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ABSTRACT  

To improve the accuracy and stability of discrete element method (DEM) parameter calibration for soybean 

seeds under sowing conditions, a soybean seed DEM model was established in EDEM based on the intrinsic 

mechanical properties of seeds at sowing-stage moisture content. Free-fall collision, inclined-plane sliding, 

and inclined-plane rolling tests were conducted to determine the initial ranges of the seed–material contact 

parameters. The experimentally measured angle of repose (23.02°) was selected as the calibration index 

because it reflects the bulk flowability and inter-particle interaction behavior of soybean seeds. A steepest 

ascent test was first used to identify the sensitive inter-particle contact parameters, after which response 

surface methodology (RSM) and a GA-BP-GA framework were employed for optimization. The optimal 

parameter combination consisted of a coefficient of restitution of 0.27, a static friction coefficient of 0.23, and 

a rolling friction coefficient of 0.056, yielding a simulated angle of repose of 22.35° with a relative error of 

2.91%, lower than that obtained by RSM alone (4.39%). Bench tests further confirmed the reliability of the 

calibrated model and parameters. 

 

摘要 

为提高播种工况下大豆种子离散元法（DEM）参数标定的精度与稳定性，基于播种期含水率条件下大豆种子

的本征力学特性，在 EDEM 中建立了大豆种子离散元模型。通过自由落体碰撞试验、斜面滑动试验和斜面滚

动试验，确定了种子–材料接触参数的初始取值范围。将试验测得的堆积角（23.02°）作为标定指标，因为其

能够反映大豆种子的群体流动性和颗粒间相互作用行为。首先采用最陡爬坡试验识别敏感的颗粒间接触参数，

随后结合响应面法（RSM）和 GA-BP-GA 框架进行优化。最优参数组合为恢复系数 0.27、静摩擦系数 0.23 和

滚动摩擦系数 0.056，对应的仿真堆积角为 22.35°，相对误差为 2.91%，低于仅采用 RSM 时的 4.39%。台架

试验进一步验证了所标定模型及参数的可靠性。 

 

INTRODUCTION 

 Soybean is an important grain-and-oil crop with high nutritional and economic value (Li, 2020). In recent 

years, the increasing demand for soybean has placed higher requirements on the efficiency and precision of 

mechanized sowing. However, the relatively low level of mechanized production still constrains the 

development of the soybean industry (Hu et al., 2022; Ni et al., 2019). Although extensive studies have been 

conducted on pneumatic seed-metering devices (Jia et al., 2018), most have focused on general-purpose 

designs, while relatively limited attention has been paid to the motion behavior of soybean seeds during the 

seed-metering process. Therefore, accurate calibration of the DEM contact parameters of soybean seeds is 

essential for revealing their motion characteristics during seed metering and for improving the design and 

performance of pneumatic soybean seed-metering devices. 

 With the rapid development of numerical simulation technology, the discrete element method (DEM) has 

become an important tool for studying the contact behavior and motion characteristics of agricultural granular 

materials (Wu et al., 2024; Cundall & Strack, 1979; Maraveas et al., 2025; Yan et al., 2022). Existing studies 

have carried out DEM parameter calibration for various crop seeds, including rice (Liu et al., 2019), maize 

(Wang et al., 2016), wheat (Liu et al., 2016), and mung bean (Zhang et al., 2022).  
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 However, research on DEM contact parameter calibration for soybean seeds under sowing-stage 

moisture conditions remains limited. Most available soybean-related parameters were obtained under 

harvesting (Shu et al., 2022), threshing, or cleaning conditions (Wang et al., 2023; Yu et al., 2015), which differ 

significantly from the sowing process in terms of seed moisture state and contact environment. Since the 

contact behavior and bulk flow characteristics of soybean seeds are highly sensitive to moisture content, these 

parameters cannot be directly applied to the simulation of sowing processes (Ahmad et al., 2021; Gao et al., 

2012; Tang et al., 2016). Therefore, it is necessary to calibrate the DEM contact parameters of soybean seeds 

under actual sowing-stage moisture conditions to improve the reliability of soybean seed simulation. 

 At present, response surface methodology (RSM) is commonly used for DEM parameter calibration 

because of its clear experimental design and effectiveness in factor screening and preliminary optimization. 

However, when the system response exhibits strong nonlinear characteristics, a single response surface 

model may be insufficient to accurately describe the complex relationship between contact parameters and 

macroscopic response indices. In contrast, intelligent optimization methods combining genetic algorithms and 

neural networks provide stronger nonlinear fitting and global search capability, making them more suitable for 

multivariable coupled problems. Therefore, in this study, RSM was first employed to determine the sensitive 

parameter ranges and obtain preliminary solutions, and a GA-BP-GA method was further introduced for 

inverse optimization to improve the accuracy, stability, and reliability of the DEM parameter calibration results 

(Ding et al., 2023). 

 In this study, the physical and intrinsic mechanical properties of soybean seeds under sowing 

conditions were first measured, and a discrete element model of soybean seeds was then established. Free-

fall collision, inclined-plane sliding, inclined-plane rolling, and angle-of-repose tests were conducted to 

determine the initial parameter ranges and calibrate the contact parameters. A steepest ascent design and a 

quadratic orthogonal rotary combination design were employed to optimize the inter-particle parameters, and 

the GA-BP-GA method was further introduced for inverse optimization and comparative analysis. Finally, 

bench experiments using a pneumatic soybean seed-metering device were carried out to validate the reliability 

of the developed DEM model and the calibrated parameter set. 

 

MATERIALS AND METHODS 

Soybean seeds and determination of physical and intrinsic mechanical properties 

 The shape and size of soybean seeds have an important influence on the seed pickup performance of 

pneumatic seed-metering devices. To obtain accurate geometric parameters for DEM modeling, the three 

principal dimensions of soybean seeds were measured in this study. A soybean cultivar commonly grown in 

the Huang–Huai–Hai Plain of China was selected as the test material (Liu & Yin, 2016). A total of 100 soybean 

seeds were randomly selected for measurement. The seed length (𝐿), width (𝑊), and thickness (𝐻) were 

measured using a digital vernier caliper with an accuracy of 0.01 mm. Based on these measurements, the 

equivalent diameter ( 𝑑 ) and sphericity ( 𝜑 ) of soybean seeds were calculated using Eqs. (1) and (2), 

respectively. These parameters were used to characterize the overall size and shape of soybean seeds and 

to provide a basis for subsequent DEM particle model construction and simplification. 

