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Abstract 

Addressing the issue of high cleaning loss rates in practical operations, this study designed adevice 

for detecting cleaning losses. Three-dimensional models of wheat kernels were constructed using 

Blender software. Subsequently, the discrete element method software EDEM was employed to 

simulate the impact process of wheat kernels and straw dropped from varying heights onto a sensing 

plate, obtaining the contact force history and particle trajectories. The results revealed a significant 

difference in the impact force between the two material types on the sensing plate, enabling material 

identification and loss rate calculation through signal acquisition. Based on this, a detection device 

comprising mechanical structures and a control system was designed. An ESP32 microcontroller was 

used to read data from a piezoelectric ceramic vibration sensor. After processing with a Kalman filter, 

material classification thresholds were determined based on the normal distribution pattern of the 

signals. Experimental parameters were initially identified through a three-factor, three-level 

experiment and subsequently optimized using response surface methodology. The experimental 

results indicated that the threshold discriminability and loss rate calculation accuracy were optimal 

when the sensing plate was installed at a height of 550mm with a tilt angle of 40°, and the conveyor 

belt speed was 8 meters per minute. Bench test verification demonstrated that the device achieved an 

overall error of less than 3%, with recognition rates for both wheat kernels and straw exceeding 97%. 

Keywords: cleaning loss; EDEM discrete element analysis; wheat kernels; ESP32; piezoelectric 

ceramic vibration sensor; Kalman filter 

 

1. Introduction 

The loss rate serves as a critical metric for evaluating the performance of the cleaning device in 

wheat harvesters. As a core component, the cleaning device directly influences the overall cleaning 

efficacy of the machine [1–4]. The cleaning system, a vital part of combine harvesters, plays a decisive 

role in determining both the grain loss rate and the cleanliness of the harvested yield [5–7]. During 

mechanized wheat harvesting, variable field conditions—such as crop status, moisture, density, and 

harvester travel speed—often cause the cleaning system to operate under suboptimal conditions. This 

frequently results in grain being expelled along with residue, leading to increased losses. 

Currently, grain combine harvesters generally exhibit a low level of intelligence in their cleaning 

systems, relying on manual experience to adjust operational parameters. This often leads to high 

cleaning loss rates, especially in working environments with frequent variations in feed rate [8,9]. 

Therefore, developing an efficient and accurate wheat cleaning loss monitoring device is of great 

significance for enhancing the intelligence level of combine harvesters and reducing grain loss. With 

advancements in materials science and signal processing technology, researchers have successively 

employed sensitive materials such as piezoelectric ceramics and PVDF piezoelectric films to develop 

detection sensors. These sensors monitor losses by collecting impact signals generated by grains and 

impurities [6,10–12]. For instance, Liu Yangchun et al. designed a corn grain loss monitoring system 

for header losses based on the piezoelectric effect. By optimizing the sensor structure and signal 
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processing circuit, they achieved synchronous monitoring of cleaning loss and header loss [10]. 

Furthermore, collision simulation analysis based on the Discrete Element Method (DEM) has 

provided theoretical support for sensor structure optimization [8]. In terms of signal processing, 

traditional methods often rely on time-domain feature thresholds for grain identification, which face 

challenges such as difficult threshold setting and poor robustness. Xing Gaoyong et al. proposed a 

signal classification method based on a VS-1D CNN model. Combined with impact signals collected 

by PVDF piezoelectric film sensors, this method achieved accurate distinction between corn grains 

and residue, with a model accuracy of 94.2% [13]. Some studies have begun to introduce modern 

filtering algorithms and deep learning models to enhance the accuracy and adaptability of signal 

classification [9,13]. 

In summary, despite the progress achieved in grain loss monitoring both domestically and 

internationally, dedicated devices for monitoring wheat cleaning loss still commonly face technical 

bottlenecks such as complex structure, high cost, and poor environmental adaptability. To address 

the limitations of current wheat harvester cleaning loss detection technology, this study employs 

EDEM discrete element simulation software [14–21] to conduct a numerical simulation of the 

dynamic process in which wheat kernels and straw materials impact a sensitive detection plate. This 

investigation aims to explore the technical feasibility of accurately distinguishing between wheat 

kernels and straw materials using impact excitation signals. Based on the direct piezoelectric effect of 

piezoelectric ceramics, the impact-induced electrical signals from the sensitive detection plate are 

collected in real-time. An ESP32 microcontroller transmits the acquired electrical signals to a host 

computer terminal, where the PLX-DAQ tool [21] is utilized for the visualization and recording of 

the monitoring data, ultimately enabling the real-time quantitative calculation of the wheat cleaning 

loss rate. 

