopic response. For example, Ma et al. [17, 

18] reported that particle morphology plays an important role in the shear behavior of 

granular materials, and further demonstrated that the combined effects of interface 

roughness and particle shape can substantially alter the mechanical response of granular 

systems. Although these studies were conducted in granular soil–structure systems ra-

ther than gas–solid separators, they provide useful supporting context for understanding 

why morphology-dependent particle behavior should not be neglected when analyzing 

the transport and separation of flake-shaped particles. This perspective is particularly 

relevant to the present study, in which the separated materials exhibit evident non-sphe-

ricity. 

To further optimize operational parameters in gas–solid separation systems, re-

searchers increasingly rely on numerical simulation methods to systematically uncover 

flow evolution and particle dynamics. Computational fluid dynamics (CFD), combined 

with particle modeling approaches such as the discrete phase model (DPM) and discrete 

element method (DEM), has become a key technical approach for investigating particle 

separation mechanisms. For example, Sun et al. [19, 20] used CFD–DPM simulations 



to examine the influence of inlet structure on flow patterns in air classifiers, demon-

strating that proper adjustment of inlet orientation can significantly enhance separation 

performance. Huang et al. [21] developed an air classifier model with perturbation 

structures and showed its effectiveness in regulating internal pressure and velocity 

fields, thereby improving classification efficiency. Zhang et al. [22], through CFD–

DEM simulations, found that increasing the rotational speed of moving components 

enhances particle suspension behavior. Li et al. [23] investigated the coupling between 

particle size and airflow velocity, revealing their matching principles and impact on 

separation performance, providing a theoretical basis for controlling particle trajecto-

ries. In addition, Su T et al. [24] studied the influence of vortex finder geometry and 

feed parameters on short-circuit flow in cyclone separators, indicating that reducing 

vortex finder diameter and increasing wall thickness can suppress short-circuit flow and 

enhance separation efficiency. However, due to the complexity of model construction 

and high computational cost, direct reliance on CFD simulations limits comprehensive 

exploration of the parameter space. Thus, developing high-fidelity predictive models 

for process optimization is essential for improving the stability and separation perfor-

mance of air classification systems. 

Building upon the mechanistic insights gained through numerical simulations, pro-

cess parameter optimization is essential for further enhancing system performance. Alt-

hough artificial neural networks (ANNs) exhibit strong predictive capabilities for com-

plex systems, their reliance on large datasets limits prediction stability when experi-

mental data are scarce [25]. In contrast, response surface methodology (RSM), through 

design of experiments (DOE), enables the construction of accurate quantitative models 

between multiple parameters and response indicators. Due to its modeling flexibility 

and adaptability for optimization, RSM has been extensively applied in engineering 

optimization tasks [26,27]. The integration of RSM’s high-precision modeling capabil-

ities with various multi-objective evolutionary optimization algorithms, such as the 

multi-objective genetic algorithm (MOGA), non-dominated sorting genetic algorithm 

(NSGA), and multi-objective particle swarm optimization (MOPSO), has been widely 

applied in optimizing complex gas–solid separation processes. For example, Tang et al. 



[28] combined RSM with a GA–BP neural network model to predict the separation 

efficiency of a cyclone separator and optimized its structural parameters. Cao et al. [29] 

employed NSGA-II to optimize the guide vane structure of a cyclone separator, achiev-

ing simultaneous improvements in separation efficiency and pressure drop. Li et al. [30] 

combined CFD–DDPM modeling with multi-objective optimization in a high-speed 

seed guiding device, enhancing particle transport uniformity and system reliability. 

Among these algorithms, NSGA-II has notably attracted attention due to its superior 

optimization performance. Proposed by Deb et al. as an improvement over the original 

NSGA, NSGA-II introduces a fast non-dominated sorting approach to reduce compu-

tational complexity and an elitist preservation strategy to enhance global search capa-

bility and solution diversity. These enhancements improve both robustness and conver-

gence speed. Compared to the original NSGA, NSGA-II exhibits superior computa-

tional efficiency and global convergence, making it one of the most widely used evolu-

tionary algorithms for multi-objective optimization problems [31]. 

Furthermore, to facilitate scientific screening and decision-making for Pareto-op-

timal solutions, the entropy weight method (EWM) combined with the technique for 

order preference by similarity to ideal solution (TOPSIS) has been widely applied in 

multi-objective decision-making problems. This method determines the objective 

weights of evaluation criteria based on information entropy, thereby eliminating sub-

jective bias, and ranks alternatives by computing their distances from the positive and 

negative ideal solutions, providing high objectivity and broad applicability [32]. For 

example, Jiang et al. [33] integrated NSGA-II with the EWM-TOPSIS approach for 

lightweight design of dump truck compartments, enabling comprehensive exploration 

of the solution space and objective evaluation of alternatives, while balancing structural 

strength and material utilization. Sun et al. [34] applied NSGA-II and EWM-TOPSIS 

to optimize an artificial neural network model for wire-cutting process parameters of 

Ti-6Al-4V alloy, thereby improving process stability and precision control. In the field 

of heat transfer enhancement, Lv et al. [35] conducted a bi-objective optimization of 

thermal performance and pressure drop for printed circuit board heat exchangers based 



on an RSM–NSGA-II framework, revealing the coupling between key structural pa-

rameters and performance responses. Wei et al. [36] employed the RSM–NSGA-III 

method to optimize the TPMS-fin triple-fluid heat exchanger, achieving a balance be-

tween heat transfer efficiency and structural compactness. In summary, the multi-stage 

framework integrating RSM modeling, NSGA-II optimization, and EWM–TOPSIS de-

cision-making has demonstrated successful applications across various domains. This 

framework provides a reliable technical approach and theoretical foundation for process 

parameter optimization in high-concentration particulate systems. 

Based on the above, this study proposes a performance-enhancement strategy for 

a high-concentration particulate separator by integrating the CFD–DDPM (Dense Dis-

crete Phase Model) approach with response surface methodology, NSGA-II optimiza-

tion, and entropy-weighted TOPSIS decision analysis. It should be emphasized that the 

novelty of the present work does not lie in the development of a fundamentally new 

standalone optimization algorithm, but rather in establishing a systematic research route 

for dense gas–solid separation under practical operating constraints. Compared with 

previous studies that often focused either on standalone CFD flow analysis or on opti-

mization without sufficiently connecting mechanism interpretation, quantitative predic-

tion, and solution screening, the present study offers three main contributions. First, an 

experimentally validated CFD-DDPM model was established for the current high-con-

centration separator, enabling the analysis of dense gas–solid flow behavior and the 

mechanistic roles of feed velocity, suction pressure, and throwing roller speed. Second, 

a response-surface-based predictive model was developed to quantitatively characterize 

the coupled effects of these parameters on particle loss rate and outlet purity. Third, the 

Pareto-optimal solutions obtained by NSGA-II were further evaluated using entropy-

weighted TOPSIS, so that the multi-objective optimization results could be translated 

into a practically applicable operating condition. In this way, the present work provides 

not only a parameter optimization route, but also a coherent and validated strategy for 

simulation, prediction, and operating-condition selection in high-concentration partic-

ulate separation. 



2. Theory and Methodology 

2.1 Physical Model 

Given the relatively clear axisymmetric characteristic of the separator geometry 

and the fact that the dominant gas-solid transport and separation behavior is mainly 

distributed within a two-dimensional plane, a 2D geometric model was adopted in this 

study to simplify the full 3D configuration for CFD-DDPM simulation. This simplifi-

cation not only reduces the computational cost, but also preserves the major flow struc-

tures and particle transport features relevant to the present optimization study. As shown 

in Fig. 1, the simplified model captures the main flow passage, the throwing region, 

and the outlet separation pathway of the particulate separator, thereby providing an ef-

fective basis for parametric simulation, response surface modeling, and multi-objective 

optimization. 

It should be noted that the present 2D model is intended for predicting the main 

outlet distribution trends and the key separation performance indicators within the op-

erating range considered here. Because it is still a simplified representation of the real 

separator, more complex three-dimensional local flow non-uniformities, out-of-plane 

particle interactions, and possible agglomeration behavior under broader operating con-

ditions cannot be fully resolved. The experimental validation of the simplified model is 

presented in Section 2.5. 