𝑑 = √𝐿𝑊𝐻
3

                  (1) 

𝜑 =
√𝐿𝑊𝐻
3

𝐿
× 100% (2) 

 The mass of soybean seeds was measured using an MHZ2001A electronic balance with an accuracy 

of 0.01 g. Each measurement was repeated ten times. Seed density was determined by the liquid displacement 

method. In each test, 50 soybean seeds were weighed and then placed into a 100 mL graduated cylinder 

containing 50 mL of distilled water. After the seeds were fully submerged and no visible air bubbles remained, 

the displaced liquid volume was recorded (Yang, 2024). Each test was repeated ten times, and the average 

value was used for subsequent calculation. The seed density (𝜌) was calculated as follows: 

𝜌 =
𝑀

𝑉
(3) 

where：𝑀 is the mass of the soybean seeds (g)；𝑉 is the volume of liquid displaced by the soybean seeds 

(cm³). 

 The intrinsic mechanical properties of soybean seeds mainly include Poisson’s ratio, elastic modulus, 

and shear modulus (Elskamp et al., 2017). Poisson’s ratio (𝜇) is defined as the ratio of transverse strain to 

axial strain under uniaxial compression and is used to characterize the lateral deformation behavior of soybean 
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seeds. Uniaxial compression tests were conducted using a universal testing machine with a rated load of 5 kN 

and a compression platen diameter of 100 mm. Prior to testing, the relevant seed dimensions were measured 

using a digital vernier caliper with an accuracy of 0.01 mm, and the seeds were then placed on the testing 

platform. The loading speed was set to 5 mm·min-1. During the test, the universal testing machine was 

connected to a computer for real-time acquisition of load and deformation data, and the corresponding load–

deformation curves were generated automatically. After compression, the seed dimensions were measured 

again. The experiment was repeated five times, and the average values were used for subsequent calculation 

and analysis. 

 Poisson’s ratio was calculated as follows: 

𝜇 =
𝜀′

𝜀
=

(𝑏 − 𝐵′)/𝐵′

(𝐿′ − 𝑙)/𝐿′
(4) 

where：𝜇 is the Poisson’s ratio of the seed; 𝜇′ is the transverse strain of the seed; 𝜀 is the axial strain of the 

seed; 𝐿′ and  𝑙 are the seed length before loading and at fracture, respectively; and 𝐵′ and 𝑏 are the seed 

width before loading and at fracture, respectively. 

 The elastic modulus was calculated as follows 

𝐸 =
0.338𝐹(1 − 𝜇2)

𝐷
3
2

[𝐾𝑈 (
1

𝑅𝑈

+
1

𝑅𝑈
′ )

1
3

+ 𝐾𝐿 (
1

𝑅𝐿

+
1

𝑅𝐿
′ )

1
3

]

3
2

(5) 

where：𝐸 is the elastic modulus of the soybean seed (MPa); 𝐹 is the load applied to the soybean seed (N); 𝐷 

is the deformation of the soybean seed (mm); 𝜇 is the Poisson’s ratio of the soybean seed; 𝑅𝑈, 𝑅𝑈
′  and 𝑅𝐿 , 𝑅𝐿

′  

are the radii of curvature at the contact points between the upper surface of the soybean seed and the upper 

platen, and between the lower surface of the soybean seed and the lower base plate, respectively (mm); 

and 𝐾𝑈, 𝐾𝐿 the curvature coefficient. 

 The shear modulus was calculated as follows: 

𝐺 =
𝐸

2(1 + 𝜇)
(6) 

where: 𝐺 is the shear modulus of the soybean seed (Pa). 

 

Construction of the DEM particle model and selection of the contact model 

 The discrete element method (DEM) is a numerical approach based on Newton’s laws of motion and is 

widely used to simulate the mechanical behavior of discrete particulate systems. Considering that soybean 

seeds generally exhibit an ellipsoidal shape, a multi-sphere clumping method was adopted to approximate 

their geometric morphology (Zhang et al., 2022). Based on the measured distributions of the three principal 

dimensions of soybean seeds, a three-dimensional geometric model was constructed using SolidWorks 

software and subsequently imported into EDEM 2023 for discrete element simulation analysis. On this basis, 

three simplified soybean particle models with different configurations were established, and their structural 

schematics are shown in Fig. 1. Taking both computational efficiency and shape fidelity into consideration, a 

clumped-sphere model composed of 12 spheres was adopted for the subsequent simulations as a compromise 

between geometric representation and computational cost. 

                                              
(a) Three-sphere clumped model;  (b) Twelve-sphere clumped model; (c) Multi-sphere clumped model 

Fig. 1 – Discrete element models of soybean seeds 

 

 During the discrete element simulations, contact interactions occurred not only among particles but 

also between particles and the material surfaces of the seed-metering device. To more accurately describe 

the force state and motion characteristics of soybean seeds within the seed-metering system, Somos 8000 
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resin and stainless steel were selected as representative contact materials, and their main physical properties 

are listed in Table 1 (Wang et al., 2022).  

 Considering the relatively smooth surfaces of soybean seeds and the contact materials, the Hertz-

Mindlin (no-slip) contact model was adopted in the EDEM simulations to calculate both particle-particle and 

particle-material contact behaviors, thereby providing a closer representation of the actual contact mechanics. 

Table 1   

Simulation parameters of contact materials 

Material Parameter Value 

Stainless steel 

Density (kg·m⁻³) 

Poisson’s ratio 

Shear modulus / Pa 

7980 

0.30 

7.91010 

Somos 8000 resin 

Density (kg·m⁻³) 1454.7 

Poisson’s ratio 0.35 

Shear modulus / Pa 1.2108 

 

Experimental methods for determining seed-material contact parameters 

Coefficient of restitution test 

 The normal coefficient of restitution between soybean seeds and material surfaces was determined 

using a free-fall collision test. During the test, a single soybean seed was released from a height of H = 150 

mm above the material plate and allowed to fall freely under gravity. After impacting the material surface, the 

seed rebounded upward. The entire process was recorded using a high-speed camera, and the maximum 

rebound height (ℎ) was measured. A schematic illustration of the experimental setup is shown in Fig. 2. The 

coefficient of restitution (𝑒) is defined as the ratio of the normal separation velocity to the normal approach 

velocity at the contact point during collision. According to the kinematic relationship of free fall and rebound, 

the coefficient of restitution can be calculated as follows: 

𝑒 =
𝑣1

𝑣0

=
√2𝑔ℎ

√2𝑔𝐻
= √

ℎ

𝐻
(7) 

where：𝑒 is the coefficient of restitution, 𝑣1 is the normal separation velocity after collision, 𝑣0 is the normal 

approach velocity before collision, ℎ is the maximum rebound height, 𝐻 is the initial drop height, and 𝑔 is the 

gravitational acceleration. 