2. Materials and Methods 

2.1. Principle of Piezoelectric Ceramic Vibration Sensor Detection 

Piezoelectric sensors feature compact size, light weight, and wide operating frequency bands. 

Their core operating mechanism is based on the positive piezoelectric effect. This effect describes how 

certain anisotropic dielectric materials, when deformed by mechanical stress, generate internal 

electrical polarization. This leads to the appearance of bound charges with opposite signs and equal 

magnitudes on the material’s relative surfaces. Upon removal of the external force, the material 

reverts to its uncharged state. 

As the fundamental physical phenomenon underlying piezoelectric ceramics, the positive 

piezoelectric effect describes the conversion of mechanical energy into electrical energy. Specifically, 

when an external force is applied parallel to the polarization direction of a piezoelectric material, the 

surface charge density on its electrodes changes. 

Figure 1 depicts a quartz cutting disc with length a, width b, and height c. When metal materials 

are deposited on two planes perpendicular to the x-axis, the quartz disc can be regarded as a capacitor. 

Upon applying a force Fx along the x-direction, a charge Qx is generated on the surface perpendicular 

to the electric axis x, as expressed in Equation (1). 

xx dFQ =  (1) 

Qx: Charge quantity(C) 

D: Piezoelectric coefficient of quartz crystals(C/N) 

Fx: Force applied along the x-axis(N) 

When the piezoelectric ceramic sensor detects vibration, it generates electric charge, which can 

be equivalently regarded as a charge source. Opposite charges of equal magnitude accumulate on the 

upper and lower surfaces of the piezoelectric ceramic sensor. The charges then charge a capacitor 

through a resistor, producing a voltage across the capacitor, which allows for the reading of an analog 

voltage signal. 
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Figure 1. Positive piezoelectric effect of piezoelectric ceramics. 

2.2. Method 

2.2.1. Mechanical Analysis of Material Impact on the Sensing Plate 

The collision of wheat kernels and straw with the sensing plate constitutes a transient impact 

process. Its mechanical characteristics determine the features of the sensor’s output signal and can be 

simplified using a mass-spring-damper system. The corresponding dynamic equation is given by 

Equation (3). 

)(m
2

2

tFky
dx

dy
c

dt

yd
=++  (3) 

m: Material Quality(kg) 

c: Damping coefficient (Ns/m) 

k: Equivalent stiffness coefficient of the sensitive plate (N/m) 

y: Vibration displacement of the sensitive plate (m) 

F(t): Collision impact force (N) 

The impact force pulse generated by the collision can be simplified as a triangular waveform. Its 

peak force (Fmax) and pulse rise time (tr) are the key characteristic parameters determining the sensor’s 

response signal. Based on the law of conservation of energy (Equation 4) and Hooke’s law (Equation 

5), the maximum impact force can be derived to be related to the velocity of the material upon impact 

with the sensing plate, the mass of the material, and the equivalent stiffness coefficient of the sensing 

plate, as expressed in Equation (Equation 6). 

According to the law of conservation of energy: 
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According to Hooke’s Law: 

maxmax kXF =  (5) 

Substitute into Hooke’s Law: 
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V0: Velocity of material upon collision with the sensitive plate(m/s) 

M: Material Quality(kg) 

K: Equivalent stiffness coefficient of sensitive plates(N/m) 

Fmax: Peak impact force(N) 

Due to the extremely brief duration of force application during material impact on the sensing 

plate, the deformation process of the sensing plate can be simplified as a simple harmonic motion. 

According to the formula for simple harmonic motion, the rise time from the onset of impact to the 
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peak impact force can be derived and is related to the mass of the material and the equivalent stiffness 

coefficient of the sensing plate, as shown in Equation (7). 

