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Abstract 

Using Python as a programming language, this study investigates the problem of 

controlling the ore amount in the field of mineral processing. First, data on the influencing 

factors collected from a certain beneficiation mill in Yuanyang are quantitatively analyzed 

using the NumPy module library. Factors having a greater influence are screened out and then 

selected as the input while the motor frequency is generated as the output by the fuzzy control 

algorithm developed using the SciKit Fuzzy module library. The range of values of the fuzzy 

control variable is defined, the fuzzy membership function is generated, and the fuzzy control 

rule is established. Finally, the fuzzy controller is activated to realize fuzzy control of the 

mine. The NumPy algorithm can be effectively applied to the quantitative analysis of data, 

and the calculation results are reasonable and interpretable. The simulation results are as 

follows: the hardness of the raw ore and the weight of the belt scale are the key factors for 

controlling the ore amount, and they can be used as the input variables of the fuzzy control 

system. The fuzzy controller developed using the SciKit Fuzzy module library can be 

effectively applied to the field of mineral processing, and it overcomes the limitations of 

current computer technology in industrial mineral processing. 
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1.Introduction 

Grinding and grading are critical processes in beneficiation. The quality of the 

process directly affects the final economic and technical indicators of the 

beneficiation plant. Therefore, whether the feed rate of the ore can be adjusted 

according to the nature of the ore and the realization of intelligent ore feed have a 

significant impact on the subsequent production. Although the pendulum feeder 

employed by most concentrators can realize continuous and even ore feed, it has poor 

operation accuracy and it cannot realize intelligent control of the feed quantity. The 

operation status of the equipment in the concentrator and identification and analysis of 

the nature of the ore are indispensable to the study of ore quantity control. To meet the 

requirements of mineral separation, researchers are committed to investigating and 

finding suitable data processing methods to analyze the influencing factors. Owing to 



advancements in computer technology and artificial intelligence, Python is being 

increasingly used to facilitate automatic control in mineral processing. In particular, 

Python is easy to learn and use; moreover, it has an open-source code ecology and 

many mature integrated models. Control theory has achieved significant progress 

through the application of artificial intelligence to the industrial field, which is driven 

by programming languages such as Python and Java. However, these programming 

languages have rarely been used to solve control problems of key variables in the field 

of mineral processing. 

When discussing how humans are better than the most complete machines, 

Wiener, the founder of cybernetics, said, “People have the ability to use fuzzy 

concepts.” The human brain can receive and process fuzzy information, make 

accurate recognition judgments based on a small amount of fuzzy information, and 

flexibly solve complex problems. Fuzzy control is a system that defines the input, 

output, and state variables on a fuzzy set. Fuzzy set theory, founded by Zadeh in 1965, 

is the mathematical foundation of fuzzy control theory, by which a computer 

programmer carries out algorithmic programming of the programming language on 

the control rules processed by the human brain using the fuzzy set based on the 

intuition and experience of simulating people. Thus, it is possible to realize 

controllability of artificial intelligence, which is the core of fuzzy control. Computer 

technology is widely used in automatic control and decision analysis in the industrial 

field because it can simulate the fuzziness of the human brain and realize the ability to 

deal with problems in a fuzzy manner. 

Python program development mainly implements three functions: quantitative 

analysis, fuzzy controller, and 3D visualization. First, quantitative analysis is realized 

through the scientific computing library NumPy of Python. The collected data are 

quantitatively analyzed through a linear regression model, and the factors that have a 

greater impact on the ore feed volume of the ore feeding system are selected as the 

input values of the fuzzy controller. The fuzzy controller uses SciKit Fuzzy to 

establish fuzzy sets and fuzzy control rules, and defines membership functions and 

other steps. The pendulum feeder gives the miner motor frequency as the output value 



to control the motor, visualizes the result in 3D, and finally displays it on the human–

machine interface of the central control room.  

The contributions of this study are as follows: 

1. In traditional mining automation, the system does not have the ability to make 

independent decisions. To address this problem, an intelligent ore feeding system 

based on fuzzy control theory is proposed. 

2. A quantitative analysis model suitable for the field of mineral processing is 

developed, which can fit regression lines and output the determination and correlation 

coefficients. The speed of screening the influencing factors in mineral processing 

technology is improved significantly. 

3. To facilitate observation and recording by on-site employees, the output results 

are visualized in 3D, which further improves the efficiency and operation process of 

the entire concentrator. 

4. New ideas for intelligent development in the field of mineral processing are 

presented. 

2.Methods 

The expected use of Python is shown in Fig. 1. The linear regression model 

established using the NumPy module library is employed to analyze the influence of 

various factors on the amount of ore, and the most influential factors are selected as 

the input variables of the fuzzy control process. Then, the SciKit Fuzzy module 

library is adopted to carry out the fuzzy inference process. Fuzzy rules and fuzzy sets 

are established and then defuzzied, and the control variables are generated as the 

output. 