 Each physical experiment was repeated ten times for both Somos 8000 resin and stainless steel 

surfaces. To determine the effective coefficient of restitution used in the DEM simulations, numerical tests 

were further conducted following the same collision procedure. In the simulations, all contact parameters other 

than the coefficient of restitution were set to zero. The simulation coefficient of restitution (𝑒𝑥) was taken as the 

test factor, and the rebound height was used as the evaluation index. The value of 𝑒𝑥was varied from 0.1 to 

0.8 with an interval of 0.1. Each simulation condition was repeated ten times, and the average value was used 

for subsequent analysis. 

                              
Fig. 2 – Experimental setup for calibration of the coefficient of restitution 

 

Static friction coefficient test 

 The static friction coefficient between soybean seeds and material surfaces was determined using the 

inclined-plane sliding method (Lima et al., 2021). The experimental setup is shown in Fig. 3. When a soybean 

seed remains at rest on an inclined plane with an inclination angle of 𝛼, the gravitational force can be resolved 

into a component parallel to the plane and a normal component perpendicular to the plane. As the inclination 

angle gradually increases, the tangential component of gravity acting along the plane also increases.  
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When this component reaches the maximum static friction force, the seed begins to slide relative to the inclined 

surface. The static friction coefficient can then be calculated as follows: 

𝜇𝑓 =
𝐹𝑓

𝐹𝑁

=
𝑚𝑔sin𝛼

𝑚𝑔cos𝛼
= tan𝛼 (8) 

where：𝜇𝑓 is the static friction coefficient, 𝐹𝑓 is the static friction force, 𝐹𝑁 is the normal force, 𝑚 is the seed 

mass, 𝑔 is the gravitational acceleration, and 𝛼 is the critical inclination angle at which sliding occurs. 

 During the experiment, soybean seeds were placed on an inclined plane rigidly connected to the target 

contact material, and the inclination angle was increased gradually at a constant rate. When the initial sliding 

of the soybean seed occurred, the corresponding inclination angle was recorded. For each contact material, 

the test was repeated ten times, and the average value was used for subsequent analysis. To determine the 

effective static friction coefficient used in the DEM simulations, numerical tests were further carried out 

following the same sliding procedure. In the simulations, the static friction coefficient was taken as the test 

factor, while the critical inclination angle was used as the evaluation index. The simulation results were used 

for subsequent fitting and parameter calibration. 

      
Fig. 3 – Experimental setup for static friction coefficient calibration 

 

Rolling friction coefficient test 

 The rolling friction coefficient between soybean seeds and material surfaces was determined using the 

inclined-plane rolling method, as shown in Fig. 4 (Zhang et al., 2022). In the test, the inclined plane was fixed 

at an inclination angle of 𝛽, and a single soybean seed was released from rest at the upper end of the plane. 

The seed rolled down the inclined plane for a distance 𝑆 and then entered a horizontal surface, where its kinetic 

energy gradually dissipated due to rolling friction. The seed continued to roll on the horizontal surface for a 

distance 𝐿 before coming to rest. 

𝑚𝑔𝑠𝑖𝑛𝛽 = 𝑚𝑔(𝑆𝑐𝑜𝑠𝛽 + 𝐿)𝜇𝑠 (9) 

where：𝜇𝑠 is the rolling friction coefficient, 𝛽 is the inclination angle of the plane, 𝑆 is the rolling distance on 

the inclined plane, and 𝐿 is the rolling distance on the horizontal surface. 

 Because soybean seeds have an ellipsoidal shape rather than that of an ideal sphere, excessively large 

values of 𝛽  or 𝑆  may induce bouncing during rolling and thus reduce measurement accuracy, whereas 

excessively small values may reduce the resolution of the test. Based on preliminary trials, the inclination angle 

𝛽 was set to 20°, and the rolling distance 𝑆 was set to 300 mm. During the experiment, a single soybean seed 

was released from rest at the upper end of the inclined plane, and the horizontal rolling distance 𝐿 was 

recorded after the seed came to rest. Each test condition was repeated ten times, and the average value was 

used for subsequent analysis. 

 To determine the effective rolling friction coefficient used in the DEM simulations, numerical tests were 

further carried out following the same rolling procedure. In the simulations, the calibrated coefficient of 

restitution and static friction coefficient were predefined, while the rolling friction coefficient was taken as the 

test factor. The rolling friction coefficient was varied from 0.01 to 0.10 with an interval of 0.01, and the horizontal 

rolling distance was used as the evaluation index for subsequent fitting and parameter calibration. 

 

   
Fig. 4 – Experimental setup for rolling friction coefficient calibration 
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Angle-of-repose test and image-processing method 

 The angle of repose of soybean seeds is affected by their geometric characteristics and contact 

properties. In this study, the bottomless-cylinder method was used to determine the angle of repose of soybean 

seeds. Considering the dimensional characteristics of the seeds, a hollow cylindrical container with an outer 

diameter of 70 mm, an inner diameter of 66 mm, and a height of 250 mm was used. The base plate was a 

square flat plate with a side length of 300 mm. The experimental apparatus was fabricated from stainless steel 

and Somos 8000 resin, both with a thickness of 2 mm. The corresponding physical and simulation setups are 

shown in Fig. 5. All angle-of-repose tests were conducted at a seed moisture content of 13.79% (w.b.). During 

the test, the cylinder was filled with soybean seeds and then lifted vertically at a constant speed, allowing the 

seeds to discharge freely from the bottom opening and form a stable particle pile on the base plate. Each test 

was repeated ten times, and the average value was used for subsequent analysis. 

    
Fig. 5 – Experimental setup for the angle of repose test 

 

 After the angle-of-repose tests, images of the particle pile were processed using MATLAB, as shown in 

Fig. 6. First, the original images were converted to grayscale and then binarized to extract the contour of the 

pile. Subsequently, the edge information of the binary images was obtained, and linear fitting was performed 

based on the boundary points. The angle between the fitted line and the horizontal plane was taken as the 

measured angle of repose, denoted by (𝜃). 

.  

(a) grayscale and binarization                              (b) edge extraction 

 

 
(c) linear fitting 

Fig. 6 – Image processing procedure for angle of repose measurement using MATLAB 
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Steepest ascent experiment and RSM design 

 To determine appropriate ranges for the inter-particle contact parameters, a steepest-ascent 

experimental design was first conducted in EDEM. Based on the previously calibrated contact parameters 

between soybean seeds and Somos 8000 resin, the inter-particle coefficient of restitution (𝑒), static friction 

coefficient (𝜇𝑓), and rolling friction coefficient (𝜇𝑟) were selected as the investigated factors. Among them, the 

static friction coefficient and rolling friction coefficient were considered the major factors affecting the piling 

behavior of soybean seeds. The experimentally measured angle of repose (𝜃) was used as the reference 

value, and the relative error between the simulated angle of repose (𝜃′) and the measured angle of repose 

was used as the response variable. The relative error was calculated as follows: 

𝑌 =
|𝜃′ − 𝜃|

𝜃
× 100% (10) 

where: 𝑌 is the relative error, 𝜃 is the experimentally measured angle of repose, and 𝜃′ is the simulated angle 

of repose. 

