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Abstract—Wet ball mill plays a key role in the grinding 

process, and its load state directly affects production efficiency, 
energy consumption and product quality. Aiming at the 
problems of poor interpretability of pure data-driven models 
and complex modeling of mechanism models under variable 
working conditions, a hybrid prediction model DAPINN 
combining deep learning and physical information is proposed. 
By introducing the deep hidden physics model principle and 
using the characteristics of neural networks to approximate 
arbitrary functions to simulate complex physical partial 
differential equations, the physical interpretability of the model 
is enhanced. At the same time, the model introduces domain 
adaptation technology to improve the prediction accuracy and 
generalization of the model under variable working conditions. 
Experiments were conducted on data collected from a small ball 
mill in the laboratory. The experimental results show that under 
variable working conditions, the prediction accuracy of the 
DAPINN model is better than that of the pure data-driven 
model. 

Keywords—Mill load parameters prediction, PINN, domain 
adaptation, deepHPM 

I. INTRODUCTION 

Wet ball mills are widely used in the grinding process, 
mainly for ore grinding [1]. In the mineral processing process, 
wet ball mills grind ore into finer particles by means of the 
collision and friction of grinding media [2]. The working 
performance of the ball mill, especially its load state, directly 
affects production efficiency, energy consumption and 
product quality [3][4]. Therefore, accurately predicting the 
load parameters of wet ball mills is of great significance for 
improving industrial production efficiency, reducing energy 
consumption and ensuring product quality. 

The load parameters of the wet ball mill usually include 
the material-to-ball volume ratio (MBVR), pulp density (PD) 
[5]. The changes in these parameters are closely related to the 
working efficiency and product quality of the ball mill. For 
example, too high or too low MBVR and PD will affect the 
grinding effect of the material, thereby reducing production 
efficiency or wasting energy [6]. In order to improve the 
product quality of the mill and reduce energy consumption, 
accurate mill load parameter prediction is particularly 
important. However, since the wet ball mill is a large rotating 
equipment in the industrial process, it is impossible to directly 
obtain the accurate mill load parameters [7]. Therefore, 
researchers use soft measurement to establish the mill load 
parameter prediction model [8][9]. 

Traditional mill load parameter prediction methods can be 
divided into two categories: mechanism models [10][11] and 

pure data-driven models [12][13]. Mechanism models mainly 
rely on physical laws and understanding of the internal 
mechanisms of industrial processes to establish models 
[14][15]. However, the grinding process is a highly nonlinear 
system involving multiple factors, and it is challenging to 
establish an accurate mill load parameter model. Compared 
with mechanism models, data-driven models, especially those 
based on deep learning, can make predictions by mining 
hidden information from data [16]. However, the purely data-
driven approach may lead to unsatisfactory results [17]. 

In order to solve the above problems, researchers have 
begun to explore methods that combine deep learning with 
physical information in recent years, hoping to enhance the 
interpretability and accuracy of the model while maintaining 
the generalization ability of the data-driven model [18]. 
Among them, physical information neural network (PINN) is 
an emerging method that uses physical laws as constraints to 
enable the neural network to learn feature representations that 
are more in line with physical laws during training [19]. 
However, the PINN method requires partial differential 
equations as input, and the partial differential equations of mill 
load and vibration signals are often difficult to establish, 
which limits the application of PINN in mill load prediction. 
In addition, under variable operating conditions, there are 
differences in data distribution, which will cause the 
performance of the traditional PINN model to deteriorate 
under new operating conditions. 

To address the above problems, this paper proposes a 
hybrid prediction model  that combines domain adaptation and 
deep hidden physics model (DAPINN). The model draws on 
the principle of deep hidden physics model (deepHPM) [20] 
and uses the characteristics of neural networks to approximate 
arbitrary functions to simulate complex physical partial 
differential equations, thereby avoiding the difficulty of 
directly establishing partial differential equations. At the same 
time, the model also introduces domain adaptation technology 
to improve the accuracy of the model under variable working 
conditions. 

II. GRINDING PROCESS 

Wet ball mill plays an important role in the grinding 
process. Its input mainly includes raw ore, steel ball and water, 
and its output is ore slurry. The ore is ground into finer 
particles mainly through the collision and friction of the 
grinding media, as shown in Fig. 1. 

