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A B S T R A C T

Regarding the issue of low granulation qualification rates during the granulation coating of red 
clover seeds, this study theoretically analyzed the force conditions of seeds and powder particles 
under the action of liquid to obtain the main factors affecting seed coating quality. During the 
seed granulation coating process, an intermittent powder supply method combined with 
continuous liquid supply was utilized to control the ratio of powder to liquid. Using the granu
lation qualification rate as the evaluation index, single-factor experiments were conducted to 
investigate the effects of coating pan fill ratio, single powder supply amount, powder supply 
interval, and liquid supply amount on the quality of red clover seed granulation coating. Based on 
the results of the single-factor experiments, orthogonal experiments were conducted, revealing 
that the interaction of factors would influence the experimental results. To further optimize the 
quality of seed granulation coating, the mechanisms of powder and liquid in the adhesion process 
on granulation coating were explored. Orthogonal experiments were conducted on the process 
parameters of the granulation coating machine, and the GA-BP model was employed for opti
mization and solution. The optimal process parameter combination obtained was a coating pan 
fill ratio of 33.78 %, a single powder supply amount of 5.17 g, a powder supply interval of 7.7 s, 
and a liquid supply amount of 0.42 mL/s. Under this optimal parameter combination, granulation 
coating experiments with red clover seeds were performed, and the seed granulation coating 
quality was relatively high, with a granulation qualification rate of 97.7 %. The research results 
can provide a reference for optimization experiments on coating irregular seeds.

1. Introduction

Red clover (Trifolium pratense L.) is a perennial herbaceous plant of the legume clover genus, and is one of the important forage 
crops for artificial grassland establishment and ecological restoration in arid and semi-arid regions [1]. Due to its relatively small seed 
size, pre-sowing granulation coating treatment can improve seed suitability for sowing and germination rate [2]. Seed granulation 
coating technology involves the use of specific powders and liquids through mechanical processing or manual operations to produce 
uniform, regularly shaped small spherical seeds [3,4]. Granulation coating can improve the precision of mechanized precision seeding 
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and emergence rate, while also providing protection against diseases, wind, and insect damage. Both domestically and internationally, 
grasseeds are widely sown using aerial broadcasting techniques [5–7]. However, granulation coating technology overcomes the issues 
of traditional broadcasting, such as seed drift and low emergence rates, creating favorable conditions for modern seeding practices [8].

Granulation coating technology has been extensively researched both domestically and internationally. Numerous scholars have 
conducted experimental studies on the efficiency and operational quality of granulation coating processes using various types of 
coating equipment [9,10]. Hou et al. utilized EDEM software to simulate the granulation coating effect of grasseeds under vibration 
force fields and designed a granulation coating machine suitable for grasseeds based on the simulation results [11–13]. Wang et al. 
employed a second-order rotatable central composite design to investigate the effects of process parameters on peanut seed coating 
qualification rate and breakage rate [14]. Researchers have conducted extensive experimental studies to address issues such as low 
coating quality and granulation qualification rates in granulation coating machines, employing various methods to improve seed 
granulation coating quality. However, most studies have overlooked the impact of powder and liquid addition processes on granu
lation coating quality. Due to the complex procedures involved in granulation coating experiments, conventional trials are inadequate 
for investigating the mechanisms of red clover seed granulation coating. This limitation has led to issues such as suboptimal coating 
quality and low qualification rates in the granulation coating process of red clover seeds.

In recent years, with the advancement of machine learning techniques, some scholars have employed genetic algorithms, neural 
networks, and other technologies to solve traditional models, yielding more accurate results [15–17]. In traditional orthogonal 
experiment optimization methods, the accuracy of experimental results is often affected by problem complexity and sample size [18,
19]. Compared to traditional optimization experiments, neural network models possess stronger fitting capabilities and can fit arbi
trary complex nonlinear functions. Through multi-layer network structures, neural network models extract complex nonlinear features 
from data, avoiding the multicollinearity issues encountered in linear regression, resulting in more reliable fitting outcomes [20,21]. 
For optimization algorithms, numerical methods primarily rely on iterative computations to solve problems. However, conventional 
iterative methods are prone to falling into local minima traps, resulting in “infinite loops” that impede further iteration. Genetic al
gorithms effectively overcome this limitation, offering a global optimization approach. Consequently, neural networks based on ge
netic algorithms yield more reliable optimization results compared to other algorithms. Currently, numerous scholars employ this 
method to optimize and solve complex models, with the GA-BP model—combining Back Propagation Neural Networks and Genetic 
Algorithms—finding particularly widespread application across various domains [22,23]. However, there is a lack of research utilizing 
the GA-BP model to address the complex nonlinear problems inherent in the granulation coating process investigated in this study.