 According to published studies, the coefficient of restitution of soybean seeds generally ranges from 

0.10 to 0.60, the static friction coefficient ranges from 0.10 to 0.60, and the rolling friction coefficient ranges 

from 0.01 to 0.17 (Chen, 2018; Dun et al., 2022; Zhang et al., 2017). Based on these ranges, a three-factor, 

five-level steepest-ascent design was established to preliminarily identify the appropriate factor region for 

subsequent response surface optimization. On this basis, a three-factor, five-level quadratic orthogonal rotary 

combination design was further adopted for response surface methodology (RSM) analysis. The inter-particle 

coefficient of restitution, static friction coefficient, and rolling friction coefficient were coded as factors A, B, and 

C, respectively, and the relative error 𝑌 was taken as the response variable. The experimental data were 

analyzed using Design-Expert software to establish a regression model and determine the optimal combination 

of inter-particle contact parameters. The coded levels of the experimental factors are listed in Table 2. 

 

Table 2   

Factors and levels in the simulation experiments 

Code 
Experimental factor 

A B C 

-1.68179 0.20 0.20 0.042 

-1 0.25 0.25 0.058 

0 0.30 0.30 0.074 

1 0.35 0.35 0.090 

1.68179 0.40 0.40 0.106 

 

GA-BP-GA modeling and inverse optimization method 

Construction of the GA-BP model 

 The backpropagation (BP) neural network updates network weights and biases through an error 

backpropagation mechanism, enabling the model output to gradually approach the expected value. However, 

conventional BP networks commonly suffer from drawbacks such as slow convergence, high sensitivity to the 

initial weights and biases, and a tendency to become trapped in local optima (Bai et al., 2022; Li et al., 2023). 

To improve the convergence stability and fitting accuracy of the model, a genetic algorithm (GA) was 

introduced to optimize the initial weights and biases of the BP network. By integrating GA with the BP neural 

network, a GA-BP prediction model was established to characterize the nonlinear mapping relationship 

between the input parameters and the response variable. 

 In the present study, the inter-particle coefficient of restitution, static friction coefficient, and rolling 

friction coefficient were taken as the input variables, and the angle of repose was taken as the output variable. 

The BP neural network adopted a three-layer feedforward architecture consisting of an input layer, a hidden 

layer, and an output layer, with 3, 7, and 1 neurons, respectively. The Bayesian regularization algorithm 

(trainbr) was selected as the training function to improve the generalization capability of the network under 

small-sample conditions. The main training parameters were set as follows: the maximum number of training 

epochs was 1000, the target error was 1×10⁻³, and the learning rate was 0.01. In addition, max_fail was set to 

200 and min_grad was set to 1×10⁻¹².During the GA-BP modeling process, a genetic algorithm was used to 

perform global optimization of the initial weights and biases of the BP network. Real-coded encoding was 

adopted in the GA, with a population size of 100 and a maximum of 200 generations. The selection operator 

was based on norm geometric selection (q = 0.09), the crossover operator used arithmetic crossover (α = 1.0), 
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and the mutation operator employed Gaussian mutation with a mutation probability of 0.2. Boundary clipping 

was applied to constrain the search space. To improve the computational efficiency of the GA evaluation 

process, the fitness function was defined by training the network for a limited number of rapid iterations, and 

the mean squared error (MSE) was used as the fitness value to screen the initial weights and biases. After the 

optimal individual was obtained, the corresponding weights and biases were used to initialize the BP network, 

and the final training was completed on the full dataset using the trainbr function. The structure of the GA-BP 

model is shown in Fig. 7. 

 
Fig. 7 – Optimal topology of the GA–BP neural network 

 

GA-BP-GA inverse optimization procedure 

 Based on the established GA-BP prediction model, a genetic algorithm (GA) was further employed to 

perform inverse optimization of the inter-particle coefficient of restitution, static friction coefficient, and rolling 

friction coefficient. The experimentally measured angle of repose was taken as the target value. To ensure 

consistency between the optimization boundaries and the experimental dataset, the lower and upper bounds 

of the GA search space were defined by the minimum and maximum values of the three input variables in the 

training dataset. This strategy ensured that the optimization was conducted within a physically meaningful 

domain and avoided unreliable predictions caused by extrapolation beyond the sampled range. 

 In the GA-based inverse optimization process, the population size was set to 100, and the maximum 

number of generations was set to 100. Norm geometric selection was adopted as the selection operator with 

a parameter value of 𝑞 = 0.8. The crossover operator employed arithmetic crossover with a coefficient of 𝛼 =

2.0, and the mutation probability was set to 0.2 (Zhang et al., 2025). The inverse optimization results were 

subsequently used to determine the effective inter-particle contact parameter combination for DEM simulation. 

 

Bench validation method 

Test bench and DEM simulation setup 

 To verify the applicability of the calibrated contact parameters in the DEM simulation of the seed-

metering process, bench-scale validation experiments were conducted using a pneumatic soybean seed-

metering device. In the test device, the seed chamber was made of stainless steel, and the seed plate was 

fabricated from Somos 8000 resin. All validation experiments were carried out on the pneumatic seed-metering 

test bench at the Nanjing Research Institute for Agricultural Mechanization, Ministry of Agriculture and Rural 

Affairs. The structure of the test bench is shown in Fig. 8. 

 
Fig. 8 – Pneumatic seed-metering test bench 

 1. test bench; 2. motor; 3. sensor; 4. pneumatic seed-metering device 
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 Because the seed-metering device relies on negative pressure generated by a blower to accomplish 

seed pickup, the numerical simulation was conducted using an EDEM-Fluent coupled CFD-DEM approach. 

To improve the mesh quality of the fluid domain and enhance computational efficiency, the geometry of the 

seed-metering device was simplified by omitting irregular internal structures of the seed chamber while 

retaining the main functional components, including the seed chamber, seed plate, and air chamber. The actual 

and simplified models are shown in Fig. 9. 

             
(a) actual model                           (b) simplified model 

Fig. 9 – Seed-metering device models 

 

 The STEP-format model of the seed-metering device was exported from SolidWorks and imported into Ansys 

2020 for fluid-domain mesh generation. Polyhedral meshes were used for the seed chamber, air chamber, and metering 

holes. In the CFD model, the negative-pressure surface of the seed chamber was defined as the inlet, and the negative-

pressure surface of the air chamber was specified as the outlet. The interfaces between the seed chamber and the metering 

holes, as well as those between the metering holes and the suction port of the air chamber, were defined as interface 

boundaries. The resulting fluid-domain mesh is shown in Fig. 10. 