 

Fig. 1 Development of fuzzy control system for constant feeding by Python 

2.1 Data analysis 

The data involved in this study were collected at a gold mine beneficiation plant 

in Yunnan. The belt scale weight and motor frequency data of the selected belt are 

summarized in Table 1. The original data of the belt scale weight are displayed in the 

form of a line graph, which is not suitable for direct calculation. Hence, the belt scale 

weight and motor frequency were recorded every 3 min for a total of 30 min. The 

hardness of the ore can be categorized as soft, hard, and very hard according to the 

fragmentation distribution of the discharge port of the crushing section, and it is 

represented by numbers 1–6. The data of the ore hardness and motor frequency are 

summarized in Table 2. 

Table 1. Belt scale weight and motor frequency 

Belt Scale Weight 
(T/H)  

4.1 9.2 10.1 
11.
2 

10.2 10.1 10.3 
11.
8 

10.
1 

10.2 

Motor Frequency 
(Hz)  

50.
0 

45.
2 

44.6 
43.
5 

45.1 44.8 45.1 
45.
1 

45.
2 

45.1 

 

 

 

Table 2. Ore hardness and motor frequency 

Ore Hardness  1 2 3 4 5 6 

Motor Frequency 
(Hz)  

45.8 40.3 38.2 35.7 33.3 30.1 



The best way to study the relationship between the variables is to establish a 

univariate linear regression model and analyze the influence of each independent 

variable on the dependent variable on the basis of the regression results. As a 

scientific computing tool, NumPy is an important component for building linear 

regression models, while SciKit Learn can independently train and evaluate the model, 

further optimize the model functions, and reduce the errors. A univariate linear 

regression model is established on the data, and 10000 simulation experiments are 

performed using the NumPy and SciKit Learn module libraries. The output model is 

shown in Figs. 2 and 3. 

 

Fig. 2 Linear regression model of belt scale weight and motor frequency after 10000 

simulation cycles using SciKit Learn  



 

Fig. 3 Linear regression model of ore hardness and motor frequency after 10000 

simulation cycles using SciKit Learn 

It can be seen that there is a certain residual error between each data point and 

the regression line after the simulation experiment. In fact, the weight of the belt scale 

and the hardness of the ore are only two of the important factors affecting the 

frequency of the motor. Other factors such as the mill status and voltage fluctuations 

affect the motor frequency of the pendulum feeder. There is a deviation between the 

regression value and the actual value; hence, the linear regression model must be 

judged before studying the degree of linear correlation between the variables. The 

degree of fit can be judged by the determination coefficient, and the degree of linear 

correlation between the two variables is determined by the Pearson correlation 

coefficient. The determination and correlation coefficients can be calculated using 

NumPy. The calculated coefficients are listed in Table 3. 

 

Table 3. Determination and correlation coefficients of belt scale weight, ore hardness, 

and motor frequency 



 
Belt scale weight and 

motor frequency  

Ore hardness and motor 
frequency  

Determinati
on 

coefficient  

0.8745 0.9543 

Correlation 
coefficient  

-0.9874 -0.9351 

It can be seen that the determination coefficients are greater than 0.8, indicating 

that the two models are well fitted, the error between the predicted value of the 

simulation experiment and the actual collected data is not significant, and the linear 

regression model is of good quality. The correlation coefficients are -0.9874 and 

-0.9351, respectively, indicating that there is a negative correlation between x (belt 

scale weight and ore hardness) and y (motor frequency), and the correlation is 

extremely high, i.e., the belt scale weight and ore hardness are two important 

variables that affect the motor frequency. The core code for establishing a univariate 

linear regression model and outputting the determination and correlation coefficients 

is presented below. 

Code Note 

import numpy as np 

from sklearn.linear_model import LinearRegression 

import matplotlib.pyplot as plt 

import pandas as pd 

from scipy import stats 

import pylab 

 

x = np.array ([ ])  

 

y = np.array ([ ])  

 

slope, intercept, r_value = stats.linregress (x,y)  

 

 

lr = LinearRegression ()  

lr.fit (x,y)  

lr.score (x,y)  

y_hat = lr.predict (x)  

 

Call module 

 

 

 

 

 

 

Input data 

 

 

 

Calculate slope, 
intercept, and 
correlation coefficient 
 

Training model 
 

 

 



print (lr.score (x,y) )  

print (r_value)  

 

plt.scatter (x,y)  

plt.plot (x, y_hat)  

plt.show ()  

 

 

Output determination 
coefficient and 
correlation coefficient 

2.2 Fuzzy control system based on SciKit fuzzification 

According to current research, factors such as voltage fluctuations, ore properties, 

mill operating status, and ore weight of the conveyor belt affect the operating 

frequency of the motor. In the data analysis, the linear correlation degree between the 

ore hardness and the weight displayed by the belt scale and the motor frequency is 

greater than 90%. Therefore, the ore hardness and the weight displayed by the belt 

scale can be selected as the input variables of the fuzzy control system, while the 

motor frequency is the output variable. The expected use of SciKit Fuzzy in the fuzzy 

control system is shown in Fig. 4. First, for the fuzzy input variables, the range and 

membership function are defined. The input will be decomposed into different fuzzy 

sets when the fuzzy control rules are established. Then, the data are defuzzified and 

the motor frequency is output to achieve the purpose of controlling the motor for the 

mining machine. 