Frequency of Simple Harmonic Motion: m

k
=

 

Period of Simple Harmonic Motion: k

m
T 




2

2
==

 

Time at which the collision impact force reaches its maximum: 4
t

T
r =

 

k

m
tr   (7) 

m: Material Quality(kg) 

k: Equivalent stiffness coefficient of sensitive plates(N/m) 

tr : Rise time at peak collision impact force(s) 

From the analysis of Equations (6) and (7), it can be seen that the velocity V0 of the material 

impacting the sensing plate and the mass of the material influence both the magnitude of the impact 

force and its rise time during collision, resulting in differences in contact duration and impact force 

when the material contacts the steel plate. According to Equation (6), the peak impact force is 

proportional to the mass and velocity of the material; the greater the mass and velocity, the higher 

the impact force. Equation (7) indicates that the time required to reach the maximum impact force is 

proportional to the mass of the material. Therefore, the key to distinguishing between wheat kernels 

and straw lies in differentiating their respective peak forces and pulse rise times. Using EDEM 

discrete element software, a simulation of wheat kernels and straw impacting the sensing plate was 

conducted to examine the mechanical characteristics during impact and to validate the feasibility of 

distinguishing between wheat kernels and straw based on post-impact peak force and pulse rise time. 

2.2.2. Establishment of the EDEM Simulation Model 

Wheat grains are irregular ellipsoidal particles. By randomly selecting 100 wheat kernels and 

measuring their length and width using a vernier caliper, the average values were obtained as follows: 

average length 6.31 mm, average width 3.24 mm, and average thickness of 2.75 mm. The length of 

chopped straw after combine harvesting generally ranges from 50 to 150 mm. Wheat straw segments 

of 50 mm and 100 mm were selected as experimental subjects. Blender software was used to create 

three-dimensional models of the wheat kernels. The created models were then imported into the 

EDEM discrete element simulation software. For wheat kernels, the simulation model was generated 

by filling them with spherical particles of varying sizes, while for wheat straw, the experimental 

simulation model was created by filling with spherical particles of uniform size, as shown in Figure 

2. The simulation parameters required for the discrete element models were obtained by referring to 

the literature [22–24] and are listed in Table 1. 

Table 1. Parameters of EDEM Discrete Element Simulation Experiment. 

Simulation Parameters Poisson ratio Density/(kg/m³) Modulus of elasticity/MPa 

Wheat 0.3 1480 1930 

50mm straw 0.4 1670 16.96 

100mm straw 0.4 1670 16.96 

Sensing plate 0.35 1150 3000 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2. Simulation Model of Wheat and Straw. (a)Blender Wheat Grain Model;(c)100mm Wheat Straw 

Model;(d)50mm Wheat Straw Model. 

2.2.3. Simulation Experiment 

The experimental model was established in EDEM simulation software. Based on actual 

experimental dimensions, models of the conveyor belt, sensing plate, and collection bin were created, 

with wheat kernels generated above the conveyor belt. The distance between the conveyor belt and 

the center of the sensing plate was set to 550 mm, the sensing plate was tilted at 40°, and the conveyor 

belt speed was set to 8 m/min. After the simulation, the motion trajectory of individual particles 

during collision, as well as the impact force and rise time during their collision with the sensing plate, 

were exported from the Analyst processing module, as shown in Figures 3 and 4. 

Based on the motion trajectory of the wheat kernels, it can be observed that each kernel collides 

with the sensing plate only once before falling into the collection bin. This indicates that the same 

particle does not undergo a secondary collision with the sensing plate, which does not affect the 

calculation of the loss rate. 
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Figure 3. Simulation Motion Trajectory of Wheat. 

Based on the exported data, the rise time of the collision force between wheat kernels and the 

sensing plate was 0.025s, with a peak impact force of 0.00059N. For 50mm straw segments, the rise 

time was 0.05s with a peak force of 0.0000723N, while for 100mm straw segments, the rise time was 

0.09s with a peak force of 0.000153N. Since the mass of a wheat kernel is smaller than that of a straw 

segment, the rise time required for the wheat impact force to reach its maximum is shorter than that 

for straw. Furthermore, due to their small volume and high density, wheat kernels are less affected 

by air resistance during free fall. In contrast, straw segments, which are larger in volume, lower in 

density, and hollow, experience greater air resistance. Consequently, the impact velocity of wheat 

kernels against the sensing plate is significantly higher than that of straw segments. 