Mill load is an important parameter that reflects the state 
of a wet ball mill. However, since the ball mill is a large, 
closed, continuously rotating device, the mill load cannot be 
directly measured. In actual practice, the vibration signal of 
the mill is closely related to the mill state. Therefore, the mill 
load parameters can be predicted by soft measurement. 

This work is supported by the National Natural Science Foundation of 
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However, the relationship between the vibration signal and the 
mill load parameters is complex, which makes it difficult to 
establish a mechanism equation that accurately describes the 
relationship between the two. Therefore, how to apply the 
traditional PINN model to the mill load parameter prediction 
task is a problem that needs to be solved. 

III. METHODOLOGY 

A. Problem description 
Assume that the source domain data is 

{ } R
SS S N m

iX x , which contains the corresponding label 

1{ } R
SS S N

iY y . The distribution of the source domain 

data is P . The target domain data is { } R
TT T N m

iX x  , 

which follows the distribution Q , where P Q . SN  and 
TN  represent the number of samples in the source domain and 

the number of samples in the target domain respectively, and 
m  represents the feature dimension of the sample. 

B. Network Structure 
The hybrid model proposed in this paper combines 

DeepHPM and domain adaptation to improve the prediction 
accuracy and interpretability of wet ball mill load parameters. 
The model consists of three parts: feature extraction network, 
prediction network and physical network. The model 
framework is shown in Fig. 2. 

The feature extraction network is responsible for 
extracting features useful for mill load parameters from the 

original input data. The network used is a three-layer 
convolutional layer. By inputting data into the convolutional 
layer, the data dimension is reduced while extracting effective 
information. The features of the source domain and target 
domain data obtained are shown in equation (1): 

 
3 2 1

3 2 1

Conv (Conv (Conv ( )))

Conv (Conv (Conv ( )))

S S

T T

Z X
Z X

 (1) 

where SZ  and TZ  represent the features of source domain 

data and target domain data respectively, and 1Conv ( ) , 

2Conv ( ) , and 3Conv ( )  represent three convolutional layers 

with different convolution kernel sizes. 

The prediction network outputs the predicted value of the 
mill load parameter based on the features obtained by the 
feature extraction network. Here, a fully connected neural 
network is used for prediction. The prediction result can be 
expressed as equation (2): 

 
ˆ

ˆ

S S
p p

T T
p p

Y W Z B

Y W Z B
 (2) 

Where ˆ SY  and ˆTY  represent the predicted values of mill load 

parameters. pW  and pB  represent the weights and biases of 

the fully connected layer in the prediction network 

respectively. 

The physical network uses a neural network to fit the 
physical partial differential equation, so that the model not 
only relies on the data learning model, but also fully follows 
the actual physical laws. Due to the complexity of the grinding 
process, it is difficult to establish the partial differential 
equation of the mill load and vibration signal. Therefore, with 
the help of the principle of deepHPM, the characteristics of 
neural networks approximating arbitrary functions can be 
used to simulate complex physical partial differential 
equations. 

 

Fig. 1. Ball mill process diagram 

 

Fig. 2. Model framework diagram 
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In general, the partial differential equation is defined as 
equation (3)[21]: 

 ( ) 0tu N u  (3) 

where tu  represents the partial derivative of u  with respect 

to time, and ( )N  represents a nonlinear operation. 

For the convenience of analysis, equation (3) is rewritten 
as equation (4): 

 ( )tf u N u  (4) 

where f  represents the residual of the partial differential 

equation. 

In the physical network, a neural network can be used as a 

nonlinear operator ( )N . By optimizing the neural network, 

the residual f  tends to zero, thereby accurately simulating 

the physical process of the system. This paper uses two fully 
connected layers as nonlinear operators in the physical 
network, and the residual of the partial differential equation 

can be expressed as equation (5)  

 
ˆ

ˆ( )
S

S
h

Yf FC Y
t

 (5) 

where ( )hFC  represents the fully connected layer in the 

physical network. 

C. Loss Function 
The model optimizes the model training process through a 

joint loss function to ensure that both prediction accuracy and 
physical law constraints are met. The loss function consists of 
three parts: prediction loss, domain adaptation loss, and 
physical loss. 

The prediction loss is used to measure the gap between the 
predicted value and the true value. By minimizing the 
prediction loss, the prediction accuracy of the model is 
improved. The mean square error is used as the prediction loss, 
which can be expressed as equation (6): 

 
2

1

1 ˆloss ( )

SN
S S

p S
i

Y Y
N

 (6) 

where loss p  represents the prediction loss and SY  represents 

the true value of the source domain data. 