To address the issue of low granulation qualification rates during the granulation coating process of red clover seeds, this study 
theoretically analyzed the force conditions of seeds and powder particles under the action of liquid to obtain the main factors affecting 
seed coating quality. Through single-factor experiments, the effects of different process parameters, including coating pan fill ratio, 
single powder supply amount, powder supply interval, and liquid supply amount, on the quality of red clover seed granulation coating 
were investigated using the granulation qualification rate as the evaluation index, to determine the suitable parameter range for red 
clover seed granulation coating.

To further improve the quality of seed granulation coating, orthogonal experiments were conducted on the process parameters of 
the granulation coating machine, and the GA-BP model was employed for optimization and solution. This allowed the identification of 
the process parameter combination that resulted in a relatively high granulation qualification rate. The complete granulation coating 
process technology was thus established, providing a reference for practical production.

2. Overall structure and working principle of granulation coating machine

The granulation coating machine mainly consists of a powder feeding device, liquid feeding device, granulation device, and control 

Fig. 1. Structure diagram of seed pelletizing coating machine.
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system, as shown in Fig. 1. The powder feeding device comprises a powder hopper for storing powder and a star-shaped turntable for 
discharging powder, where the star-shaped turntable rotates under the control of a stepper motor. The liquid feeding device consists of 
a liquid tank and control valve. The granulation device primarily includes a coating pan and a motor that provides power. The three- 
phase asynchronous motor drives the spinning disc inside the coating pan to rotate, providing a space for mixing seeds, powder, and 
liquid.

During the granulation coating experiment, a certain mass of seeds is placed inside the coating pan, and the spinning disc is rotated 
by the motor. Then, the stepper motor drives the star-shaped turntable to rotate, allowing a metered amount of powder to fall from the 
hopper onto the spinning disc and thoroughly mix with the seeds. Afterward, the liquid switch is opened to provide an appropriate 
amount of liquid to the mixture of seeds and powder inside the pan. As the powder adheres and coats the seed surface under the action 
of the liquid, this powder feeding step is intermittently repeated. Throughout the coating process, the powder is supplied in batches 
with metered amounts controlled by software, while the liquid is continuously supplied. Under the rotation of the spinning disc, the 
powder evenly adheres to the seed surface, enabling the seeds to effectively and rapidly form granulated coated particles. From the 
granulation coating process, it is found that the mixing and adhesion of powder and seeds inside the coating pan affect the granulation 
coating effect of the seeds.

3. Theoretical analysis of granulation coating process

During the seed granulation coating process, the primary phenomenon is the adhesion of powder to the seed surface under the 
action of liquid. After the powder and seeds come into contact with the liquid, the contact forces between the materials become 
complex. By analyzing the non-contact adhesive force and contact adhesive force between materials, the interaction mechanism of 
materials after wetting can be revealed.

In the granulation coating process, van der Waals forces dominate among non-contact adhesive forces. These forces are the primary 
adhesive forces in the fluidization of fine particles, and the interactions produced by van der Waals forces are the essential charac
teristics of agglomeration between cohesive particles [24,25]. The continuous layer-by-layer adsorption on the surface of granulation 
powder particles is a fine particle fluidization bonding process dominated by intermolecular forces. As the liquid agent increases, the 
moisture content of the granulation powder rises, gradually intensifying the agglomeration effect between particles. The van der Waals 
force between materials can be expressed as: 

F=
A

6πh3 (1) 

where F is the attractive force due to van der Waals force, N; A is the constant for the interaction between the two materials, J; and h is 
the adsorbed water film thickness, mm. The adsorbed water film thickness can be estimated from the particle specific surface area, 
according to the following formula: 

h=
ω
sρ (2) 

where ω is the particle moisture content, %; s is the particle specific surface area, m2⋅g− 1; and ρ is the density of water.
Through the formula, it is known that particle moisture content is an important factor affecting the granulation performance of 

seeds. The factors influencing particle moisture content are the materials and liquid content. In subsequent granulation experiments, 
the liquid supply will be considered as one of the influencing factors.