 
Fig. 1 Model of the particulate separator. 

2.2 Mathematical Models and Numerical Methods 

2.2.1 Gas-Phase Turbulence Model 

Although the geometry of the particulate separator is relatively simple, the internal 

airflow exhibits highly swirling and anisotropic turbulence. To capture such complex 

flow features, the SST k–ω turbulence model is employed, as it combines the far-field 

robustness of the k–ε model with the near-wall accuracy of the k–ω model. This hybrid 

formulation enables reliable prediction of shear-layer separation and turbulence dissi-

pation in swirling flows. The mathematical formulation and physical interpretation of 

the SST k-ω model are presented as follows: 

Continuity equation: 
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Here, the turbulent viscosity tµ is constrained by a blending function: 
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Turbulent kinetic energy (k) equation:  
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Where the turbulence production term is given by: 
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Model constants: 0.09β ∗ =  

Specific dissipation rate (ω) equation: 
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By solving the continuity, momentum, and turbulence transport equations of the SST 

k–ω model, the velocity field, pressure distribution, turbulent kinetic energy (k), and 

specific dissipation rate (ω) can be obtained across the separator domain. These quan-

tities are further used to compute eddy viscosity and turbulence intensity, which govern 



the development of shear layers, vortex structures, and near-wall flow behaviors. The 

blending functions ensure a smooth transition between the k–ε and k–ω formulations, 

enabling robust predictions of both core-flow turbulence and boundary-layer separation. 

Consequently, the model provides quantitative insights into critical flow characteristics 

including the recirculation zones, turbulence dissipation, and shear stress distribution, 

which significantly affects the particle motion and the separation efficiency of the sys-

tem. 

2.2.2 Dense Discrete Phase Model (DDPM) 

The conventional Discrete Phase Model (DPM) is based on a one-way coupling 

assumption, which neglects inter-particle collisions and fragmentation effects. It is ap-

plicable only to dilute flows where the solid volume fraction is below approximately 

10–12%. However, the high concentration of particles within the particulate separator 

constitutes a typical dense particulate system. Therefore, this study adopts the Dense 

Discrete Phase Model (DDPM), which employs a two-way coupling mechanism to sim-

ultaneously resolve particle–flow interactions and inter-particle collision dynamics. 

Compared with DPM, DDPM introduces the concept of "parcels," where clusters of 

particles are tracked instead of individual particles. This approach significantly reduces 

computational costs while maintaining acceptable accuracy[37]. Inelastic collisions be-

tween particles are quantified using the Kinetic Theory of Granular Flow (KTGF). The 

granular temperature is used to compute the particle-phase stress tensor, which charac-

terizes momentum transfer and energy dissipation in dense particle clusters[38]. Liter-

ature reports[39]indicate that DDPM, by incorporating the interaction of continuous 

phase, discrete phase, granular stress, and collisions, offers significantly improved pre-

dictive accuracy over DPM, particularly in dense flow regimes such as fluidized bed 

reactors and high-concentration separation systems. The core governing equations are 

presented below. 

Governing equation for particle motion: 

The trajectory of a particle parcel is solved using the Lagrangian approach:  
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Where pm  is the mass of the parcel (kg), pd  is the particle diameter (m), dC  is the 

drag coefficient (corrected using the Gidaspow model), and KTGFF  is the inter-particle 

collision force derived from the gradient of the granular stress tensor: 
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Granular stress tensor:  

The stress tensor of the particle phase pσ
 includes pressure and viscous terms:  
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Where pp  is the granular pressure (Pa), pµ  is the shear viscosity (Pa·s), and pλ  is 

the bulk viscosity (Pa·s). 

The shear viscosity consists of collisional and kinetic contributions:  
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Drag coefficient correction: 

For particle volume fractions greater than 0.2, the Gidaspow blended drag model is 

applied:  
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By solving the governing equations of the DDPM framework, the velocity, concentra-

tion, and stress fields of the particle phase can be simultaneously obtained along with 

the carrier gas flow field. The granular temperature, derived from KTGF provides a 

quantitative measure of particle fluctuating energy and serves as the basis for compu-

ting granular pressure, shear viscosity and bulk viscosity, which collectively describe 

momentum transfer and energy dissipation within dense clusters. The corrected drag 

coefficient (via the Gidaspow model) ensures accurate prediction of interphase momen-

tum exchange under high solid volume fractions. These outputs enable the identifica-

tion of critical flow features such as particle clustering, collision frequency and segre-

gation patterns, which substantially affect the separation efficiency and the purity. Con-

sequently, the DDPM model allows for the evaluation of key operating parameters such 

as feed velocity, suction pressure and roller speed by linking them to particle residence 

time, loss rate, and outlet distribution, providing a reliable basis for optimizing separa-

tor performance under dense-flow conditions. 

It should be noted that, in the present study, the non-spherical morphology of the 

flake-shaped particles is incorporated in an approximate engineering manner rather than 

through a fully orientation-resolved non-spherical particle model. The present DDPM 

framework combines the Gidaspow blended drag model for interphase momentum ex-

change with the KTGF-based granular stress formulation for dense-phase collision ef-

fects, while the influence of particle non-sphericity is partially reflected through an as-

pect-ratio-based shape correction factor introduced in the boundary-condition settings. 

However, no additional dedicated sub-model was implemented to explicitly resolve ori-

entation-dependent drag, lift, or anisotropic contact mechanics for individual flake-

shaped particles. Therefore, the present model is suitable for capturing macroscopic 

transport, outlet distribution, and separation trends within the investigated operating 

range, but it cannot fully resolve more detailed morphology-dependent particle behav-

iors. 



2.2.3 Numerical Methods 

In this study, a two-dimensional model was developed on the ANSYS Fluent 

2024R1 platform. The gas-solid two-phase flow was simulated using the Dense Dis-

crete Phase Model (DDPM) within the Euler–Lagrange framework. The governing 

equations for the continuous phase were the Reynolds-Averaged Navier–Stokes (RANS) 

equations. The turbulence was modeled using the SST k-ω model, with near-wall treat-

ment handled by standard wall functions. Pressure–velocity coupling was handled us-

ing the Phase Coupled SIMPLE algorithm. Both the momentum and turbulence 

transport equations were discretized using a second-order upwind scheme to enhance 

the numerical accuracy. The convergence criteria for the CFD-DDPM simulations were 

defined such that the residuals of the continuity, momentum, and turbulence transport 

equations were reduced below 1 × 10⁻⁶, ensuring numerical stability and sufficient so-

lution accuracy throughout the computational domain. A gravitational acceleration of 

9.81 m/s² was applied in the negative Y-axis direction. 

2.3 Boundary Conditions 

Continuous phase boundaries: The air inlet was set as a velocity inlet with a mag-

nitude of 5 m/s. The particulate separator outlet was defined as pressure outlets, with a 

pressure varying from 5000 to 9200 Pa depending on the operating conditions.  

Discrete phase boundaries: Two independent injection sources were defined to 

simulate different particle types in the particulate separation system, with injection di-

rections normal to the inlet surface. The physical properties for the primary particles 

were: mass flow rate of 0.07595 kg/s, density of 223 kg/m³, and particle diameter of 

0.0009 m. For the secondary particles: mass flow rate of 0.00163 kg/s, density of 557 

kg/m³, and particle size distribution centered at 0.0032 m. Based on the aspect ratio 

(AR = 5.2 ± 0.8) of flake-shaped particles, a shape correction factor of 4.97 was adopted 

from the literature. This treatment, which is consistent with previous DEM-based find-



ings that particle morphology can significantly affect the mechanical and transport be-

havior of non-spherical granular materials, partially accounts for the effect of non-sphe-

ricity on particle motion in the present model. However, orientation-dependent lift and 

anisotropic contact behavior were not explicitly resolved. Wall–particle collisions were 

modeled using elastic reflection.The wall roughness was set to 10 μm with a roughness 

constant of 0.5. In the present model, this roughness parameter mainly affects the near-

wall continuous-phase flow through the wall-function treatment, while the particle–

wall collision law is separately represented by elastic reflection. A supplementary sen-

sitivity analysis of wall roughness under a representative operating condition is pre-

sented in Section 2.6. The effect of turbulent fluctuations on particle dispersion was 

quantified using the stochastic tracking (random walk) model. A two-way coupling 

scheme was employed for particle–fluid interactions, with particle trajectories updated 

every 10 iterations of the continuous phase. This update frequency was validated 

through a time-step sensitivity analysis to ensure a prediction error of less than 2%. 