Domain adaptation loss is used to deal with data 
distribution differences under different working conditions. In 
a wet ball mill, differences in operating variables, set values, 
etc. may cause changes in data distribution. In order to make 
the model have stronger adaptability, domain adaptation loss 
is introduced. The maximum mean difference (MMD) is used 
as the domain adaptation loss, which can be expressed as 
equation (7): 

 
1 1

1 1
loss ( ) ( )

S TN N
S T

m i iS T
i i H

z z
N N

 (7) 

where lossm  represents the domain adaptation loss, ( )  

represents the mapping function, 
S S

iz Z , 
T T

iz Z , H  

represents the reproducing kernel Hilbert space. 

Physical loss embeds physical laws into the neural 
network training process to make the model output conform 
to physical laws. According to the principle of deepHPM, 
combined with equation (5), the physical loss formula is 
obtained as shown in equation (8): 

 
ˆ

ˆloss MSE( ,0) MSE( ( ),0)
S

S
h h

Yf FC Y
t

 (8) 

where lossh  represents physical loss and MSE( ) represents 

the mean square error loss. 

The total loss of the model can be expressed as: 

 loss loss loss lossp m h  (9) 

The pseudo code of the model is shown in Algorithm 1: 

Algorithm 1 DAPINN Algorithm 

Input: source domain data SX  and the corresponding mill load parameter 

true value SY , target domain data TX . 

Output: target domain mill load parameter predicted value ˆTY . 

1  Input the source domain data and the target domain data into the 

feature network, and calculate the features SZ  and TZ according to 

equation (1). 

2  Input the obtained features SZ  and TZ  into equation (7) and 
calculate the domain adaptation loss. 

3  At the same time, the source domain feature SZ  is input into the 
prediction network, and the source domain mill load parameter 

prediction value ˆ SY  is calculated according to equation (2). 

4  Input the source domain prediction value ˆ SY  and the mill load 

parameter true value SY  into equation (6) to calculate the prediction 

loss loss p . 

5  At the same time, the source domain prediction value ˆ SY  is input into 

the physical network to obtain ˆ( )S
hFC Y . The neural network is used 

to automatically calculate the partial derivative 
ˆ SY
t

 of ˆ SY  with 

respect to time. The residual f  of the partial differential equation is 

calculated according to equation (5). 

6  Input the residual f  into equation (8) to obtain the physical loss 

lossh . 

7  Input the obtained prediction loss, domain adaptation loss and physical 
loss into equation (9) to obtain the total loss, and obtain the trained 
model by minimizing the total loss. 

8  Input the target domain data into the trained model to obtain the target 

domain mill load parameter prediction value ˆTY . 

IV. EXPERIMENT 

A. Dataset 
 The dataset used in this study was collected from a small 

laboratory ball mill to evaluate the prediction effect of the 
hybrid model based on domain adaptation and deepHPM. The 
experiment uses a fixed Ball charge volume ratio, that is, a 
certain steel ball mass, and changes the load parameters such 
as MBVR and PD in the mill by continuously adding materials. 
The experiment collects data under five working conditions. 
The ball charge volume ratio, the number of training set 
samples, and the number of test set samples under the five 
working conditions are shown in TABLE I.  
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TABLE I.  EXPERIMENTAL PARAMETER 

Dataset 
Ball charge 

volume ratio 

Number of 

training sets 

Number of  

test sets 

1 0.3 2780 1112 

2 0.35 2060 824 

3 0.4 1760 704 

4 0.45 1900 760 

5 0.5 2040 816 

The data is normalized to improve the stability and 
efficiency of model training. The normalization method used 
is maximum and minimum normalization, and its calculation 
method is shown in equation (10): 

 min

nor

max min

X XX
X X

 (10) 

where X  is the input data, minX  is the minimum value of the 

feature in the data set, maxX  is the maximum value of the 

feature in the data set, and norX  is the normalized data. 