In the contact adhesive force during the granulation coating process, the liquid bridge force is the main contributor. Many scholars 
have proposed models to describe the liquid bridge force. For example, Tatemoto et al. described the liquid bridge force as a function of 
the dimensionless liquid bridge volume and particle distance [26]. Girardi et al. conducted computational fluid dynamics discrete 
element method simulations using their proposed liquid bridge force model [27]. Among them, Yakov’s liquid bridge force calculation 
formula was further simplified to: 

Fs(φ)= 2πFb

(

1+
4.125

π
̅̅̅̅̅̅
φε√

)

(3) 

where Fs is the liquid bridge force, Fb is the liquid surface tension, N/m; φ is the liquid bridge volume ratio; and ε is the bed void 
fraction.

In the millet seed granulation coating experiment, the adhesive liquid used was only water. Therefore, the liquid surface tension 
value in Equation (3) is the surface tension of water. The liquid bridge volume ratio is the ratio of the liquid bridge volume to the 
particle volume. Thus, it can be seen that the liquid amount and material volume play a decisive role in the liquid bridge force. 
Combined with the analysis results of Equations (1) and (2), the powder volume fraction also plays an important role in the granulation 
coating process.
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4. Seed granulation coating process parameter experiments

4.1. Experimental materials and methods

According to the process flow, 100 g of red clover seeds were placed in the coating pan, followed by the addition of powder in 
batches and continuous supply of liquid. The powder was cumulatively supplied at a seed-to-powder ratio of 1:3 (300 g) to ensure the 
powder could adhere to the seed surface under the action of the liquid. The granulation qualification rate of the granulation coating 
experiment was evaluated against the requirements of GB/T 15671–2009 [28]. The granulation qualification rate J was calculated 
using the following equation: 

J=
Zh

Zb + Zh
× 100% (4) 

where J is the granulation qualification rate, Zh is the number of red clover seeds completely coated with powder and consisting of only 
one particle, and Zb is the sum of the number of red clover seeds not completely coated and the number of coated red clover seeds with 
more than one particle.

Theoretical analysis of the seed granulation coating process indicates that the powder supply amount, powder supply interval, 
volume ratio between materials, and liquid supply amount all affect the granulation coating effectiveness. Combining this with actual 
production practices of granulation coating machines, preliminary experiments were conducted to screen the range of coating process 
parameters. Results showed that the seed granulation coating process requires a certain space, necessitating a coating pan fill ratio 
within 60 %. During granulation, excessive or insufficient supply of powder and liquid leads to poor granulation effects. Therefore, the 
selected ranges are 3–11 g for single powder supply amount, 3–11 s for powder supply interval, and 0.30–0.50 mL/s for liquid supply 
amount. Subsequently, single-factor and multi-factor orthogonal experiments were conducted to investigate the effects of coating pan 
fill ratio, single powder supply amount, powder supply interval, and liquid supply amount on seed granulation coating.

Fig. 2. Results of one-way test: (a) The effect of coating pan fill ratio on passing rate of pelletizing, (b) The effect of single powder supply amount on 
the passing rate of pelletizing, (c) The effect of powder supply interval on the passing rate of pelletizing, (d) The effect of liquid supply amount on 
the passing rate of pelletizing.
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4.2. Single factor experiments

During the granulation coating process, the volume ratio of seeds to powder in the coating pan, i.e., the coating pan fill ratio, affects 
the granulation qualification rate. The pass rate of pelletization was determined using the statistical method described in Equation (4). 
To investigate the relationship between this factor and the granulation qualification rate, the single powder supply amount was fixed at 
7 g, the powder supply interval at 7 s, and the liquid supply amount at 0.40 mL/s. The coating pan fill ratio was adjusted to 20 %, 30 %, 
40 %, 50 %, and 60 %, and granulation coating experiments were conducted at these five levels. The experimental data are shown in 
Fig. 2a. As can be seen from the figure, when other factors were fixed at one level, the granulation qualification rate increased as the fill 
ratio increased from 20 % to 30 %. However, when the fill ratio increased from 30 % to 60 %, the granulation qualification rate 
decreased with increasing fill ratio. Therefore, the granulation qualification rate was highest, and the seed granulation coating effect 
was best when the coating pan fill ratio was 30 %.