Rotating components: To capture unsteady effects induced by the rotation of the 

throwing roller, the sliding mesh approach was used to divide the computational domain 

into a rotating zone (rotor) and a stationary zone (stator). The rotor region rotated with 

the throwing roller at an angular velocity of ω = 36–68 rad/s, adjusted according to the 

operating conditions, while the stator remained stationary. The rotor and stator zones 

were coupled via a grid-to-grid interface to enable dynamic data exchange, allowing 

accurate resolution of rotational effects on both the flow field and particle distribution. 

2.4 Mesh Independence Verification 

To verify mesh independence, the computational mesh for the particulate separa-

tion device was generated using the ANSYS MESH tool. A schematic diagram of the 

mesh configuration is shown in Figure 2. Five mesh configurations with varying den-

sities (3850, 9500, 16,000, 23,000, and 48,000 cells) were constructed, as illustrated in 

Figure 3. The analysis revealed that increasing the mesh count from 3850 to 23,000 

cells led to significant changes in the average mass flow rate at the separator outlet. 



However, further increasing the mesh density by approximately 20,000 cells beyond 

23,000 resulted in changes of less than 3%, demonstrating convergence of the solution 

with respect to mesh resolution. Considering computational accuracy, efficiency, and 

mesh quality (with a minimum orthogonal quality > 0.25), a mesh containing 23,609 

cells was selected for all subsequent simulations to balance solution fidelity and com-

putational cost. 

 
Fig.2 Schematic diagram of mesh discretization. 
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Fig.3 Grid-independent verification. 



2.5 Model Validation 

To validate the reliability of the 2D CFD-DDPM model in predicting the basic 

outlet distribution behavior of particles, the simulated mass flow rates at different par-

ticle outlets were first compared with experimental measurements under a representa-

tive operating condition, namely a feed velocity of 1.28 m/s, a suction pressure of 9200 

Pa, and a throwing roller speed of 650 rpm, as shown in Fig. 4. The comparison indi-

cates good agreement between the simulated and measured results in both overall trend 

and magnitude, demonstrating that the developed numerical model can reasonably cap-

ture the particle outlet distribution behavior in the separator. 

To further evaluate the predictive capability of the model for the key response in-

dicators used in the optimization study, three representative operating conditions were 

selected for additional experimental comparison. Case (a) represents a condition with a 

relatively high particle loss rate, Case (b) represents the condition with optimal separa-

tion performance, and Case (c) represents a condition with relatively low outlet purity. 

For each case, the particle loss rate and outlet purity obtained from the simulations were 

compared with the corresponding experimental measurements. The validation results 

are summarized in Tables 1-2 and Figs. 5-6. 

For particle loss rate, the relative errors between simulation and experiment for 

Cases (a)-(c) are 1.83%, 3.34%, and 2.39%, respectively. For outlet purity, the corre-

sponding relative errors are 0.39%, 0.14%, and 0.51%. These results further confirm 

that the present 2D CFD-DDPM model can not only reproduce the main outlet particle 

distribution trend, but can also provide reliable predictions for the key separation per-

formance indicators within the investigated operating range. 

Although the agreement between simulation and experiment is satisfactory, it 

should also be emphasized that the present validation is still based on the current sepa-

rator configuration and selected operating conditions. Therefore, the present model is 

appropriate for engineering prediction and parameter optimization within the investi-

gated operating range, but its direct application to other particulate systems or substan-

tially different separator geometries should be treated with caution. More specifically, 



changes in separator structure, particle properties, inlet–outlet arrangement, or operat-

ing regime may alter the dominant gas–solid interaction mechanisms and thus affect 

model applicability. Nevertheless, for gas–solid separation systems governed by similar 

physical mechanisms, the integrated methodology adopted in this study, namely CFD-

DDPM simulation combined with response surface modeling, NSGA-II optimization, 

and entropy-weighted TOPSIS decision analysis, can still provide a useful methodo-

logical reference. For broader application to other particulate systems or separator ge-

ometries, case-specific geometry reconstruction, material-property updating, parameter 

recalibration, and additional experimental validation would still be required. 
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Fig.4 Comparison of experimental data and simulation results. 
Table 1. Experimental validation of key response metrics under representative operating  

Conditions: Particle loss rate 

case 
Feed  

velocity 
(m/s) 

Suction 
pressure 

(Pa) 

Throwing 
roller 
speed 
(rpm) 

Particle 
loss rate  

 -Exp. (%)  

Particle 
loss rate  

 -Sim. (%) 
error (%) 

Case (a) 1.28 9200 500 1.20 1.1780 1.83 



Case (b) 2.00 7100 350 0.32 0.3093 3.34 
Case (c) 1.28 5000 500 0.82 0.8004 2.39 
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Fig.5. Experimental validation of key response metrics under representative operating  

Conditions: Particle loss rate 
Table 2. Experimental validation of key response metrics under representative operating  

Conditions: Outlet Purity 

case 
Feed  

velocity 
(m/s) 

Suction 
pressure 

(Pa) 

Throwing 
roller 
speed 
(rpm) 

Outlet  
Purity 

 -Exp. (%) 

Outlet  
Purity 

 -Sim. (%) 
error (%) 

Case (a) 1.28 9200 500 78.50 78.8093 0.39 
Case (b) 2.00 7100 350 99.85 99.9854 0.14 
Case (c) 1.28 5000 500 72.50 72.8668 0.51 
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Fig.6. Experimental validation of key response metrics under representative operating  

Conditions: Outlet Purity 



2.6 Sensitivity Analysis of Wall Roughness 

A supplementary sensitivity analysis of wall roughness was performed under a 

representative operating condition corresponding to the optimal separation-perfor-

mance case, namely a feed velocity of 2.00 m/s, a suction pressure of 7100 Pa, and a 

throwing roller speed of 350 rpm. Three wall roughness values, 0, 10, and 20 μm, were 

considered, while the roughness constant was kept at 0.5. The objective of this analysis 

was to evaluate the influence of wall roughness on the local near-wall flow structure 

and the global separation performance indicators. 

As shown in Fig.7, changes in wall roughness mainly affect the near-wall velocity 

distribution in the inlet-turning region and along the lower curved wall, whereas the 

overall mainstream flow pattern in the separator remains broadly similar among the 

three cases. The enlarged near-wall views further indicate that the local low-velocity 

structure and velocity gradients adjacent to the wall vary to some extent with increasing 

wall roughness, suggesting that the roughness parameter primarily influences the con-

tinuous-phase flow behavior in the wall-adjacent region. 

The corresponding particle-track distributions are shown in Fig.8. It can be ob-

served that variations in wall roughness lead to some differences in the local near-wall 

particle transport and distribution, especially in the wall-adjacent region highlighted in 

the enlarged views. However, the overall particle transport paths and outlet tendencies 

remain generally consistent under the investigated roughness conditions. 

The quantitative results are summarized in Table 3. When the wall roughness is 

changed from 10 μm to 0 and 20 μm, the particle loss rate varies from 0.3093% to 

0.3155% and 0.3228%, corresponding to relative deviations of 2.00% and 4.36%, re-

spectively. Under the same conditions, the outlet purity changes from 99.9854% to 

99.2315% and 98.5422%, corresponding to relative deviations of 0.75% and 1.44%, 

respectively. These results indicate that wall roughness mainly exerts a local influence 

on the near-wall flow field and particle behavior, and has a secondary but non-negligi-

ble effect on the global separation metrics within the investigated range. Among the 



tested values, the wall roughness of 10 μm provides the best overall separation perfor-

mance under the representative operating condition. Therefore, the selected value of 10 

μm is considered a reasonable engineering choice for the present simulations. 