Experimentally measured data show that the rise time of the collision force between wheat 

kernels and the sensing plate is 0.025s, with a peak impact force reaching 5.9×10⁻⁴N. For 50mm long 

straw segments, the collision force rise time is 0.05s with a peak force of 7.23×10⁻⁵N, while for 100mm 

long straw segments, the rise time extends to 0.09s with a peak force of 1.53×10⁻⁴N. 

Compared to straw, wheat kernels possess physical characteristics such as smaller mass, smaller 

volume, and higher density, whereas straw exhibits larger volume, lower density, and a hollow 

structure. During free fall, the hindering effect of air resistance on straw is significantly greater than 

on wheat kernels, resulting in a much higher impact velocity of wheat kernels against the sensing 

plate compared to straw. The product of the square of the impact velocity and the mass for wheat 

kernels is greater than that for straw, leading to a higher peak impact force when wheat kernels 

collide with the sensing plate. Consequently, wheat kernels produce a larger Fmax and a shorter tr 

upon collision, while straw produces a smaller Fmax and a longer tr. 

 
(a) 

 
(b) 

 
(c) 
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Figure 4. Contact Forces Between the Sensitive Plate and Wheat Grains, 50-mm Straw, and 100-mm Straw. 

(a)Wheat Contact Force with Sensitive Board;(b)Contact force between 50mm straw and sensitive 

plate;(c)Contact force between 100mm straw and sensitive plate. 

2.2.4. Control System and Mechanical Structure Design 

1. Data Acquisition Solution Based on PLX-DAQ 

PLX-DAQ is a macro-defined Excel sheet integrated into Microsoft Excel. It communicates with 

a microcontroller via a serial communication protocol, enabling real-time acquisition, display, and 

recording of sensor data. It can also automatically generate graphs, thereby facilitating the rapid 

construction of a host computer data acquisition interface [21]. 

To set up the system, open the Trust Center in Excel options, click “Trust Center Settings,” select 

“Macro Settings,” and enable VBA macros. The PLX-DAQ-v2.11 sheet can then be opened using 

Microsoft Excel, revealing the serial communication interface as shown in Figure 5. 

 

Figure 5. PLX-DAQ Serial Communication Interface. 

2. Design of a Lower-Level Control and Processing System Based on ESP32 

The analog signal output pin of the piezoelectric ceramic sensor is connected to the GPIO27 pin 

of the ESP32 microcontroller. This pin belongs to the ADC2 unit, which supports high-impedance 

analog signal input and enables accurate reading of the voltage variations generated by the sensor. 

The internal 12-bit ADC then converts these analog readings into digital values. During data 

acquisition, the Wi-Fi radio module of the ESP32 is kept inactive to prevent access conflicts with 

ADC2. To suppress environmental noise and the sensor’s inherent noise, thereby improving the 

signal-to-noise ratio, a software-based Kalman filter was implemented. The sensor signal is modeled 

as a slowly varying physical quantity over time, with its state-space representation defined as a first-

order linear system. The process noise covariance was set to 0.01, and the measurement noise 

covariance was set to 0.2. Through the two-step process of prediction and update, this filter performs 

an optimal estimation for each raw sampled value and outputs a smoothed value, providing a stable 

and reliable data foundation for subsequent decision-making. A sliding window buffer algorithm is 

employed, which maintains a buffer containing the six latest non-zero sampled values. This 

algorithm aims to capture characteristic signals that appear within a brief time window and facilitates 

subsequent signal processing. Additionally, two functional buttons are implemented: one button 

resets the system by clearing all data and resetting the counters, while the other button controls the 

writing of data to storage. The system workflow is illustrated in Figure 6. 
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Figure 6. Flowchart of the Cleaning Loss Detection System. 