During the granulation coating process, the size of the single powder supply amount affects the granulation qualification rate, 
without changing the total powder supply. To investigate the relationship between this factor and the granulation qualification rate, 
the coating pan fill ratio was fixed at 40 %, the powder supply interval at 7 s, and the liquid supply amount at 0.40 mL/s. The single 
powder supply amount was adjusted to 3, 5, 7, 9, and 11 g, and granulation coating experiments were conducted at these five levels. 
The experimental data are shown in Fig. 2b. As can be seen from the figure, when other factors were fixed at one level, the granulation 
qualification rate increased as the single powder supply amount increased from 3 g to 7 g. However, when the single powder supply 
amount increased from 7 g to 11 g, the granulation qualification rate decreased. Therefore, the granulation qualification rate was 
highest, and the seed granulation coating effect was best when the single powder supply amount was 7 g.

During the granulation coating process, the powder supply interval affects the granulation qualification rate. To investigate the 
relationship between this factor and the granulation qualification rate, the single powder supply amount was fixed at 7 g, the coating 
pan fill ratio at 40 %, and the liquid supply amount at 0.40 mL/s. The powder supply interval was adjusted to 3, 5, 7, 9, and 11 s, and 
granulation coating experiments were conducted at these five levels. The experimental data are shown in Fig. 2c. As can be seen from 
the figure, when other factors were fixed at one level, the granulation qualification rate increased as the powder supply interval 
increased from 3 s to 7 s. However, when the powder supply interval increased from 7 s to 11 s, the granulation qualification rate 
decreased. Therefore, the granulation qualification rate was highest, and the seed granulation coating effect was best when the powder 
supply interval was 7 s.

During the granulation coating process, the liquid supply amount affects the granulation qualification rate. To investigate the 
relationship between this factor and the granulation qualification rate, the single powder supply amount was fixed at 7 g, the coating 
pan fill ratio at 40 %, and the powder supply interval at 7 s. The liquid supply amount was adjusted to 0.30, 0.35, 0.40, 0.45, and 0.50 
mL/s, and granulation coating experiments were conducted at these five levels. The experimental data are shown in Fig. 2d. As can be 
seen from the figure, when other factors were fixed at one level, the granulation qualification rate increased as the liquid supply 
amount increased from 0.30 mL/s to 0.40 mL/s. However, when the liquid supply amount increased from 0.40 mL/s to 0.50 mL/s, the 
granulation qualification rate decreased. Therefore, the granulation qualification rate was highest, and the seed granulation coating 
effect was best when the liquid supply amount was 0.40 mL/s.

4.3. Multi-factor orthogonal experiments

Comprehensively observing the seed granulation coating process, it is known that the results of the red clover seed granulation 
coating experiments are affected under different process parameters. However, the single factor experiments did not consider the 
coupled effects of multiple factors on the experimental results. Therefore, orthogonal experiments were conducted to investigate the 
interactive effects of factors on seed granulation coating. From the single factor experiments, it is known that when the coating pan fill 
ratio is 30 %, the single powder supply amount is 7 g, the powder supply interval is 7 s, and the liquid supply amount is 0.40 mL/s, the 
granulation qualification rates are the maximum values in their respective groups, indicating the highest granulation qualification rate 
during granulation coating in this group. Considering the interactive effects between factors, orthogonal experiments were designed 
based on the principles of orthogonal experiments. The coating pan fill ratio, single powder supply amount, powder supply interval, 
and liquid supply amount were selected as the experimental factors, and the granulation qualification rate, which measures the 
granulation coating effect, was used as the evaluation index. The factor levels are shown in Table 1, and the experimental design and 
results are shown in Table 2.

For the results of the red clover seed granulation coating experiments, considering the influence patterns of multiple factors on the 
granulation qualification rate, as shown in Fig. 3. Under the action of multiple factors, the variation of the granulation qualification 

Table 1 
Table of experimental factors.