 
Fig. 10 – Fluid-domain mesh of the seed-metering device 

 

Validation procedure and evaluation indices 

 To evaluate the accuracy of the calibrated contact parameters under operating conditions, bench tests 

and CFD-DEM simulations were conducted under corresponding working conditions. A single-factor 

experimental design was adopted, with the rotational speed of the seed plate taken as the test factor. The 

evaluation indices included the miss index, multiple index, and qualified index. In the bench tests, the forward 

speeds of the seeder were set to 8, 10, and 12 km·h-1, corresponding to seed-plate rotational speeds of 49, 

62, and 74 r·min-1, respectively. Each operating condition was repeated three times, and the average value 

was used for subsequent analysis (Shi et al., 2020; Zhou, 2021). For the numerical simulations, the simplified 

seed-metering device model was imported into EDEM 2023. The seed chamber and seed plate were assigned 

as stainless steel and resin, respectively. Approximately 1000 soybean seed particles were generated in the 

seed chamber using the previously calibrated contact parameters, and the particle state at t = 0 s was saved 

as the initial file. The mesh files were then imported into Fluent 2020, and the corresponding operating 

conditions were defined according to the seed-plate rotational speed. During the simulations, the negative 

pressure was set to 3, 4, and 5 kPa according to the operating conditions. Each simulation condition was 

repeated three times, and the average value was used for comparison with the bench-test results.  
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RESULTS 

Physical properties of soybean seeds 

Measured physical properties 

 The measured physical and intrinsic mechanical properties of soybean seeds are summarized in Table 

3. The mean values of seed length, width, and thickness were 8.12, 7.24, and 5.98 mm, respectively, indicating 

that the soybean seeds exhibited a generally ellipsoidal geometry. Based on the measured triaxial dimensions, 

the equivalent diameter and sphericity of soybean seeds were calculated as 7.05 mm and 86.98%, 

respectively. The average thousand-kernel mass was 243.71 g, and the seed density determined by the liquid 

displacement method was 1580 kg·m-3. These results provide the basic physical parameters required for 

subsequent DEM particle model construction and contact-parameter calibration. 

 

Table 3   

Triaxial dimensions and thousand-kernel mass of soybean seeds 

Parameter 
Length  

/ mm 

Width  

/ mm 

Thickness 

 / mm 

Thousand-kernel 

mass / g 

Maximum 8.4 7.6 6.8 246.20                                

Minimum 7.5 6.9 5.4 241.00 

Mean 8.12 7.24 5.98 243.71 

Standard deviation 0.31 0.22 0.44 1.77 

 
 
 The intrinsic mechanical properties of soybean seeds were further determined by uniaxial compression 

tests. The measured Poisson’s ratio, elastic modulus, and shear modulus were 0.33, 1.512 × 108Pa, and 

5.6848 × 107Pa, respectively. These parameters were used as the fundamental input properties for DEM 

simulation of soybean seeds under sowing conditions. 

 
DEM particle model selection 
 The three-sphere, twelve-sphere, and full multi-sphere models were compared in terms of geometric 

representation and computational efficiency. The three-sphere model provided the highest computational 

efficiency, but its geometric simplification was too strong to accurately capture the overall contour 

characteristics of soybean seeds. In contrast, the full multi-sphere model offered the best geometric detail, but 

it substantially increased the computational burden. 

 For the present EDEM–Fluent coupling case, the total physical simulation duration was preset to 6.0 

s. However, the computational-time comparison among particle models was conducted for the first 1.5 s of 

physical simulation, which covered the complete process of seed pickup from the seed chamber, negative-

pressure adsorption and transport, and seed release at the metering outlet after pressure loss. Under this 

condition, the elapsed computation times of the three-sphere, twelve-sphere, and full multi-sphere models 

were 5.8753, 8.713, and 18.111 h, respectively. 

 Compared with the three-sphere model, the twelve-sphere clumped model provided a more realistic 

approximation of the ellipsoidal geometry and contour characteristics of soybean seeds. At the same time, 

compared with the full multi-sphere model, the twelve-sphere model reduced the computation time by 

approximately 51.9% while retaining the main geometric features required for DEM simulation. Therefore, the 

twelve-sphere clumped model was selected for subsequent simulations as a compromise between geometric 

fidelity and computational efficiency. 

 
Calibration results of seed–material contact parameters 

Coefficient of restitution results 
 The free-fall collision tests showed that the average maximum rebound height of soybean seeds on 

the Somos 8000 resin plate was 17.29 mm, corresponding to an average coefficient of restitution of 0.339. In 

contrast, when soybean seeds collided with the stainless-steel plate, the average maximum rebound height 

increased to 22.93 mm, yielding an average coefficient of restitution of 0.391. These results indicate that 

soybean seeds exhibited a stronger rebound response on the stainless-steel surface than on the resin surface. 

To determine the effective coefficient of restitution for DEM simulation, the relationship between the simulated 

rebound height and the coefficient of restitution was fitted for the two contact materials, as shown in Fig. 11. 
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Fig. 11 – Fitted relationship between the coefficient of restitution and the maximum rebound height of 

soybean seeds 

 
 The fitted equations are given as follows: 

ℎ1 = 5.74857 − 0.6119𝑒𝑥1 + 50.7619𝑒𝑥1
2 (𝑅2 = 0.99) (11) 

ℎ2 = 7.18268 − 21.54345𝑒𝑥2 + 110.54167𝑒𝑥2
2 (𝑅2 = 0.99) (12) 

where: ℎ1 and ℎ2 are the rebound heights of soybean seeds on the Somos 8000 resin and stainless-steel 

surfaces, respectively, and 𝑒𝑥1 and 𝑒𝑥2 are the corresponding effective coefficients of restitution used in the 

DEM simulations. 

 By substituting the experimentally measured average rebound heights into Eqs. (11) and (12), the 

effective coefficients of restitution were determined to be 𝑒𝑥1 = 0.415 for the soybean seed–Somos 8000 resin 

contact pair and 𝑒𝑥2 = 0.588  for the soybean seed–stainless steel contact pair. These values were 

subsequently imported into EDEM for simulation-based verification. The results showed that the relative errors 

between the simulated and experimentally measured rebound heights were within an acceptable range, 

indicating that the calibrated coefficients of restitution can reasonably characterize the collision behavior 

between soybean seeds and the contact materials. 