 

Fig. 7. Velocity magnitude contours under different wall roughness conditions under the repre-
sentative operating condition: (a) wall roughness = 0 μm, (b) wall roughness = 10 μm, and (c) wall 

roughness = 20 μm. 

 

Fig. 8. Particle-track distributions under different wall roughness conditions under the representa-
tive operating condition (a) wall roughness = 0 μm, (b) wall roughness = 10 μm, and (c) wall 

roughness = 20 μm. 
 
 



Table 3. Sensitivity analysis of wall roughness under a representative operating condition 

Wall roughness 
(μm) 

Particle Loss 
Rate (%) 

Relative devia-
tion vs. 10 μm 

(%) 

Outlet Purity 
(%) 

Relative devia-
tion vs. 10 μm 

(%) 
0 0.3155 2.00 99.2315 0.75 

10 0.3093 0 99.9854 0 
20 0.3228 4.36 98.5422 1.44 

2.7 Response Indicators for Performance Evaluation 

To comprehensively evaluate the separation performance of the device, this study 

adopts two response indicators for response surface modeling: particle loss rate and 

outlet purity. The particle loss rate represents the proportion of target particles that are 

incorrectly directed to a non-target outlet, reflecting the extent of valuable material loss. 

In contrast, outlet purity measures the proportion of target particles in the designated 

outlet, indicating the accuracy of the separation process. These two indicators are com-

plementary and together provide a comprehensive assessment of the device’s effective-

ness in terms of separation accuracy and misclassification control. The calculation for-

mulas are given in Equations (17) and (18). 

The particle loss rate is defined as the proportion of target particles that are mis-

classified into non-target outlets, and is calculated as follows: 

 (  )

(  ) (  )

100%leaf stem outlet

leaf stem outlet stem stem outlet

N
L

N N
= ×

+
 (17) 

where (  )leaf stem outletN  is the number of target particles misclassified into a non-target 

outlet, and (  )stem stem outletN  is the number of correctly separated non-target particles. The 

denominator represents the total number of particles in the non-target outlet. L  de-

notes the particle loss rate (%), which quantifies the proportion of target particles pre-

sent in the wrong outlet, reflecting the extent of valuable material loss. A smaller L

value indicates a lower degree of mis-separation and improved separation efficiency. 



To further assess separation accuracy, the outlet purity indicator is introduced, de-

fined as the proportion of actual target particles in the designated outlet. It is calculated 

as follows: 

 (  )

(  ) (  )

100%leaf leaf outlet

leaf leaf outlet stem leaf outlet

N
P

N N
= ×

+
 (18) 

Where (  )leaf leaf outletN   is the number of correctly classified target particles, and 

(  )stem leaf outletN  is the number of non-target particles misclassified into the target outlet. 

The denominator represents the total number of particles in the target outlet. P  de-

notes the outlet purity (%), which quantifies the proportion of actual target particles in 

the outlet. A higher outlet purity ( P ) indicates greater separation precision and im-

proved overall effectiveness. Together, these complementary indicators provide a com-

prehensive evaluation of both misclassification control and separation accuracy, form-

ing the basis for subsequent regression modeling and multi-objective optimization of 

the separator. 

2.8 Experimental Design Using Box–Behnken Methodol-

ogy 

To systematically investigate the effects of three factors—feed velocity (A), suc-

tion pressure (B), and throwing device speed (C)—on particle loss rate and outlet purity, 

the Box–Behnken Design (BBD), a method within response surface methodology 

(RSM), was employed for experimental design. BBD is a commonly used second-order 

response surface design method, characterized by uniformly distributed design points, 

high experimental efficiency, and the ability to fit a complete quadratic response model. 

It is widely applied in the optimization of process parameters. 

Each of the three factors was set at three levels, as detailed in Table 4. Based on 

the principles of BBD, a total of 15 experimental runs were generated, including 3 cen-

ter points. The detailed design matrix is presented in Table 5. 

 
 



Table 4. Parameter Level Mapping Table. 

Factor Symbol −1 (Low) 0 (Medium) +1 (High) 
Feed velocity 

(m/s) 
A 1.28 1.64 2.00 

Suction pressure 
(Pa) 

B 5000 7100 9200 

Throwing roller 
speed (rpm) 

C 350 500 650 

 
Table 5. Box-Behnken Experimental Design Matrix (15 Runs). 

Run 
A:Feed ve-

locity 
B: Suction 
pressure 

C: Throw-
ing roller 

speed 

Actual A 
(m/s) 

 
Actual B 

(Pa) 
 

 
Actual C 

(rpm)  
 

1 -1 +1 0 1.28 9200 500 
2 +1 +1 0 2.00 9200 500 
3 -1 -1 0 1.28 5000 500 
4 +1 -1 0 2.00 5000 500 
5 -1 0 +1 1.28 7100 650 
6 +1 0 +1 2.00 7100 650 
7 -1 0 -1 1.28 7100 350 
8 +1 0 -1 2.00 7100 350 
9 0 +1 +1 1.64 9200 650 

10 0 -1 +1 1.64 5000 650 
11 0 +1 -1 1.64 9200 350 
12 0 -1 -1 1.64 5000 350 
13 0 0 0 1.64 7100 500 
14 0 0 0 1.64 7100 500 
15 0 0 0 1.64 7100 500 

Note: Runs 13–15 are repeated center points used to assess model reproducibility and accuracy. 

To visually illustrate the spatial structure of the three-factor, three-level Box-

Behnken design, Fig. 9 presents the three-dimensional distribution of the design points 

in normalized space. The three factors—feed velocity, suction pressure, and throwing 

roller speed—take values within the normalized range of [–1, 0, 1]. The design points 

are mainly distributed at the edge centers of the factor combinations and at the central 

point. In the figure, red points indicate edge centers and blue points denote the central 

point. This design avoids extreme corner points, which enhances simulation stability, 

improves representativeness of the experimental design, and increases the accuracy of 

the response surface model fitting. 



 

Fig. 9 Distribution of three-factor, three-level Box-Behnken design points. 

Based on the Box–Behnken design scheme listed in Table 4, numerical simulations 

were performed for 15 representative working conditions. For each combination, the 

type and quantity of particles at the outlets were extracted, and two response metrics 

including the particle loss rate and the outlet purity were calculated. The corresponding 

response values for each condition are listed in Table 6. 

Table 6. The scheme and results of the Box-Behnken experimental design. 

Run 
A:Feed ve-

locity 
B: Suction pres-

sure 
C: Throwing 
roller speed 

Particle loss 
rate (%) 

Outlet pu-
rity (%) 

1 1.28 9200 500 1.1780 78.8093 
2 2.00 9200 500 0.5819 93.3329 
3 1.28 5000 500 0.8004 72.8668 
4 2.00 5000 500 0.4634 92.6093 
5 1.28 7100 650 0.7384 83.5659 
6 2.00 7100 650 0.3909 97.9756 
7 1.28 7100 350 0.3331 83.9183 
8 2.00 7100 350 0.3093 99.9854 
9 1.64 9200 650 0.5372 82.9756 

10 1.64 5000 650 0.3009 80.9183 
11 1.64 9200 350 0.2685 79.9854 
12 1.64 5000 350 0.0427 91.6003 
13 1.64 7100 500 0.0691 88.8655 
14 1.64 7100 500 0.0293 85.6964 
15 1.64 7100 500 0.0144 89.7588 

 



3. Results and Analysis 

3.1 Analysis of Flow Field Structure and Particle Behav-

ior 

To further reveal the separation mechanism under various operating conditions, 

three representative working cases were selected. These correspond to high particle loss 

rate (Fig. 10a), optimal separation performance (Fig. 10b), and low outlet purity (Fig. 

10c). Detailed analysis of gas–solid flow characteristics was conducted based on the 

velocity fields and particle trajectories. In Fig. 10, the background contour represents 

the air-phase velocity magnitude, while the particle tracks of the two particle classes 

are displayed separately to facilitate direct comparison of their transport paths, segre-

gation characteristics, and outlet tendencies under different operating conditions. Spe-

cifically, the black particle tracks represent the primary particles (leaf shred), whereas 

the red particle tracks represent the secondary particles (stem shred). The revised figure 

provides a clearer visual basis for distinguishing the transport behavior of the two par-

ticle classes under different operating conditions. 