Levels Factors

Coating pan fill ratio 
B (%)

Single powder supply amount 
C (g)

Powder supply interval 
D (s)

Liquid supply amount 
E (mL⋅s− 1)

− 1 20 5 5 0.35
0 30 7 7 0.40
+1 40 9 9 0.45
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rate is consistent with the single factor experimental results, and the influence degrees of the factors on the granulation qualification 
rate are different. As shown in Fig. 3a, analyzing the response surface plots of the powder supply interval and coating pan fill ratio on 
the granulation qualification rate, when the single powder supply amount and liquid supply amount factors are at the zero level, fixing 
the powder supply interval, as the coating pan fill ratio increases, the granulation qualification rate shows a trend of first increasing 
and then decreasing; fixing the coating pan fill ratio, as the powder supply interval increases, the granulation qualification rate shows a 
trend of first increasing and then decreasing.

As shown in Fig. 3b, analyzing the response surface plots of the liquid supply amount and coating pan fill ratio on the granulation 
qualification rate, when the single powder supply amount and powder supply interval factors are at the zero level, fixing the liquid 
supply amount, as the coating pan fill ratio increases, the granulation qualification rate shows a trend of first increasing and then 
decreasing; fixing the coating pan fill ratio, as the liquid supply amount increases, the granulation qualification rate shows a trend of 
first increasing and then decreasing.

As shown in Fig. 3c, analyzing the response surface plots of the powder supply interval and liquid supply amount on the granulation 

Table 2 
Test plan and results.

No. B (%) C (g) D (s) E (mL⋅s− 1) The granulation qualification rate J (%)

1 0 0 0 0 92.6
2 1 0 0 − 1 71.1
3 − 1 0 0 − 1 68.5
4 0 0 1 − 1 68.8
5 0 0 − 1 1 71.4
6 0 1 1 0 78.2
7 0 0 1 1 89.4
8 1 0 1 0 90.1
9 − 1 0 1 0 79.1
10 0 0 0 0 93.4
11 1 0 0 1 89.9
12 1 1 0 0 79.6
13 − 1 0 0 1 76.4
14 0 0 0 0 92.4
15 0 − 1 1 0 93.4
16 0 − 1 − 1 0 92.4
17 0 − 1 0 1 96.6
18 − 1 0 − 1 0 80.4
19 0 0 0 0 94.4
20 0 − 1 0 − 1 90.3
21 1 − 1 0 0 91.3
22 − 1 1 0 0 73.4
23 0 1 0 1 78.4
24 1 0 − 1 0 76.1
25 0 0 − 1 − 1 70.4
26 0 1 − 1 0 64.4
27 − 1 − 1 0 0 95.4
28 0 1 0 − 1 60.4
29 0 0 0 0 91.2

Fig. 3. Response surface of the granulation qualification rate: (a) Interaction between the powder supply interval and the coating pan fill ratio, (b) 
Interaction between the liquid supply amount and coating pan fill ratio, (c) Interaction between the powder supply interval and liquid sup
ply amount.
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qualification rate, when the coating pan fill ratio and single powder supply amount factors are at the zero level, fixing the powder 
supply interval, as the liquid supply amount increases, the granulation qualification rate shows a trend of first increasing and then 
decreasing; fixing the liquid supply amount, as the powder supply interval increases, the granulation qualification rate shows a trend of 
first increasing and then decreasing.

4.4. GA-BP model analysis

The response surface method experiments actively collect data based on multivariate linear regression to obtain regression 
equations with good properties. Although the variation of the granulation qualification rate under the interaction of two factors 
showed certain regularity, it could not be clearly described by a simple linear relationship. In recent years, with the development of 
machine learning, compared with the regression model obtained by the response surface method experiments, modern intelligent 
optimization algorithms can also perform good regression fitting and modeling. The GA-BP algorithm combines the global search 
capability of genetic algorithms with the nonlinear fitting ability of BP neural networks. This algorithm effectively handles multi- 
parameter optimization problems, making it suitable for solving complex process parameter optimization issues such as seed gran
ulation coating. Compared to traditional optimization methods, the GA-BP algorithm can better address potential interactions between 
parameters, thereby enhancing optimization effectiveness. The neural network structure includes a series of interconnected neuron 
layers, mainly composed of three layers: input layer, hidden layer, and output layer, with each layer connected by neurons to another 
layer. These neurons pass information from one layer to another. In this way, the information reaches the output layer.

Using the results of orthogonal tests as the dataset, the GA-BP algorithm is used for regression fitting and modeling. The dataset (29 
sets) is randomly divided into a training set (21 sets, 70 %), a test set (4 sets, 15 %), and a validation set (4 sets, 15 %). The mapminmax 
function is selected to normalize the input and output data to eliminate the influence of dimensions.