3. Mechanical Structure Design 

The mechanical structure of the wheat loss detection device is shown in Figure 7. It consists of a 

feeding hopper, a conveyor belt, a sensing plate, and a collection bin. The interior of the feeding 

hopper is designed with flow guidance and material control mechanisms. Under the combined action 

of gravity and the control mechanism, wheat kernels can fall from the outlet in a single, continuous 

manner, avoiding interference in the detection signal caused by multiple kernels falling 

simultaneously. The conveyor belt is responsible for transporting the material samples to be tested at 

a constant speed to its end point, where they fall freely. Under gravity, the materials descend along 

a parabolic trajectory and impact the central area of the inclined sensing plate positioned directly 

below. The impact sensing unit, serving as the core detection component, has its plate mounted at a 

specific angle to the horizontal plane. This ensures that the wheat kernels rebound upon impact, 

generating a distinct impact signal. After collision, the materials detach from the surface of the 

sensing plate due to the rebound force and enter the collection bin, which is designed to receive the 

fallen materials. 

 

Figure 7. Schematic Diagram of the Overall Mechanical Structure of the Loss Detection Device. 1. Conveyor Belt 

2. Sensitive Plate 3. Sensitive Plate Fixing Bracket 4. Collection Box. 
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2.2.5. Orthogonal Experiments Determine Experimental Factors 

To achieve accurate automatic identification and separation of wheat kernels and straw, this 

study determines the voltage signal threshold range for their impact on the sensing plate through 

bench experiments. The experimental system mainly consists of a feeding system, a conveyor belt, a 

sensing plate, a data acquisition computer, and an ESP32 microcontroller control system. Wheat 

kernels and wheat straw segments ranging from 50mm to 150mm in length were selected as 

experimental subjects, with independent experiments conducted for each material type. In each 

experiment, 1000 wheat kernels and 400 straw segments were randomly selected as samples. 

Three key factors were set in the experiments: the vertical installation height from the conveyor 

plane to the center of the sensing plate, the inclination angle of the sensing plate, and the conveyor 

belt speed. A three-factor, three-level orthogonal experimental design was adopted. The 

experimental plan is shown in Table 2, and the orthogonal design tables are presented in Tables 3 

and 4. 

During the experiments, the system automatically completed the entire process of material 

transportation, free fall, impact on the sensing plate, and data acquisition. The dynamic response 

signal generated by each impact was converted by the ESP32 microcontroller via analog-to-digital 

conversion, and the voltage characteristic values were recorded in real time using the PLX-DAQ tool. 

All data from different materials were imported into Origin statistical analysis software to plot 

normal distribution fitting curves. The mathematical expectation (μ) of each normal distribution 

curve was recorded as valid sensor data in the orthogonal experimental tables, with the normal 

distribution plots for wheat and straw orthogonal experiment data shown in Figures 8 and 9, 

respectively. 

The range analysis method was applied to process the orthogonal experimental results. For each 

factor, the average experimental result under different levels was calculated, and the range of the 

factor was derived based on these averages. The magnitude of the range reflects the degree of 

influence of each factor on the ADC value: a larger range indicates a more significant influence of that 

factor on the results. 

Table 2. Experimental Factors and Levels. 

Level 

Factor 

Factor 

Installation height(mm) Installation angle(°) Conveyor belt speed(m/min) 

1 350 30 2.7 

2 450 40 5.3 

3 550 45 8 

Table 3. Orthogonal Experimental Design for Wheat Tests. 

Orthogonal Design Table 
Mathematical Expectation of Sensor Data 

Number Factor 1 Factor 2 Factor 3 

1 1 1 1 396.992 

2 2 2 1 756.812 

3 3 3 1 542.694 

4 3 2 2 720.723 

5 2 1 2 613.182 

6 1 3 2 351.294 

7 1 2 3 543.316 

8 2 3 3 423.106 

9 3 1 3 835.173 

Mean 1 430.534 615.116 565.499  

Mean 2 597.700 673.617 561.733  

Mean 3 699.530 439.031 600.532  

Extreme difference 268.996 234.586 38.799  
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Table 4. Orthogonal Experimental Design for Straw Tests. 

Orthogonal Design Table 
Mathematical Expectation of Sensor Data 

Number Factor 1 Factor 2 Factor 3 

1 1 1 1 88.004 

2 2 2 1 96.902 

3 3 3 1 88.102 

4 3 2 2 132.078 

5 2 1 2 113.886 

6 1 3 2 64.520 

7 1 2 3 70.846 

8 2 3 3 89.442 

9 3 1 3 130.436 

Mean 1 74.457 110.775 91.003  

Mean 2 100.077 99.942 103.495  

Mean 3 116.872 80.688 96.908  

Extreme difference 42.415 30.087 12.492  

 

Figure 8. Normal Distribution Plot of Wheat Impact Test. 