B. Performance Metrics 
In order to comprehensively evaluate the performance of 

the hybrid model, we used two evaluation indicators: root 
mean square error (RMSE) and determination coefficient (R2). 
RMSE is used to measure the difference between the model 
prediction value and the true value. The smaller the RMSE, 
the higher the prediction accuracy of the model. The 
determination coefficient R2 measures the fit of the model to 
the data. The closer the R2 value is to 1, the better the model 
fits the data; the closer the R2 value is to 0, the worse the model 
fits the data. The calculation formulas of RMSE and R2 are 
shown in equation (11): 

 

2

1

2

2 1

2

1

1
ˆRMSE

ˆ

R 1

N

i i
i

N

i i
i
N

i i
i

y y
N

y y

y y

 (11) 

where N  represents the number of samples, iy , ˆiy  and iy  

represent the true value, predicted value and average value 

at the i -th moment respectively. 

C. Experimental Result 
To evaluate the performance of the proposed model, we 

compared the proposed DAPINN model with a pure data-
driven model. FCNN is a fully connected neural network. 
DAFCNN is a domain-adaptive fully connected neural 
network. A domain adaptation module is added to FCNN to 
enhance the model's adaptability to different working 
conditions. The prediction results of different models for 
MBVR are shown in TABLE II.  and the prediction results for 
PD are shown in TABLE III.  