The GA-BP algorithm fully utilizes the advantages of the genetic algorithm in global search. It takes the genetic algorithm as the 
main body and optimizes the structure and parameters of the BP neural network. Through operations such as selection, crossover, and 
mutation, the genetic algorithm evolves each individual (a set of BP network parameters) toward a direction of higher fitness. In the 
GA-BP settings, the population size is 100, the number of iterations is 1000, the normGeomSelect function is used, the crossover co
efficient is 0.8, and the mutation coefficient is 0.2 [29,30]. Selecting the optimal topology structure is the key to the successful 
application of neural networks. The input layer is set with 4 neurons: Single powder supply, Powder supply interval, liquid supply 
amount, and Coating pan fill ratio, and the granulation qualification rate is set as the output layer. The number of hidden layer nodes n 
in the hidden layer is calculated by the following equation: 

n=
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
n1 + n2

√
+ c (5) 

where n1 and n2 are the number of neurons in the input layer and output layer, respectively, and c is a constant ranging from 1 to 11. 
After calculation using Equation (5), the value range of n is 3–13.

The algorithm running platform for this research is MATLAB (MathWorks, U.S.) software. The prediction performance of the 
machine learning model is evaluated using the coefficient of determination R2, mean squared error (MSE), and mean absolute error 
(MAE). A larger R2 indicates a higher degree of model fitting, while smaller MSE and MAE values indicate better model accuracy and 
stability. Due to the limited number of training samples, errors may occur during regression fitting. Therefore, the training was 
repeated three times, and the experimental results are shown in Fig. 4.

From Fig. 4, it can be seen that when the number of hidden layer nodes is 12, the regression model algorithm has the maximum R2 

and the minimum MSE and MAE, indicating that the model fitting degree is higher and the model accuracy and stability are better at 
this point. Therefore, the GA-BP with 12 hidden neurons is selected as the regression model for this research, and the topological 

Fig. 4. Comparison of regression models.
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structure of the established GA-BP model is 3–12-1. As shown in Fig. 5, the Mean Squared Error of the model is selected for performance 
evaluation. From the figure, it can be seen that the Mean Squared Error of the model shows a decreasing trend during the training 
process, indicating that the model’s fitting effect on the training data is gradually improving as the training progresses. The best 
performance is obtained at the 2nd step, at which point the neural network training is basically completed, indicating that the GA-BP 
training has a relatively fast and stable convergence speed. This model can be used for experiments.

The training, validation, and testing performance of GA-BP in this research is analyzed as shown in Fig. 6. From the figure, it can be 
seen that the correlation coefficients for training, validation, testing, and all data are 0.991, 0.994, 0.999, and 0.971, respectively, 
indicating a strong model fitting effect and good generalization ability. The close correlation coefficients of the data indicate that no 
significant overfitting or underfitting has occurred. GA-BP performs outstandingly in this research, obtaining a high-precision model 
with strong generalization ability, which can be used for subsequent experimental research.

The GA-BP has good fitting accuracy. Using the trained model as the fitness function, a MATLAB script was written to conduct 
iterative optimization using the Genetic Algorithm. The individual with the closest fitness was then selected, and the final results 
obtained were: a coating pan fill ratio of 33.78 %, a single powder supply amount of 5.17 g, a powder supply interval of 7.7 s, and a 
liquid supply amount of 0.42 mL/s. Under this optimal parameter combination, granulation coating experiments with red clover seeds 
were performed, and the average granulation qualification rate was 97.7 %. The experimental results indicate that the red clover seed 
granulation coating experiment based on the GA-BP optimization model meets the requirements of GB/T 15671–2009.

5. Discussion

To address the issue of low granulation qualification rates during the granulation coating of red clover seeds, the force conditions of 
the powder and seeds under the action of liquid were theoretically analyzed to obtain the main factors affecting the granulation 
qualification rate. Experiments were then conducted to analyze the effects of various parameters on the granulation qualification rate. 
In the adhesion process between seeds and powder, van der Waals forces, as non-contact adhesive forces, are significantly influenced 
by different types of powders and liquids in terms of the interaction constants between materials and the thickness of adsorbed water 
films. Hydrophilic powders tend to form thicker adsorbed water films, which theoretically reduces van der Waals forces. This char
acteristic necessitates more liquid to promote initial adhesion to the seed surface. Liquid bridge forces, as contact adhesive forces, are 
primarily affected by the liquid surface tension, liquid bridge volume ratio, and bed porosity. In the actual granulation coating process, 
van der Waals forces and liquid bridge forces act simultaneously, with their relative importance potentially varying across different 
stages of the coating process. This dynamic change presents challenges for process parameter optimization. During the parameter 
optimization experiments, it was observed that the multitude of influencing factors complicated the resolution of experimental results. 
To improve the granulation qualification rate of red clover seeds during granulation coating, a neural network machine learning model 
(GA-BP) was introduced to optimize the experimental results.