 

Figure 9. Normal Distribution Plot of Straw Impact Test. 

Analysis of the orthogonal experimental results for wheat indicates, based on the range of the 

mean values under different factor levels, that the installation height has the greatest influence on the 

sensor data, followed by the installation angle, and then the conveyor belt speed. The sensor reading 
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for wheat impacting the sensing plate reaches its maximum when the installation height is 550mm, 

the sensing plate tilt angle is 40°, and the conveyor belt speed is 8 m/min. Analysis of the orthogonal 

experimental results for straw shows that the sensor reading for straw impacting the sensing plate 

reaches its minimum when the installation height is 350mm, the sensing plate tilt angle is 45°, and 

the conveyor belt speed is 2.7m/min. 

3. Results 

3.1. Response Surface Methodology for Validating Experimental Factors 

Based on the orthogonal experimental results, the data were analyzed using Design-Expert 

software to perform quadratic regression fitting. Analysis of variance was conducted for wheat and 

straw, as shown in Tables 5 and 6. The tables indicate that the P-values for both wheat and straw 

models are less than 0.0001 (highly significant), while the P-values for the lack-of-fit term are greater 

than 0.05 (not significant), indicating good model fit. The R² values for both wheat and straw models 

exceed 0.99, and the difference between the adjusted and predicted coefficients is less than 0.2, 

demonstrating that the models accurately represent the experimental data. The quadratic regression 

model for wheat impacting the sensing plate is given by Equation (8), and that for straw is given by 

Equation (9). The response surfaces illustrating the interactive effects of the vertical installation height 

from the conveyor plane to the center of the sensing plate, the horizontal inclination angle of the 

sensing plate, and the conveyor belt speed on the sensor readings are shown in Figure 10. 

Table 5. Analysis of Variance for Quadratic Regression Model in Wheat Experiments. 

Source Sum of Squares df Mean Square F-value p-value  

Model 2.784E+05 9 30933.60 88.61 < 0.0001 significant 

A-Height 1.167E+05 1 1.167E+05 334.38 < 0.0001  

B-Angle 7548.03 1 7548.03 21.62 0.0056  

C-Speed 2677.69 1 2677.69 7.67 0.0394  

AB 19.57 1 19.57 0.0561 0.8222  

AC 3120.40 1 3120.40 8.94 0.0305  

BC 3421.43 1 3421.43 9.80 0.0259  

A2 61749.90 1 61749.90 176.88 < 0.0001  

B2 60228.23 1 60228.23 172.52 < 0.0001  

C2 12650.28 1 12650.28 36.24 0.0018  

Residual 1745.51 5 349.10    

Lack of Fit 1538.67 3 512.89 4.96 0.1724 not significant 

Pure Error 206.85 2 103.42    

Cor Total 2.801E+05 14     

Table 6. Analysis of Variance for Quadratic Regression Model in Straw Experiments. 

Source Sum of Squares df Mean Square F-value p-value  

Model 6332.21 9 703.58 77.14 < 0.0001 significant 

A-Height 3440.89 1 3440.89 377.26 < 0.0001  

B-Angle 2511.49 1 2511.49 275.36 < 0.0001  

C-Speed 0.7657 1 0.7657 0.0840 0.7836  

AB 0.0056 1 0.0056 0.0006 0.9811  

AC 7.74 1 7.74 0.8489 0.3991  

BC 14.06 1 14.06 1.54 0.2694  

A2 217.58 1 217.58 23.86 0.0045  

B2 34.16 1 34.16 3.75 0.1107  

C2 78.03 1 78.03 8.56 0.0328  

Residual 45.60 5 9.12    
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Lack of Fit 30.92 3 10.31 1.40 0.4417 not significant 

Pure Error 14.68 2 7.34    

Cor Total 6377.81 14     

 

   
(a) 

   
(b) 

Figure 10. Response Surface of Sensor Data for Wheat and Straw Impact on the Sensitive Plate. (a)Wheat Impact 

Sensor Data Response Surface on the Sensitive Board; (b)Straw Impact Sensor Data Response Surface on the 

Sensitive Plate. 
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Y1 represents the number of wheat grains striking the sensitive plate. 