 
Static friction coefficient results 
 The inclined-plane sliding tests showed that the mean critical inclination angles of soybean seeds on 

the Somos 8000 resin plate and the stainless-steel plate were 14.80° and 15.78°, respectively, corresponding 

to directly measured static friction coefficients of 0.264 and 0.282. These results indicate that the soybean 

seed–stainless steel contact pair exhibited slightly greater resistance to sliding than the soybean seed–Somos 

8000 resin contact pair under the present test conditions. To determine the effective static friction coefficients 

for DEM simulation, the relationship between the simulated critical inclination angle and the static friction 

coefficient was fitted for the two contact materials, as shown in Fig. 12. 

 
Fig. 12 – Fitted curves between the static friction coefficient and the inclination angle of the inclined plane 
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The fitted equations are given as follows: 

𝛼1 = 0.62214 + 3.1119𝜇𝑓1 − 13.5𝜇𝑓1
2 (𝑅2 = 0.99) (13) 

𝛼2 = 0.48446 + 44.18155𝜇𝑓2 − 13.6369𝜇𝑓2
2 (𝑅2 = 0.99) (14) 

 By substituting the experimentally measured critical inclination angles into Eqs. (13) and (14), the 

effective static friction coefficients used in the DEM simulations were determined to be 𝜇𝑓1 = 0.365 for the 

soybean seed–Somos 8000 resin contact pair and 𝜇𝑓2 = 0.461 for the soybean seed–stainless steel contact 

pair. These coefficients were subsequently imported into EDEM for simulation-based verification. The 

simulated critical inclination angles agreed well with the experimental measurements, and the deviations were 

within an acceptable range, indicating that the calibrated static friction coefficients can reasonably characterize 

the sliding behavior of soybean seeds on the two contact materials. 

 The DEM-calibrated static friction coefficients were higher than the directly measured values obtained 

from the single-seed inclined-plane tests. This difference is mainly because the inclined-plane test reflects the 

onset of sliding between a single soybean seed and the material surface, whereas the DEM-calibrated values 

are effective parameters identified from the macroscopic angle-of-repose response of a particle assembly. In 

addition, the soybean seed in the DEM simulation was represented by a simplified clumped-sphere model, 

and the contact behavior was described using an idealized Hertz-Mindlin (no-slip) model. Therefore, the 

calibrated static friction coefficients also compensated, to some extent, for the effects of surface roughness, 

particle shape irregularity, and inter-particle interaction mechanisms that were not explicitly represented in the 

simplified DEM model. 

 

Rolling friction coefficient results 
 The inclined-plane rolling tests were conducted with an inclination angle of 𝛽 = 20∘and an inclined-

plane rolling distance of 𝑆 = 300 mm. Based on the results of multiple preliminary tests, the rolling distance 

𝑆was set to 300 mm as a compromise between rolling stability and measurement sensitivity: a shorter inclined-

plane distance was not sufficient to generate a clear difference in the subsequent horizontal rolling distance, 

whereas a longer distance tended to induce bouncing and increase the uncertainty of the measurement. Under 

these test conditions, the mean horizontal rolling distances of soybean seeds on the Somos 8000 resin plate 

and the stainless-steel plate were 182.9 and 206.1 mm, respectively. Based on the rolling test results, the 

directly calculated rolling friction coefficients were 0.035 for the soybean seed–Somos 8000 resin contact pair 

and 0.036 for the soybean seed–stainless steel contact pair. These results indicate that soybean seeds rolled 

farther on the stainless-steel surface than on the resin surface under the same test conditions. To determine 

the effective rolling friction coefficients for DEM simulation, the relationship between the simulated horizontal 

rolling distance and the rolling friction coefficient was fitted for the two contact materials, as shown in Fig. 13. 

 
Fig. 13 – Fitted curves between the rolling friction coefficient and the horizontal rolling distance 

 

 The fitted equations are given as follows 

𝐿1 = 80.038 − 1033𝜇𝑆1 + 4100𝜇𝑆1
2 (𝑅2 = 0.99) (15) 

𝐿2 = 93.038 − 1253.64𝜇𝑆2 + 5342.85714𝜇𝑆2
2 (𝑅2 = 0.99) (16) 

where：𝜇𝑠1 and 𝜇𝑠2 are the rolling friction coefficients between soybean seeds and Somos 8000 resin and 

stainless steel, respectively; 𝐿1 and 𝐿2 are the horizontal rolling distances of soybean seeds on Somos 8000 

resin and stainless steel, respectively. 
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 By substituting the experimentally measured average horizontal rolling distances into Eqs. (15) and 

(16), the effective rolling friction coefficients used in the DEM simulations were determined to be 𝜇𝑠1 = 0.039 

for the soybean seed–Somos 8000 resin contact pair and 𝜇𝑠2 = 0.028 for the soybean seed–stainless steel 

contact pair. These values were subsequently imported into EDEM for simulation-based validation. The results 

showed that the relative errors between the simulated and experimentally measured horizontal rolling 

distances were within an acceptable range, indicating that the calibrated rolling friction coefficients can 

reasonably characterize the rolling behavior of soybean seeds on the two contact materials. The calibrated 

effective rolling friction coefficients differed slightly from the directly calculated values. This difference is mainly 

attributed to the fact that soybean seeds are not ideal spheres but irregular ellipsoidal particles, whereas the 

theoretical calculation was derived under an idealized rolling assumption. Therefore, the DEM-calibrated 

values are more suitable as effective input parameters for subsequent numerical simulations of soybean seed 

motion. 

 
Calibration results based on the angle of repose 

 At a seed moisture content of 13.79% (w.b.), soybean seeds formed a relatively stable particle pile in 

the angle-of-repose experiments, and the average measured angle of repose was 23.02°. This value was used 

as the target response for the subsequent calibration and optimization of the inter-particle contact parameters. 

The measured angle of repose reflects the combined effects of seed shape, size, moisture condition, and inter-

particle contact behavior during pile formation. Therefore, it can be used as an effective macroscopic response 

index for inverse calibration of DEM contact parameters. In the subsequent optimization process, the relative 

error between the experimentally measured angle of repose and the simulated angle of repose was taken as 

the response variable to evaluate the accuracy of the calibrated parameter combinations. 

 

Optimization results of the RSM model 

 The results of the steepest-ascent experiment are presented in Table 4. Among the six parameter 

combinations, the third combination yielded the smallest relative error between the simulated and 

experimentally measured angles of repose, with a value of 4.04%. Therefore, the second, third, and fourth 

combinations were selected as the reference points for the subsequent response surface optimization. These 

results indicate that the suitable parameter region for further optimization was located near the intermediate 

levels of the three investigated factors. 