 

Fig. 10. Velocity contours and particle tracks in the separator under different operating conditions.  
(a) High particle loss rate: feed velocity = 1.28 m/s, suction pressure = 9200 Pa, and throwing 



roller speed = 500 rpm;  
(b) Optimal separation performance: feed velocity = 2.00 m/s, suction pressure = 7100 Pa, and 

throwing roller speed = 350 rpm;  
(c) Low outlet purity: feed velocity = 1.28 m/s, suction pressure = 5000 Pa, and throwing roller 

speed = 500 rpm. 

Under the condition shown in Fig. 10(a) (feed velocity: 1.28 m/s, suction pressure: 

9200 Pa, throwing device speed: 500 rpm), the system exhibits a high particle loss rate. 

Although the suction pressure is relatively high, the low feed velocity results in insuf-

ficient particle momentum upon entering the separation chamber, making it difficult for 

the airflow to effectively guide the particles. Moreover, the high rotational speed of the 

throwing device increases internal airflow disturbances, causing some light particles to 

deviate from the main flow path. This leads to reverse flow and cross-stream motion, 

which misguides particles into non-target outlets. Particle trajectories reveal irregular 

paths of light particles under vortex influence, ultimately contributing to particle loss. 

Fig. 10(b) represents the condition with optimal separation performance (feed ve-

locity: 2.00 m/s, suction pressure: 7100 Pa, throwing roller speed: 350 rpm). Under this 

condition, the internal flow structure is relatively stable, and the moderate-to-high feed 

velocity ensures sufficient particle momentum, allowing particles to enter the main air-

flow channel smoothly. The suction pressure is appropriately set to establish a stable 

directional flow, which effectively guides target particles toward the designated outlet. 

In addition, the relatively low throwing roller speed suppresses excessive particle dis-

persion immediately after leaving the roller and weakens the additional local disturb-

ance introduced by the rotating component. This reduces cross-flow mixing inside the 

separator and helps maintain a clearer separation interface. As a result, stem particles, 

due to their greater inertia and density, tend to move toward the separation region and 

are reliably collected, while the entrainment of non-target particles is reduced. The 

overall gas-solid flow is therefore more organized, with a clearer separation interface 

and improved separation performance. 

The condition in Fig. 10(c) (feed velocity: 1.28 m/s, suction pressure: 5000 Pa, 

throwing roller speed: 500 rpm) is characterized by low outlet purity. Under this setting, 



the initial particle momentum is relatively low, making it difficult to overcome the sep-

aration trend caused by inertia differences. Moreover, insufficient suction pressure 

leads to weak primary airflow induction, resulting in both target and non-target particles 

following a short and mixed flow path without effective separation. The high throwing 

device speed induces additional turbulence and airflow recirculation, further disrupting 

the separation path and increasing particle mixing. Consequently, a significant amount 

of non-target particles are entrained in the target outlet, markedly reducing the outlet 

purity. 

Comparative analysis of these three representative cases shows that feed velocity, 

suction pressure, and throwing device speed significantly influence particle momentum 

transfer, gas–solid interface formation, and separation stability within the system. 

Achieving optimal separation performance requires a dynamic balance between particle 

momentum and airflow induction, ensuring effective alignment between high-purity 

target particle collection and efficient removal of non-target particles. 

3.2 Construction and Significance Analysis of the Re-

sponse Surface Model 

To further quantify the influence of process parameters on particle loss rate and 

outlet purity, and to provide a theoretical basis for optimization design, this study em-

ployed the Box–Behnken experimental design to perform multifactor simulation trials 

on the key influencing variables. Based on the Response Surface Methodology (RSM), 

regression models were developed. The significance of each factor was examined 

through analysis of variance (ANOVA), and the interaction patterns among critical pa-

rameters were visualized graphically, as detailed below. 



3.2.1 Regression Model Development 

Regression fitting of the simulation data was performed using Design-Expert 13 

software, and quadratic response models were constructed for particle loss rate and out-

let purity, respectively. The resulting regression equations are as follows: 

 
2 2 2

0.0376 - 0.16305 0.119775 0.126725 - 0.064775 - 0.080925
0.002625 0.4369625 0.2813625 - 0.0316375

L A B C AB AC
BC A B C

= + +

+ + +
 (19)

2 2 2

88.1069 8.0928625 0.3614375 1.25675 1.304725
0.41435 3.41805 1.8945375 5.5968625 1.3598625

P A B C AB
AC BC A B C

= + − − −

− + + − +
 (20) 

For the particle loss rate model, the coefficient of determination is R² = 0.9724, 

and the adjusted R² is R2Adj= 0.9227. For the outlet purity model, R² = 0.9397 and R2Adj 

= 0.8310. The differences between R² and R²ₐdⱼ in both models are less than 0.2, and 

the values are close to 1, indicating good model accuracy and high fitting quality. In 

addition, the Adequate Precision (signal-to-noise ratio) values for the two models are 

14.3475 and 10.2497, respectively—both substantially exceeding the threshold of 4—

demonstrating strong signal quality and reliable predictive ability. The consistency be-

tween the simulation results and the model predictions is high, with minimal deviation. 

Therefore, the developed RSM models are well-suited for response prediction and pro-

cess optimization under various operating conditions. 

3.2.2 Significance Analysis (ANOVA) 

As shown in Fig. 11, residual analysis revealed no outliers, indicating the absence 

of heteroscedasticity. Fig. 12 demonstrates a strong correlation between predicted and 

actual values, further confirming the model’s reliability and accuracy. 

The ANOVA results are presented in Tables 7 and 8. For the particle loss rate 

model, the F-value is 19.5616 with P < 0.01; for the “outlet purity” model, the F-value 

is 8.65 with P < 0.05. These results indicate that both models are statistically significant 

or highly significant overall. The lack-of-fit P-values for the two models are 0.0574 and 

0.2743, respectively, both of which are not significant, indicating that the models are 

well-fitted and statistically valid. 



Further analysis shows that, in the particle loss rate model, feed velocity (A), suc-

tion pressure (B), throwing device speed (C), and the quadratic terms A² and B² have 

significant effects on the response (P < 0.05). The order of influence is: feed velocity > 

throwing roller speed > suction pressure. In the “outlet purity” model, feed velocity (A) 

and the quadratic term B² are significant (P < 0.05), with feed velocity remaining the 

dominant influencing factor. The interaction term BC shows a noticeable influence, but 

it does not reach the 0.05 significance level.  

 
Fig. 11 Residual and fitted values of (a) particle loss rate model, (b) outlet purity model. 

 
Fig. 12 Comparison of actual and predicted values: (a) particle loss rate model, (b) outlet purity 

model. 
Table.7 Results of the variance analysis (ANOVA) of the particle loss rate model. 



Source 
Sum of 
Squares 

Degrees of 
Freedom 

(DF) 

Mean 
Square 

F-Value P-Value 
Signifi-
cance 

Model 1.4576 9 0.1612 19.5616 0.0022 ** 
A-Feed ve-

locity 
0.2127 1 0.2127 25.6886 0.0039 ** 

B- Suction 
pressure 

0.1148 1 0.1148 13.8622 0.0137 * 

C- Throw-
ing roller 

speed 
0.1285 1 0.1285 15.5176 0.0110 * 

AB 0.0168 1 0.0168 2.0271 0.2138  
AC 0.0262 1 0.0262 3.1640 0.1354  
BC 0.00003 1 0.00003 0.0033 0.9562  
A2 0.7050 1 0.7050 85.1520 0.0002 ** 
B2 0.2923 1 0.2923 35.3052 0.0019 ** 
C2 0.0037 1 0.0037 0.4464 0.5337  

Residual 0.0414 5 0.0082    

Lack of Fit 0.0398 3 0.0133 16.5885 0.0574 
not signifi-

cant 
Pure Error 0.0016 2 0.0008    
Cor Total 1.4990 14     

“**” represents highly significant (P < 0.01), and “*” represents significant (0.01 < P < 0.05). 

Table.8 Results of the variance analysis (ANOVA) of the ' outlet purity ' model. 