A1 is the vertical mounting height from the conveyor belt plane to the center of the sensitive 

plate. 

B1 is the horizontal tilt angle of the sensitive plate. 

C1 is the conveyor belt speed. 
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Y2 represents the number of straw impacts on the sensitive plate. 

A2 is the vertical mounting height from the conveyor belt plane to the center of the sensitive 

board. 

B2 is the horizontal tilt angle of the sensitive plate. 

C2 represents the conveyor belt speed. 

Based on the above regression models Y₁ and Y₂, under the condition of maximizing the target 

value for wheat, the optimal solution provided by the software is as follows: a vertical installation 

height from the conveyor plane to the center of the sensing plate of 550mm, a horizontal inclination 

angle of the sensing plate of 37.5°, and a conveyor belt speed of 8.0m/min. For straw, under the 

condition of minimizing the target value, the optimal solution provided by the software is a vertical 

installation height of 350mm, a sensing plate inclination angle of 45°, and a conveyor belt speed of 

2.7m/min. This indicates that the optimal conditions for different materials obtained through 

response surface analysis are essentially consistent with those derived from the orthogonal 

experiments, confirming these as the best operational choices for the respective materials. 

To better distinguish between wheat and straw, the difference between the mean value for wheat 

and the corresponding mean value for straw under the same factor level was calculated. The 
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condition yielding the maximum difference was selected as the optimal condition for threshold-based 

discrimination. As shown in Table 7, the best choice is an installation height of 550mm, a sensing 

plate inclination angle of 40°, and a conveyor belt speed of 8m/min. Under these conditions, the 

separation between the ADC values of the materials is the greatest, the threshold boundary is the 

most distinct, and consequently, the calculation of the loss rate is most effective and the identification 

performance is optimal. 

Table 7. Analysis of Means. 

 
Factor 1 Factor 2 Factor 3 

Mean 1 Mean 2 Mean 3 Mean 1 Mean 2 Mean 3 Mean 1 Mean 2 Mean 3 

Wheat 430.534 597.700 699.530 615.116 673.617 439.031 565.499 561.733 600.532 

Straw 74.457 100.077 116.872 110.775 99.942 80.688 91.003 103.495 96.908 

difference 356.077 497.623 582.658 504.341 573.675 358.343 474.496 458.238 503.624 

3.2. Determine the Threshold for the Optimal Experimental Factors 

Wheat kernels and wheat straw segments ranging from 50 mm to 150 mm in length were selected 

as experimental subjects, with independent experiments conducted for each material type. In each 

experiment, 1000 wheat kernels and 400 straw segments were randomly selected as samples. The 

experimental conditions were set as follows: a vertical distance of 550 mm between the sensing plate 

and the conveyor plane, an angle of 40° between the sensing plate and the horizontal plane, and a 

conveyor belt speed of 8 m/min. The normal distribution plot of the experimental results is shown in 

Figure 11. 

 

Figure 11. Normal Distribution Plot for the Threshold Determination Experiment of Wheat and Straw. 

Based on the characteristic analysis of the normal distribution, the ADC values for wheat falling 

within the range greater than 423 (μ - 2σ) encompass approximately 95.45% of the data. Similarly, the 

ADC values for straw falling within the range less than 254 (μ + 2σ) cover approximately 95.45% of 

the data. Accordingly, 423 was set as the lower threshold for wheat identification, and 254 was set as 

the upper threshold for straw identification. For samples with ADC values between 254 and 423, the 

discrimination was performed based on the distribution characteristics of the data within a sliding 

window. 

3.3. Experimental Verification and Analysis 

To verify the accuracy of the experiment, wheat kernels and wheat straw segments were 

randomly selected for testing under the following conditions: a vertical distance of 550 mm from the 
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conveyor plane to the center of the sensing plate, a sensing plate installation angle of 40°, and a 

conveyor belt speed of 8 m/min. The experimental results are presented in Table 8. The results 

indicate that the recognition rate for cleaning loss can exceed 97%. 