Table 4   

Design and results of the steepest-ascent experiment 

Serial number 
Experimental factors Experimental results 

e μf μs θ'/ (°) σ/ (%) 

1 0.10 0.10 0.010 12.32 46.48 

2 0.20 0.20 0.042 16.38 28.84 

3 0.30 0.30 0.074 22.09 4.04 

4 0.40 0.40 0.106 25.95 12.73 

5 0.50 0.50 0.138 29.15 29.15 

6 0.60 0.60 0.170 34.55 50.09 

 

 

 The experimental design matrix and corresponding response values of the three-factor, five-level 

quadratic orthogonal rotary combination experiment are listed in Table 5. Based on these simulation results, 

an analysis of variance (ANOVA) was performed, and the results are presented in Table 6. The regression 

model was highly significant ( 𝑃 = 0.0002 ), whereas the lack-of-fit term was not significant ( 𝑃 = 0.3467 ), 

indicating that the established response surface model had good fitting accuracy and reliability. Among the 

investigated factors, the inter-particle static friction coefficient (𝐵) and rolling friction coefficient (𝐶) had highly 

significant effects on the response variable, while the effect of the inter-particle coefficient of restitution (𝐴) 

was not significant. In addition, the interaction terms 𝐴𝐶 and 𝐵𝐶, as well as the quadratic terms 𝐴2 and 𝐵2, 

were significant, indicating that the angle-of-repose error was influenced not only by the individual factors but 

also by their nonlinear coupling effects. 
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Table 5   

Experimental design and results 

No 
Experimental factor 

Y/% 
A B C 

1 -1 -1 -1 23.54 

2 1 -1 -1 15.94 

3 -1 1 -1 11.43 

4 1 1 -1 12.81 

5 -1 -1 1 7.26 

6 1 -1 1 11.99 

7 -1 1 1 7.69 

8 1 1 1 11.6 

9 -1.68179 0 0 14.29 

10 1.68179 0 0 11.08 

11 0 -1.68179 0 19.46 

12 0 1.68179 0 12.16 

13 0 0 -1.68179 15.51 

14 0 0 1.68179 8.69 

15 0 0 0 10.82 

16 0 0 0 9.38 

17 0 0 0 7.08 

18 0 0 0 10.69 

19 0 0 0 8.78 

20 0 0 0 9.51 

21 0 0 0 6.08 

22 0 0 0 5.34 

23 0 0 0 7.52 

 

The relatively weak effect of the coefficient of restitution on the angle-of-repose response can be attributed 

to the ellipsoidal and irregular shape of soybean seeds. During pile formation, strong inter-particle energy 

dissipation occurs, which causes the rebound kinetic energy to attenuate rapidly within the particle assembly. 

As a result, the contribution of the coefficient of restitution to the macroscopic piling behavior becomes less 

pronounced than those of the static and rolling friction coefficients. In addition, because a layer of soybean 

seeds was pre-filled at the bottom of the cylinder before the angle-of-repose test, the effect of the base material 

on particle rebound was further weakened, which also reduced the sensitivity of the response to the restitution 

coefficient 

Table 6   

Analysis of variance for the relative error of the angle of repose 

Source Degrees of freedom Mean square F-value P-value 

Model 9 39.68 9.22 0.0002** 

A-A 1 0.6496 0.1510 0.7039 

B-B 1 55.28 12.85 0.0033** 

C-C 1 98.35 22.86 0.0004** 

AB 1 8.32 1.93 0.1876 

AC 1 27.60 6.42 0.0250* 

BC 1 29.18 6.78 0.0218* 

A2 1 27.28 6.34 0.0257* 

B2 1 92.68 21.54 0.0005** 

C2 1 19.35 4.50 0.0538 

Residual 13 4.30   

Lack of Fit 5 5.05 1.32 0.3467 

Pure Error 8 3.84   

Cor Total 22    

where: * indicates a significant effect (0.01 < P < 0.05), and ** indicates a highly significant effect (P < 0.01). 

 

 Regression fitting was performed using Design-Expert software, and the resulting regression equation 

is expressed as follows: 

𝑌 = 8.38 − 0.2181𝐴 − 2.01𝐵 − 2.68𝐶 + 1.02𝐴𝐵 + 1.86𝐴𝐶 + 1.91𝐵𝐶 + 1.31𝐴2 + 2.42𝐵2 + 1.10𝐶2 (17) 
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 The pairwise interaction effects of the three factors on the response variable are shown in Fig. 14. When 

the rolling friction coefficient was held constant, the response exhibited a pronounced quadratic variation with 

changes in the coefficient of restitution and static friction coefficient, indicating an evident interaction effect 

between these two factors. When the static friction coefficient was fixed, the response increased overall with 

increasing coefficient of restitution and rolling friction coefficient, suggesting a synergistic effect between the 

two variables. When the coefficient of restitution was held constant, the response varied nonlinearly with the 

static and rolling friction coefficients, and the elliptical contour distribution further confirmed the significant 

interaction between these two friction-related parameters. 

 
Fig. 14 – Response surface and contour plots showing the interaction effects of contact parameters  

on the angle of repose 

 

 Based on the regression model, the inter-particle contact parameters were optimized by minimizing the 

relative error between the experimentally measured angle of repose and the simulated angle of repose. The 

optimization objective and constraints are expressed as follows: 

{

𝑚𝑖𝑛𝑌(𝐴, 𝐵, 𝐶)

𝑠. 𝑡. {
−1.68179 ≤ 𝐴 ≤ 1.68179
−1.68179 ≤ 𝐵 ≤ 1.68179
−1.68179 ≤ 𝐶 ≤ 1.68179

(18) 

 The optimal inter-particle contact parameters obtained by RSM were a coefficient of restitution of 0.304, 

a static friction coefficient of 0.29, and a rolling friction coefficient of 0.069. These parameters were 

subsequently imported into EDEM for simulation verification. The results showed that the relative error 

between the simulated and experimentally measured angles of repose was 4.39%, indicating that the 

optimized parameter combination can effectively characterize the actual piling behavior of soybean seeds and 

can be used as a preliminary calibrated parameter set for subsequent DEM simulations. 

 

Inverse optimization results of the GA-BP-GA model 

 The performance curve of the GA-BP neural network is shown in Fig. 15.  

 
Fig. 15 – Performance curve of the GA–BP neural network 

 

 During the second training stage, the model achieved its best validation performance with a mean 

squared error (MSE) of 0.01422134, indicating that the proposed GA-BP model had good convergence 

behavior and fitting accuracy for the available experimental data.  
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 This result suggests that the model was able to capture the nonlinear relationship between the inter-

particle contact parameters and the angle of repose with satisfactory stability. 

 The predictive capability of the optimized GA-BP neural network was further evaluated by regression 

analysis, as shown in Fig. 16. The correlation coefficients (𝑅) for the training, validation, and test datasets 

were 0.98268, 0.88215, and 0.97695, respectively, and the overall correlation coefficient reached 0.95934. 