Source 
Sum of 
Squares 

Degrees of 
Freedom 

(DF) 

Mean 
Square 

F-Value P-Value 
Signifi-
cance 

Model 737.45 9 81.94 8.65 0.0143 * 
A-Feed ve-

locity 
523.96 1 523.96 55.31 0.0007 ** 

B- Suction 
pressure 

1.05 1 1.05 0.1103 0.7532  

C- Throw-
ing roller 

speed 
12.64 1 12.64 1.33 0.3003  

AB 6.81 1 6.81 0.7189 0.4352  
AC 0.6867 1 0.6867 0.0725 0.7985  
BC 46.73 1 46.73 4.93 0.0770  
A2 13.25 1 13.25 1.40 0.2900  
B2 115.66 1 115.66 12.21 0.0174 * 
C2 6.83 1 6.83 0.7208 0.4346  

Residual 47.36 5 9.47    



Source 
Sum of 
Squares 

Degrees of 
Freedom 

(DF) 

Mean 
Square 

F-Value P-Value 
Signifi-
cance 

Lack of Fit 38.25 3 12.75 2.80 0.2743 
not signifi-

cant 
Pure Error 9.11 2 4.56    
Cor Total 784.82 14     

“**” represents highly significant (P < 0.01), and “*” represents significant (0.01 < P < 0.05). 

3.3 Response Surface and Interaction Analysis 

3.3.1 Response Surface Analysis of the Particle Loss Rate Model 

Based on the developed regression model, three-dimensional response surfaces 

and contour plots were generated to illustrate the interactive effects of various factors 

on the particle loss rate, aiming to further elucidate the synergistic influence of key 

process parameters on system performance.  

As shown in Fig. 13, when the throwing device speed is held constant at 500 rpm, 

the interaction between feed velocity and suction pressure exhibits a distinct non-linear 

influence on the particle loss rate. As the feed velocity increases, the particle loss rate 

first decreases significantly, then slightly rises, showing an overall downward trend. In 

contrast, the effect of suction pressure on the loss rate demonstrates a pattern of initially 

slow decline followed by a gradual increase, resulting in an overall upward trend. The 

particle loss rate reaches a relatively minimum value when the feed velocity is 1.64 m/s 

and the suction pressure is 7100 Pa, indicating optimal separation performance under 

these conditions. 



 

Fig. 13 Response surface and contour plots of the interaction between feed velocity and suction 
pressure on particle loss rate. 

Figure 14 illustrates the interaction between feed velocity and throwing roller 

speed under a suction pressure of 7100 Pa. The results indicate that the particle loss rate 

first decreases and then increases with increasing feed velocity, exhibiting a typical "U-

shaped" trend. Meanwhile, the loss rate gradually increases with the rise in roller speed, 

suggesting that higher rotational speeds intensify particle disturbance and elevate the 

risk of mis-separation. When the feed velocity is 1.64 m/s and the throwing roller speed 

is 500 rpm, the system similarly achieves an optimal separation state. 

 



Fig. 14 Response surface and contour plots of the interaction between feed velocity and throwing 
device speed on particle loss rate. 

Figure 15 presents the influence of the interaction between suction pressure and 

throwing device speed on the particle loss rate at a feed velocity of 1.64 m/s. It can be 

observed that under lower throwing device speeds, the loss rate first decreases and then 

levels off with increasing suction pressure, indicating an optimal suction pressure range. 

However, as the throwing device speed continues to increase, the overall loss rate rises, 

implying that high speeds disturb the gas–solid separation interface. The minimum par-

ticle loss rate is achieved when the suction pressure is 7100 Pa and the throwing device 

speed is 500 rpm, representing the most favorable operating condition. 

 

Fig. 15 Response surface and contour plots of the interaction between suction pressure and throw-
ing device speed on particle loss rate. 

A comprehensive analysis of the three response surface plots reveals a significant 

synergistic effect between feed velocity and suction pressure. A well-matched combi-

nation ensures sufficient particle momentum while establishing a stable induced airflow, 

effectively guiding target particles along the desired trajectory. In contrast, the throwing 

device speed primarily affects the internal airflow structure and the intensity of particle 

disturbance. A moderate device speed helps maintain the stability of the separation in-

terface, preventing backflow or mis-separation of particles. Therefore, optimizing the 

combination of feed velocity and suction pressure, while maintaining the device speed 



within a reasonable range, is a key strategy to achieve low-loss and high-efficiency 

separation of target particles. 

3.3.2 Response Surface Analysis of the Outlet Purity Model 

Based on the established regression equations, three-dimensional response surface 

plots and contour maps were constructed to analyze how the interactions among various 

process parameters influence the outlet purity, thereby revealing the coupling effects of 

key factors on system purity. As shown in Figure 16, when the throwing roller speed is 

fixed at 500 rpm, the interaction between feed velocity and suction pressure has a no-

table impact on outlet purity. With the increase in feed velocity, outlet purity consist-

ently improves, indicating that a higher feed rate promotes the directional movement of 

target particles along the main airflow, thereby reducing impurity entrainment. The var-

iation in suction pressure exhibits a "first increasing, then decreasing" trend, suggesting 

that a moderate suction strength helps maintain a stable flow field and enhances control 

over the separation interface. When the feed velocity reaches 2.00 m/s and the suction 

pressure is 7100 Pa, the outlet purity reaches a relatively high level. 

 

Fig. 16 Response surface and contour plots of the interaction between feed velocity and suction 
pressure on outlet purity. 



Figure 17 illustrates the response surface of outlet purity under the interaction be-

tween feed velocity and throwing roller speed, with suction pressure maintained at 7100 

Pa. The results show that outlet purity steadily increases with higher feed velocity. In 

contrast, the effect of roller speed is relatively moderate, exhibiting only a slight upward 

trend. This suggests that while a higher roller speed may assist in the separation process, 

it is not the primary determining factor. The optimal outlet purity is achieved when the 

feed velocity is 2.00 m/s and the throwing roller speed is 500 rpm. 

 

Fig. 17 Response surface and contour plots of the interaction between feed velocity and throwing 
roller speed on outlet purity. 

Figure 18 shows the response surface for the interaction between suction pressure 

and throwing roller speed on outlet purity at a fixed feed velocity of 1.64 m/s. Overall, 

outlet purity slightly increases with increasing roller speed, while suction pressure ex-

hibits a "first increasing, then decreasing" trend. This indicates that suction intensity 

within a critical range can enhance effective separation of target particles, whereas ex-

cessive suction may induce backflow or turbulence, compromising separation precision. 

The optimal outlet purity is observed when suction pressure is 7100 Pa and throwing 

roller speed is 500 rpm. 



 

Fig. 18 Response surface and contour plots of the interaction between suction pressure and throw-
ing roller speed on outlet purity. 

Based on the analysis of all three response surface plots, feed velocity emerges as 

the dominant factor influencing outlet purity. Its variation directly determines the mo-

mentum conditions for target particles entering the designated path, thereby signifi-

cantly affecting outlet purity. Although suction pressure and throwing roller speed are 

not the primary contributors, they play an important synergistic role within specific 

ranges by stabilizing the internal flow field, guiding particle trajectories, and minimiz-

ing misclassification or mixing. Therefore, achieving high outlet purity depends on not 

only enhancing feed momentum but also appropriately tuning suction intensity and 

roller speed to optimize particle trajectory distribution and separation interface stability. 

These findings provide theoretical support and parameter guidance for subsequent 

multi-objective optimization and separator process control. 

Taken together, the response surface results indicate that the optimal operating re-

gion is characterized by a relatively high feed velocity, a moderate suction pressure, 

and a low throwing roller speed. A higher feed velocity within an appropriate range 

improves the initial momentum of particles and facilitates their entry into the main sep-

aration pathway. However, excessively high feed velocity may increase inertial pene-

tration and weaken airflow guidance. Similarly, suction pressure must be high enough 



to establish a stable induced airflow field, but excessive suction may intensify local 

entrainment and disturb the separation interface. By contrast, a lower throwing roller 

speed is favorable because it reduces additional disturbances introduced by the rotating 

component, suppresses cross-flow mixing, and helps maintain a clearer and more stable 

separation interface. This combined trend is consistent with the final optimal parameter 

combination obtained from the multi-objective optimization. 
 