Table 8. Wheat and Straw Impact Experiments. 

Types 
Manual inspection of actual 

quantity per unit 

Number of sensors 

detected/per unit 
Sensor error error rate 

Wheat 453 448 5 1.1% 

Straw 393 382 11 2.8% 

4. Discussion 

This study addresses the widespread challenge of high cleaning loss rates during mechanized 

wheat harvesting by designing and developing a cleaning loss detection device based on piezoelectric 

vibration sensing. By integrating theoretical modeling, discrete element simulation, and experimental 

validation, it demonstrates a technical approach for distinguishing grains from straw through 

material impact signals, providing a precise sensing solution for intelligent operation of combine 

harvesters. 

The research mechanistically reveals the fundamental differences in impact dynamics between 

wheat kernels and straw via discrete element simulation. The established particle models and 

collision process simulations show significant distinctions in peak impact force and rise time between 

the two materials, while trajectory analysis confirms the absence of secondary collisions. This 

fundamentally validates the feasibility of classification using transient impact signals. Theoretical 

analysis based on the direct piezoelectric effect and a simple harmonic motion model further clarifies 

the quantitative relationship between material physical properties and sensor output signals, 

establishing a theoretical foundation for subsequent threshold discrimination. Systematic parameter 

optimization experiments identified the optimal operating parameter combination that maximizes 

signal distinguishability: installation height of 550 mm, sensing plate inclination of 40°, and conveyor 

belt speed of 8 m/min. Under these conditions, the ADC values of wheat and straw exhibit highly 

separated distributions, enabling robust classification thresholds to be set based on statistical 

principles (μ ± 2σ). This process represents a complete research cycle, transitioning from simulation 

to experiment and from qualitative analysis to quantitative decision-making. Bench verification 

experiments confirm the excellent performance of the device, with recognition accuracy exceeding 

97% for both wheat kernels and straw, and an overall loss rate calculation error of less than 3%, 

demonstrating that the proposed method is both theoretically viable and practically reliable. The 

successful integration of discrete element simulation analysis with signal processing technology 

provides a “simulation-first, experiment-optimized” research paradigm for agricultural material 

identification, which can be extended to detection scenarios involving other grains or materials. 

5. Conclusions 

To address the practical need for detecting the cleaning loss rate in wheat combine harvesters, 

this study designed and developed a cleaning loss detection device based on the analysis of vibration 

signals from a sensing plate. By integrating theoretical analysis, simulation verification, and bench 

testing, the following conclusions were drawn. 

1. A loss detection method utilizing discrete element simulation and signal processing techniques 

was employed. With the aid of Blender and EDEM software, discrete element models of wheat 

kernels and straw were established. Simulation analysis revealed significant differences in both 

contact force and contact duration when these materials impact the sensing plate, and it was 

confirmed that the material trajectory does not lead to a second contact with the plate. These 

findings theoretically demonstrate the feasibility of material identification by detecting impact-
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induced vibration signals, thereby providing a theoretical foundation for the design of the 

detection device. 

2. Through a three-factor, three-level orthogonal experiment and range analysis, the primary and 

secondary influence of each factor on the impact signal was clarified. The optimal parameter 

combination for achieving the most distinct discrimination between wheat and straw was 

determined as follows: installation height of 550 mm, sensing plate tilt angle of 40°, and conveyor 

belt speed of 8 m/min. Verification experiments demonstrated that under these parameters, the 

distribution intervals of the ADC values of the materials are maximally separated, providing a 

basis for accurate threshold setting. Specifically, the ADC values of wheat samples are 

predominantly distributed in the range ≥423, whereas most ADC values of straw are below 254. 

3. Real-time and accurate calculation of the cleaning loss rate was achieved. Through bench 

experiments, the signal threshold range for the impact of wheat kernels and straw on the sensing 

plate was calibrated, enabling precise material identification and classification. The 

experimental results demonstrate that the detection device achieves recognition accuracy rates 

exceeding 97% for both wheat kernels and straw, with an overall detection error of less than 3%. 

This provides an important theoretical foundation and data support for the practical application 

and promotion of the cleaning loss detection device in field operating scenarios. 
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