These results indicate a strong agreement between the predicted and measured values, confirming that the 

established GA-BP model had good fitting and predictive performance and was suitable for subsequent inverse 

optimization of the contact parameters. 

 
Fig. 16 – Regression analysis of the GA–BP neural network model 

 

 The variation of the fitness value during the GA-based inverse optimization process is shown in Fig. 17. 

As the number of iterations increased, the fitness value decreased rapidly in the initial stage and then gradually 

converged to a stable level, indicating that the genetic algorithm exhibited good global search capability and 

convergence behavior within the parameter search space. The smooth overall trend of the fitness curve further 

demonstrates the stability and reliability of the inverse optimization process. 

 
Fig. 17 – Variation curve of the fitness value during the GA optimization process 

 

 Based on the GA-BP-GA inverse optimization results, the optimal inter-particle contact parameters of 

soybean seeds were determined to be a coefficient of restitution of 0.27, a static friction coefficient of 0.23, 

and a rolling friction coefficient of 0.056. Under this parameter combination, the simulated angle of repose was 

22.35°, corresponding to a relative error of 2.91% compared with the experimentally measured angle of repose. 

Compared with the RSM-based optimized result, whose relative error was 4.39%, the GA-BP-GA method 

further improved the calibration accuracy. These results indicate that the GA-BP-GA framework has better 

capability than RSM alone in characterizing the nonlinear mapping relationship between DEM contact 

parameters and the macroscopic piling behavior of soybean seeds. 
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Bench validation results 

 Representative simulation snapshots during the seed-metering process are shown in Fig. 18. At 0.1 s, 

only a small number of soybean seeds were adsorbed by the metering holes, and the coupled interaction 

forces between the particles and the seed-metering device were relatively low, mainly appearing in blue and 

light green regions. At this stage, all three metering holes achieved single-seed filling without obvious missed 

or multiple adsorption, indicating a stable seed pickup state. When the simulation progressed to 0.5 s, the 

number of adsorbed seeds gradually increased, and the coupled forces of some particles increased slightly; 

however, the overall seed-metering process remained in a stable holding stage.  

 At 1.0 s, missed adsorption began to occur after approximately 0.6 s. By 0.98 s, some seeds detached 

after leaving the negative-pressure region because the coupled interaction force was insufficient to maintain 

stable adsorption. At this stage, pronounced differences in the force distribution appeared among particles 

near the edges of the metering holes. When the simulation further advanced to 1.5 s, multiple-seed adsorption 

occurred at the metering holes, and several particles accumulated near the holes. Some particles exhibited 

significantly increased coupled interaction forces, indicating that the adsorption state had transitioned from 

stable adsorption to an over-adsorption condition. These results reveal the dynamic evolution of seed filling, 

seed holding, missed pickup, and multiple adsorption during the seed-metering process.  

 

 
(a) 0.1s                                                                                                   (b) 0.5s 

 
(c) 1.0s                                                                                                                (d) 1.5s 

Fig. 18 – Simulation snapshots during the seed-metering process 

 

 The quantitative comparison between the bench-test results and the CFD–DEM simulation results is 

presented in Table 7. As the seed-plate rotational speed increased from 49 to 74 r·min-1, both the miss index 

and the multiple index showed an overall increasing trend in the bench and simulation tests, whereas the 

qualified index decreased gradually. Specifically, in the bench tests, the qualified index decreased from 95.33% 

at 49 r·min-1 to 86.67% at 74 r·min-1, while the corresponding simulated values decreased from 96.00% to 

90.00%. These results indicate that increasing seed-plate rotational speed reduced the seed-metering 

performance of the pneumatic soybean seed-metering device under the tested operating conditions. A 

comparison under different rotational speeds showed that the average relative error of the qualified index 

between the simulation and bench-test results was 2.00%, with a maximum relative error of 3.84%. All errors 

were controlled within 5%, indicating that the established DEM model can reasonably characterize the sowing 

performance of the pneumatic soybean seed-metering device. Overall, the performance indices obtained from 

the bench tests were slightly lower than those predicted by the simulations. This discrepancy can be attributed 

to the fact that the simulations were conducted under relatively idealized conditions, whereas the bench tests 

were affected by machine vibration, model simplification, seed collisions within the seed chamber, and 

fluctuations in negative pressure.  
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Table 7   
Comparison of bench test and simulation results 

 

 Moreover, under both low-speed and high-speed operating conditions, fluctuations in missed and 

multiple seeding events were more pronounced, which may have increased the dispersion of the relative errors 

of individual indices. Therefore, the qualified index, as a comprehensive performance metric, was selected as 

the primary criterion for evaluating the consistency between the simulation and bench-test results. Overall, the 

validation results demonstrate that the DEM model established using the calibrated contact parameters can 

reliably reproduce the actual motion behavior and seed-metering characteristics of soybean seeds in a 

pneumatic seed-metering device, thereby providing a sound basis for subsequent structural optimization and 

performance prediction. 
 

CONCLUSIONS 

 (1) The physical and intrinsic mechanical properties of soybean seeds under sowing conditions were 

determined, and a DEM particle model of soybean seeds was established. Based on the measured geometric 

characteristics, three simplified particle models were compared, and the twelve-sphere clumped model was 

selected for subsequent simulations as a compromise between geometric fidelity and computational efficiency. 

In addition, the contact parameters between soybean seeds and the representative materials of the seed-

metering device were calibrated through physical tests combined with DEM-based calibration. 

 (2) Using the experimentally measured angle of repose as the calibration index, the inter-particle contact 

parameters of soybean seeds were optimized through a steepest ascent experiment, response surface 

methodology (RSM), and a GA-BP-GA framework. The RSM-based optimum parameter combination yielded 

a relative error of 4.39% between the simulated and experimentally measured angles of repose, whereas the 

GA-BP-GA method further reduced the relative error to 2.91%. These results indicate that the GA-BP-GA 

framework outperformed RSM alone in capturing the nonlinear relationship between microscopic contact 

parameters and macroscopic bulk behavior. 

 (3) Bench validation tests of a pneumatic soybean seed-metering device showed that the average 

relative error of the qualified index between simulation and experiment was 2.00%, with a maximum of 3.84%. 

All relative errors were controlled within 5%, indicating that the calibrated DEM model can reliably characterize 

the seed-metering performance of soybean seeds under sowing conditions. The proposed calibration 

framework can therefore provide a useful reference for the DEM-based simulation, parameter calibration, and 

performance optimization of pneumatic seed-metering devices, and may also be extended to similar seed 

particles under comparable operating conditions. 
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