4. Multi-objective Optimization 

4.1 Optimization Process 

Figure 19 illustrates the multi-objective optimization workflow employed in this 

study. First, three key process parameters—feed velocity, suction pressure, and throw-

ing roller speed—were selected as design variables due to their significant influence on 

separation performance. A Box-Behnken design was applied to perform CFD-DDPM 

numerical simulations within the defined parameter ranges, and the corresponding re-

sponse indicators were collected. Based on these results, a second-order regression 

model was developed using the Response Surface Methodology (RSM) in the form of 

coded variables. 

Analysis of variance (ANOVA) was then performed to evaluate the significance 

of the regression model, ensuring robust statistical correlation and predictive accuracy. 

Furthermore, three-dimensional response surface plots were analyzed to investigate the 

interactions and synergistic effects among the process parameters. 

Based on the regression model expressed in terms of actual variables, a multi-

objective optimization system was constructed. The Non-dominated Sorting Genetic 

Algorithm II (NSGA-II) was employed to optimize the objective functions, aiming to 

simultaneously maximize outlet purity and minimize the particle loss rate. This process 

yielded a set of Pareto-optimal solutions, reflecting the trade-offs between the compet-

ing objectives. 



To identify the most favorable parameter combination from the Pareto-optimal so-

lution set, a hybrid decision-making model combining the entropy weight method and 

TOPSIS was employed. The entropy method objectively determined the weights of 

each evaluation criterion, while TOPSIS calculated the relative closeness of each solu-

tion to the ideal outcome. This approach facilitated the identification of optimal process 

parameters, providing both theoretical guidance and practical support for controlling 

the separation system. 

 
Fig. 19 Flowchart of the multi-objective optimization process. 

4.2 Global Optimization via NSGA-II 

The NSGA-II optimization process, illustrated in Figure 20, consists of the fol-

lowing six main steps: 

(1) The process begins with population initialization, where design variables are 

sampled using the Latin Hypercube Design method. The objective functions 

are evaluated via a surrogate model based on Response Surface Methodology 

(RSM) to reduce computational cost. 

(2) Each solution undergoes fast non-dominated sorting and crowding distance 

calculation to determine its Pareto rank and distribution density. 



(3) During the genetic operation phase, binary tournament selection is employed 

to select parent solutions based on their Pareto rank and crowding distance. 

The selected parents then undergo Simulated Binary Crossover (SBX, distri-

bution index η_c=15) and polynomial mutation (probability p_m=1/dim) to 

generate offspring. 

(4) The newly generated offspring are evaluated and then combined with the par-

ent population. 

(5) The mixed population is trimmed to size N using an elitist selection strategy, 

and the generation counter is incremented (Gen = Gen + 1). 

(6) The loop terminates when one of the following conditions is met: the maxi-

mum generation number G_max = 500 is reached, or the hypervolume im-

provement rate remains below 0.1% for 50 consecutive generations. The final 

Pareto-optimal solution set is then used for decision analysis. 

 
Fig. 20 Flow chart of NSGA-II algorithm 

In the response surface modeling phase, all design parameters were normalized to 

the range of [−1, 1] using coded variables to enhance numerical stability and facilitate 

visualization of variable interactions. However, for the subsequent NSGA-II-based 

multi-objective optimization, the regression equations needed to be converted back into 

their actual-variable form to ensure accurate computation of objective functions within 



the real design space. Therefore, the coded variables were transformed into actual var-

iables using standard linear transformation equations before optimization. The actual-

variable equations are as follows: 
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In these equations, Y1 and Y2 correspond to the actual-variable forms of the coded 

variables L and P, respectively, while x1, x2, and x3 represent the actual values of the 

coded variables A, B, and C. 

Based on the above regression analysis, the multi-objective optimization problem 

for the particulate separation process parameters can be formulated as follows: 

 

⎩
⎪
⎨

⎪
⎧

 𝑚𝑚𝑚𝑚𝑚𝑚 𝑌𝑌1 = 𝑓𝑓 Loss Rate(𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3)
𝑚𝑚𝑚𝑚𝑚𝑚 𝑌𝑌2 = 𝑓𝑓Outlet Purity(𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3)

  s. 𝑡𝑡.     1.28 ≤ 𝑥𝑥1 ≤ 2.00𝑚𝑚/𝑠𝑠
          7100 ≤ 𝑥𝑥2 ≤ 9200Pa
         350 ≤ 𝑥𝑥3 ≤ 650rpm

 (23) 

The multi-objective optimization model described in Equation (24) was solved 

using the NSGA-II algorithm implemented in MATLAB. The algorithm parameters 

were set as follows: an initial population size of 50, a maximum of 500 generations, a 

crossover probability of 0.9, and a mutation probability of 0.1. The resulting Pareto-

optimal front is illustrated in Figure 21. To further examine the distribution character-

istics of the Pareto solutions within the design space, Figure 22 illustrates the variation 

of each design variable among the optimal solutions, providing insights into variable 

sensitivity and their synergistic trends with respect to the optimization objectives. 



0.00 0.02 0.04 0.06 0.08 0.10

98.0

98.5

99.0

99.5

100.0  Pareto front

O
ut

le
t P

ur
ity

(%
)

Tobacco Shred Loss Rate(%)
 

Fig. 21 Pareto Front Diagram. 
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(c) 
Fig. 22. Distribution of design variables among the Pareto-optimal solutions. 



To verify the distribution characteristics and advantages of the Pareto-optimal so-

lutions, a comparative analysis was conducted, as shown in Fig. 23, against valid sam-

ples randomly generated within the feasible domain. In the figure, red dots represent 

Pareto front solutions obtained via the NSGA-II algorithm based on the response sur-

face model, while black dots correspond to randomly feasible solutions generated 

through Latin Hypercube Sampling. The comparison indicates that the Pareto solutions 

provide a superior trade-off between the objective functions Y₁ and Y₂, demonstrating 

the effectiveness of the optimization algorithm in addressing multi-objective design 

problems. 

From a computational perspective, the dominant cost of the present framework 

lies in the CFD-DDPM simulations used to generate the response-surface dataset, rather 

than in the subsequent optimization procedure itself. In the present study, this compu-

tational burden was controlled by adopting a two-dimensional model, a parcel-based 

DDPM formulation, and a Box–Behnken design requiring only 15 representative sim-

ulation cases. In addition, a mesh with 23,609 cells was selected as a compromise be-

tween computational efficiency and numerical accuracy after mesh-independence ver-

ification. After the regression models were established, the NSGA-II search and the 

subsequent EWM-TOPSIS decision analysis were performed on the surrogate models 

rather than through repeated direct CFD evaluations. Therefore, compared with a fully 

CFD-coupled iterative optimization strategy, the additional computational cost of the 

optimization stage was relatively low. Although the absolute wall-clock time depends 

on hardware configuration and solver settings, the present modeling–optimization 

framework provides a computationally feasible approach for engineering-scale param-

eter optimization. For larger-scale industrial applications or more complex geometries, 

further efficiency improvement could be achieved through parallel computation and 

case-specific surrogate updating. 
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Fig. 23 Comparison between Pareto-optimal solutions and valid random samples. 

4.3 Evaluation Method Based on EWM-TOPSIS 

To further evaluate and perform decision analysis on the set of Pareto-optimal so-

lutions, a multi-objective evaluation model based on the Entropy Weight Method and 

Technique for Order Preference by Similarity to Ideal Solution (EWM-TOPSIS) was 

constructed. This model was used to quantitatively rank 50 representative individuals 

on the Pareto front (i.e., 50 optimized design schemes) and identify the optimal solution. 

The entropy weight method is an objective weighting technique based on information 

entropy theory. It determines the weight of each evaluation criterion according to its 

variability in the decision matrix, thereby effectively reducing the influence of subjec-

tive human bias. The TOPSIS method identifies positive and negative ideal solutions 

and evaluates each alternative by calculating its Euclidean distance to these ideals. The 

relative closeness to the ideal solution (closeness coefficient) is then used to rank the 

quality of the alternatives. 