Compared to the traditional optimization experiments using the response surface methodology (RSM) for parameter optimization, 
the GA-BP model analyzes and processes the data. Although this requires a large amount of iterative calculations and more time, it can 
more accurately solve the nonlinear relationships between variables, which is beneficial for improving the accuracy of experimental 
results [30]. From the theoretical foundations of the two models, the RSM experimental analysis method establishes an effective 
prediction model through different experiments, while the GA-BP is a black-box model that focuses on data analysis, making it easier to 
explore data relationships than designing an experimental system [31]. This research explores the feasibility of using the GA-BP model 
for data analysis of the red clover seed granulation coating process parameter optimization experiments through a neural network 
machine learning model. The experimental results show that the neural network method can be used in the parameter optimization 

Fig. 5. Model mean squared error performance evaluation.
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experiment field to improve simulation accuracy, and this method can provide a reference for other fields involving multi-factor 
optimization experiments.

This study successfully improved the qualification rate of red clover seed granulation coating under laboratory conditions through 
theoretical analysis and experimental optimization. However, translating these research findings to industrial applications still faces a 
series of potential challenges that require further investigation and resolution. Firstly, in scaled-up production, industrial-grade 
equipment may differ significantly from laboratory equipment in design and performance. These differences could affect the uni
form distribution of powder and liquid, thereby impacting coating quality. Parameter optimization specific to industrial equipment 
will be necessary. Moreover, industrial production requires increased efficiency while ensuring quality. The optimal powder supply 
intervals and liquid supply rates obtained in this study may need further optimization to find a balance between quality and efficiency. 
Additionally, factors such as temperature and humidity in industrial environments may differ from laboratory conditions, potentially 
affecting the powder and liquid adhesion process. Future research could focus on optimizing raw material use and energy consumption 
while maintaining granulation qualification rates. This may involve more precise process parameter control and more efficient 
equipment design.

6. Conclusions

This paper focuses on the granulation coating of red clover seeds, analyzing the force conditions of powder particles under the 
action of liquid to identify the main experimental factors affecting the granulation qualification rate of seeds. The GA-BP model is then 
employed to optimize the optimal parameter combination of these main experimental factors, thereby determining the best process 
parameters for the granulation coating of red clover seeds:

Fig. 6. Regression analysis: (a) training, (b) validation, (c) test, (d) all.
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1) By analyzing the force conditions of seeds and powder particles under the action of liquid, combined with the results of single-factor 
experiments, the process parameters affecting the quality of red clover seed granulation coating were determined to be coating pan 
fill ratio, single powder supply amount, powder supply interval, and liquid supply amount.

2) Through orthogonal experiments, it was found that the interaction of factors would influence the experimental results. The GA-BP 
neural network model was introduced to investigate the granulation qualification rate of red clover seeds under the combined 
action of multiple factors. The topological structure of the selected GA-BP model was 3–12-1, and the correlation coefficient was 
0.971, indicating that the model can be used for subsequent experimental research.

3) To further improve the quality of seed granulation coating, the GA-BP model was used to optimize the results of the process 
parameter optimization orthogonal experiments, obtaining a process parameter combination of coating pan fill ratio of 33.78 %, 
single powder supply amount of 5.17 g, powder supply interval of 7.7 s, and liquid supply amount of 0.42 mL/s. Using this process 
parameter combination, the average granulation qualification rate of red clover seeds was approximately 97.7 %.

In industrial production, it may be necessary to process seeds of different varieties or batches, which may vary in shape and surface 
characteristics. This seed diversity might require dynamic adjustment of process parameters based on seed properties. Developing an 
intelligent process control system capable of adapting to different seed characteristics could be a worthwhile direction for exploration.
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