TABLE II.  EXPERIMENTAL RESULT OF MBVR 

S T 
FCNN DAFCNN DAPINN 

R2 RMSE R2 RMSE R2 RMSE 

1 2 0.832 0.121 0.869 0.106 0.892 0.097 

3 0.622 0.182 0.719 0.157 0.876 0.104 

4 0.759 0.144 0.787 0.136 0.869 0.106 

5 0.817 0.127 0.888 0.099 0.936 0.075 

2 

1 0.737 0.150 0.763 0.143 0.890 0.097 

3 0.941 0.071 0.964 0.056 0.978 0.043 

4 0.975 0.047 0.987 0.034 0.997 0.015 

5 0.972 0.050 0.985 0.036 0.997 0.016 

3 

1 0.591 0.188 0.624 0.176 0.722 0.155 

2 0.923 0.082 0.933 0.076 0.979 0.043 

4 0.956 0.062 0.959 0.060 0.987 0.033 

5 0.863 0.110 0.863 0.110 0.956 0.062 

4 

1 0.701 0.160 0.779 0.138 0.924 0.081 

2 0.968 0.052 0.986 0.035 0.992 0.026 

3 0.981 0.041 0.989 0.031 0.993 0.025 

5 0.950 0.066 0.975 0.047 0.983 0.039 

5 

1 0.884 0.100 0.904 0.091 0.954 0.063 

2 0.985 0.036 0.993 0.025 0.993 0.024 

3 0.876 0.104 0.914 0.087 0.964 0.056 

4 0.935 0.075 0.955 0.062 0.978 0.044 

TABLE III.  EXPERIMENTAL RESULT OF PD 

S T 
FCNN DAFCNN DAPINN 

R2 RMSE R2 RMSE R2 RMSE 

1 

2 0.711 0.155 0.768 0.138 0.827 0.120 

3 0.462 0.214 0.531 0.199 0.832 0.119 

4 0.456 0.211 0.483 0.205 0.729 0.149 

5 0.601 0.184 0.634 0.177 0.725 0.153 

2 

1 0.500 0.204 0.584 0.186 0.757 0.142 

3 0.906 0.089 0.913 0.086 0.958 0.059 

4 0.949 0.065 0.952 0.063 0.971 0.049 

5 0.958 0.060 0.971 0.050 0.992 0.026 

3 

1 0.252 0.250 0.330 0.236 0.577 0.188 

2 0.962 0.056 0.970 0.049 0.970 0.049 

4 0.979 0.041 0.986 0.034 0.993 0.023 

5 0.833 0.119 0.949 0.066 0.978 0.043 

4 

1 0.372 0.229 0.390 0.225 0.552 0.193 

2 0.979 0.042 0.966 0.053 0.986 0.034 

3 0.982 0.039 0.977 0.044 0.992 0.025 

5 0.982 0.039 0.978 0.043 0.989 0..031 

5 

1 0.484 0.207 0.650 0.171 0.716 0.154 

2 0.974 0.047 0.990 0.029 0.991 0.027 

3 0.951 0.065 0.955 0.061 0.966 0.053 

4 0.963 0.055 0.974 0.046 0.984 0.037 

From the experimental results in the table, it can be seen 
that the DAFCNN and DAPINN models are superior to the 
FCNN model in the prediction accuracy of MBVR and PD. 
The experimental results show that under variable operating 
conditions, domain adaptation can help the model learn the 
common features under different operating conditions, 
thereby improving the generalization ability and prediction 
accuracy of the model. Among the three methods, the 
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prediction accuracy of the model DAPINN proposed in this 
paper is the highest. In addition to using domain adaptation, 
the DAPIN model combines physical information with deep 
learning, so that the model can not only adapt to different 
working conditions, but also constrain the prediction results 
according to physical information, thereby further improving 
the prediction accuracy of the model. This result shows that 
the hybrid model based on domain adaptation and deepHPM 
has obvious advantages in accurately predicting mill load 
parameters, especially under variable operating conditions. 

In order to improve the readability of the data and facilitate 
visual comparison of the performance of different models 
under various experimental conditions, we used a variety of 
visualization methods to present the R² and RMSE values, as 
shown in Fig. 3. As can be seen from the figure, there are 
significant differences in the performance of different models 
in R² values and RMSE values. Fig. 3 (a) shows the 
distribution of R² values of different models. The DPINN 
model shows a higher mean R² value in predicting MBVR and 
PD, and the box is more compact, indicating that its fitting 
performance is better and more stable. higher. The R² 
distributions of FCNN and DAFCNN are more scattered, 
indicating that the model fitting effect and stability are worse 
than DAPINN. Fig. 3 (b) shows the distribution of RMSE 
values of different models. It can be seen that the RMSE 
values of the DAPINN model on the two data sets are 
significantly lower than other models, further verifying its 
strong prediction accuracy. In contrast, the RMSE distribution 
of FCNN and DAFCNN is higher, indicating that their 
prediction results are poor. Taken together, the DPINN model 
is better than the other two models in both R² and RMSE, 
showing stronger prediction performance and stability. 

D. Domain Adaptation Performance Analysis 

In order to analyze the role of domain adaptation method 
in mill load parameter prediction, this paper draws a 
visualization of the data distribution of the source domain and 
the target domain. As shown in Fig. 4, the source domain data 
is dataset 3 and the target domain data is dataset 5. In order to 
observe the data distribution more intuitively, the principal 
component analysis (PCA) method is used to reduce the high-
dimensional data to two dimensions, and the input data 
distribution and the feature distribution after maximum mean 
difference (MMD) processing are drawn respectively. 

Fig. 4 (a) shows the distribution of input data. The blue 
dots represent source domain data, and the orange dots 
represent target domain data. The horizontal axis represents 
the first dimension feature (Dim 1) after dimensionality 
reduction, and the vertical axis represents the second 
dimension feature (Dim 2) after dimensionality reduction. It 
can be seen that in the input data distribution, there is a 
relatively obvious separation between the source domain and 
the target domain data distribution, indicating that there is a 
certain difference in the distribution of the two. Fig. 4 (b) 
shows the feature distribution after applying MMD. It can be 
seen from the figure that the distribution of source domain and 
target domain data tends to be consistent, indicating that 
MMD has a good effect in reducing the difference between 
domains. It can be seen that the domain adaptation method 
plays an important role in reducing the difference in data 
distribution between the source domain and the target domain 
and improving the prediction accuracy of the target domain. 

  
(a) Input data distribution                                                                        (b) Feature distribution 

Fig. 4 Data distribution diagram 

 

a Box plot of R2 values for different models 

 

b Histogram of RMSE values of different models 

Fig. 3. Visualization of different model evaluation indicators 
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V. CONCLUSION 

This paper combines physical information and pure data-
driven models to establish a hybrid prediction model for mill 
load parameters that adapts to variable operating conditions. 
The model consists of three parts: feature extraction network, 
prediction network and physical network. Among them, the 
feature extraction network is used to extract the features of 
source domain data and target domain data. Considering the 
differences in data distribution, the prediction accuracy of the 
model is improved by minimizing the domain adaptation loss. 
At the same time, considering the complexity of the grinding 
process, the characteristics of neural networks that 
approximate arbitrary functions are used to simulate the 
physical partial differential equations of the grinding process. 
The interpretability of the model is improved by imposing 
physical constraints. The experimental part compares the 
prediction results of MBVR and PD by the hybrid model 
DAPINN proposed in this paper and the pure data-driven 
model. Experimental data show that the prediction effect of 
the model proposed in this paper is the best. 
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