By combining the two methods, the EWM-TOPSIS approach not only reflects the 

objective influence of each response metric on the target function but also enhances the 

scientific rigor and accuracy of multi-objective decision-making. The key steps include 

constructing a dimensionless normalized decision matrix, calculating the entropy and 



weight of each criterion, building a weighted normalized matrix, determining the posi-

tive and negative ideal solutions, computing the distance from each scheme to the ideal 

solutions, and calculating the closeness coefficient to identify the optimal design con-

figuration. This method has been widely applied in multi-criteria optimization scenarios 

due to its strong adaptability and practical effectiveness. The detailed equations are as 

follows: 

(1) Construction of the Original Evaluation Matrix 

The evaluation indicators of 50 optimal ratio schemes from the Pareto front are 

defined as the original evaluation matrix, expressed as: 

 50 2[ ] ( 1,...,50; 1,2)ija i j×= = =A  (24) 

Where A is the original evaluation matrix, and ija  represents the value of the j-

th evaluation indicator for the i-th optimization scheme. 

(2) Normalization 

The matrix A is dimensionlessly normalized to scale all indicators. The normali-

zation formulas for different types of indicators (where outlet purity is a positive 

indicator and particle loss rate is a negative indicator) are shown in Equations (26) 

and (27), respectively. 

Positive indicator: 
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Negative indicator: 
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The resulting normalized matrix is denoted as 50 2[ ]ijb ×=B  

(3) Determination of Entropy Weights of Evaluation Indicators 
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The objective weights of each evaluation indicator in the Pareto front are calcu-

lated. The results are shown in Table 9. 

Table 9 Information entropy and entropy weight of each evaluation index 

Evaluation indicator Information entropy Entropy weight 
Y1(L) 0.99475 0.50644 
Y2(P) 0.99488 0.49356 

(4) Construction of the Weighted Decision Matrix 

 ij j ijc w b= ×  (30) 

The weighted decision matrix is denoted as 50 2[ ]ijc ×=C  

(5) Determination of the Positive and Negative Ideal Solutions 

 ( )1 2max ,maxi ii i
c c+ =C  (31) 

 ( )1 2min ,mini ii i
c c− =C  (32) 

(6) Calculation of Euclidean Distances from Each Scheme to the Positive and 

Negative Ideal Solutions 

 2 2
1 1 2 2( ) ( )i i iD c c c c+ + += − + −  (33) 

 2 2
1 1 2 2( ) ( )i i iD c c c c− − −= − + −  (34) 

(7) Calculation of the Relative Closeness Coefficient 

 i
i

i i
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D D

−

+ −=
+

 (35) 

Where iC  is the relative closeness coefficient of the i-th optimization scheme. A 

value closer to 1 indicates a better overall evaluation performance. 

(8) Selection of the Optimal Solution 

 
1 50

Optimal solution arg  max  ii
C

≤ ≤
=  (36) 

To evaluate the overall performance of each solution, the relative closeness of the 

Pareto optimal solutions to the ideal solution was calculated, as shown in Fig. 24. This 



closeness coefficient comprehensively considers both the particle loss rate and outlet 

purity, objectively reflecting how close each solution is to the ideal one. As illustrated 

in Fig. 24, Solution 22 exhibits the highest closeness coefficient and is the nearest to 

the ideal solution, indicating superior overall performance. Therefore, it is selected as 

the optimal operational scheme. Fig. 25 depicts the location of this optimal solution on 

the Pareto front. Under these operating conditions, the particle loss rate (L) is 0.0387%, 

the outlet purity (P) is 98.9189%, and the corresponding design parameters are a feed 

velocity of 1.89 m/s, suction pressure of 6539 Pa, and throwing device speed of 350 rpm. 
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Fig. 24 Relative closeness of each program. 
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Fig. 25 Decision alternative. 

To validate the accuracy of the optimization model, a numerical simulation was 

conducted under the optimal operating conditions, and the results were compared with 

the predicted values. As shown in Table 10 and Figure 26, the relative errors for the 

particle loss rate and outlet purity were 1.808% and 0.314%, respectively, validating 

the reliability and practical applicability of both the regression model and the optimi-

zation method. 

Table 10. Optimization Results Validation. 

Test Condi-
tions 

X1（m/s） X2（Pa） X3（rpm） 
Y1（particu-
late loss rate 

/%） 

Y2（Outlet 
Purity/%） 

Predicted 1.89 6539 350 0.0387 98.9189 
Simulated 1.89 6539 350 0.0394 98.6093 

Relative Er-
ror/% 

   1.808 0.314 
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Fig. 26 Comparison of predicted and simulated results with relative errors. 

A comprehensive analysis indicates that the optimized parameter combination cor-

responds to a balanced operating state located within the favorable region identified by 

the response surface analysis, namely a relatively high feed velocity, a moderate suction 

pressure, and a low throwing roller speed. Specifically, the feed velocity of 1.89 m/s 

provides sufficient initial momentum for particles to enter the main separation pathway, 

while avoiding excessive inertial penetration that would weaken the guidance effect of 



the airflow and increase the risk of misclassification. The suction pressure of 6539 Pa 

helps establish a stable directional induced airflow field, which enhances selective par-

ticle transport and maintains a clearer separation interface, while avoiding the excessive 

entrainment that may occur at higher suction levels. Meanwhile, the relatively low 

throwing roller speed of 350 rpm suppresses excessive particle dispersion immediately 

after leaving the roller, weakens the additional local disturbance introduced by the ro-

tating component, and reduces cross-flow mixing inside the separator. Within the 

DDPM framework, these combined effects improve particle transport stability, reduce 

non-target entrainment, and help maintain a clearer gas–solid separation interface. As a 

result, the optimized condition simultaneously achieves a very low particle loss rate and 

a high outlet purity. 

5. Conclusions 

Based on the CFD-DDPM gas–solid two-phase flow model and multi-objective 

optimization framework, this study systematically analyzed flow field characteristics 

and particle separation behavior within a high-concentration particulate separation sys-

tem. The key findings are summarized as follows: 

(1) The developed SST k-ω turbulence model combined with the Dense Discrete 

Phase Model (DDPM) accurately captured the gas–solid flow characteristics 

within the separator. Experimental validation showed an error margin within 

5.0%, confirming the model’s capability in predicting both particle trajectories 

and flow structures. 

(2) A total of 15 simulation runs were conducted based on the Box–Behnken de-

sign, yielding two quadratic regression response surface models. The coeffi-

cients of determination (R²) were 0.9724 and 0.9397, and the adjusted R² val-

ues were 0.9227 and 0.8310, respectively—both close to 1. The adequate pre-



cision ratios were significantly higher than the threshold values, and the pre-

diction errors remained within acceptable limits, indicating the models’ suita-

bility for optimization and operating condition forecasting. 

(3) Analysis of main and interaction effects showed that feed velocity, suction 

pressure, and throwing roller speed jointly influence particle loss rate and out-

let purity, with feed velocity being the dominant factor for both responses. For 

outlet purity, feed velocity and the quadratic effect of suction pressure were 

identified as the major statistically significant terms, whereas the interaction 

between suction pressure and throwing roller speed played a secondary role 

within the investigated range. 

(4) A multi-objective optimization problem was formulated using regression mod-

els based on actual variables. The Non-dominated Sorting Genetic Algorithm 

II (NSGA-II) was employed to simultaneously minimize particle loss rate and 

maximize outlet purity. A set of Pareto-optimal solutions representing different 

trade-offs was obtained, and their distribution and evolutionary characteristics 

within the design variable space were analyzed. 

(5) A comprehensive evaluation and ranking of 50 Pareto-optimal solutions were 

conducted using the entropy weight method combined with the TOPSIS ap-

proach. The optimal operating parameters were identified as a feed velocity of 

1.89 m/s, suction pressure of 6539 Pa, and throwing device speed of 350 rpm, 

corresponding to predicted values of a particle loss rate of 0.0387% and an 

outlet purity of 98.9189%, indicating the best overall performance. Validation 

simulations confirmed errors below 5%, verifying the reliability of the model 

for parameter selection and separator performance improvement. 
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