 

Fig. 4 Fuzzy reasoning process 



2.2.1 Fuzzification of input variables and establishment of fuzzy set  

The fuzzification of input variables refers to obtaining the membership value of 

each input variable by comparing the input variable with the membership function. 

The degree of membership is defined as the membership function. There are two main 

types of membership functions: 

 (1) Triangular membership function  

𝑓(𝑥) = {1 − |𝑥 − 𝑚|𝜎 , |𝑥 − 𝑚| < 𝜎0, |𝑥 − 𝑚| ≥ 0 

where m is the center of the fuzzy set and 𝜎 is the width of the fuzzy set.  

 (2) Gaussian membership function  𝑓(𝑥) = 𝑒−(𝑥−𝑐)2𝜎2  

where c is the center of the Gaussian fuzzy set and 𝜎 is the width of the Gaussian 

fuzzy set.  

The value range of the y-axis of the membership function is [0–1], i.e., the closer 

the membership function value of the object is to 1, the higher is the degree of the 

object belonging to the fuzzy set; otherwise, the degree of the object belonging to the 

fuzzy set becomes lower. According to the data in Tables 1 and 2, the range of the ore 

hardness is set to [0–7], the range of the ore weight is set to [0–25], and the range of 

the output motor frequency is set to [0–51]. After the range setting is completed, the 

triangular membership function is selected as the built-in function of the fuzzy 

controller. 

Fuzzy sets are created after the fuzzification is completed, which is the extension 

of traditional set theory and includes all the objects described by the fuzzy concepts. 

The specific contents of the fuzzy sets are summarized in Table 4. 

Table 4. Fuzzy set of the feeding system 

hardness (small) = L hardness (medium) = M hardness (large) = H 

weight (small) = L weight (medium) = M weight (large) = H 

frequency (small) = L frequency (medium) = M frequency (large) = H 

According to the fuzzy sets listed in Table 4, the input variables "hardness" and 



"weight" and the output variable "frequency" are defined in the membership ranges of 

"L", "M", and "H", respectively. The centroid method is selected for defuzzification 

after the fuzzy membership function is defined. Finally, the membership functions of 

the two input variables are visualized, as shown in Figs. 5 and 6. 

 

Fig. 5 Membership function of ore hardness 

 

Fig. 6 Membership function of ore weight 

2.2.2 Development of fuzzy rules  

Fuzzy rules are established to describe the relationship among the three variables 

of hardness, weight, and frequency. The two most common fuzzy rule models are the 

IF THEN model and the Takagi–Sugeno–Kang (TSK) model. The TSK model is more 



suitable as there are two input variables. The main contents of the TKS model are as 

follows: 𝑅𝑖: 𝐼𝐹 𝑥1 𝑖𝑠 𝐹1𝑖 𝑎𝑛𝑑 ⋯ ⋯ 𝑎𝑛𝑑 𝑥𝑟 𝑖𝑠 𝐹𝑟𝑖 𝑇𝐻𝐸𝑁 𝑦𝑖  = 𝛼0𝑖 + 𝛼1𝑖 𝑥1 + ⋯ + 𝛼𝑟𝑖 𝑥𝑟 

where 𝐹𝑗𝑖  (𝑗 = 1,2, ⋯ , 𝑟) is a fuzzy set, 𝛼𝑗𝑖 (𝑖 = 1,2, ⋯ , 𝑟, 𝑗 = 1,2, ⋯ , 𝑟) is a 

real-valued parameter, and 𝑦𝑖 is the system output under the i-th rule. 

The IF part of the TSK model is fuzzy, while the THEN part is clear, and the 

output is a linear combination of all the input variables. The specific contents of the 

fuzzy rules for the mining system are summarized in Table 5 

Table 5. Fuzzy rules of feeding system 

Weight,  
motor frequency,  

ore hardness  
L M H 

L H H M 

M H M L 

H M L L 

2.2.3 Simulation of production conditions 

An ore from a gold concentrator in Yunnan was selected. The ore hardness was 5 

(H) and the belt scale display weight was 13 (M). These parameters were input into 

the fuzzy controller to simulate the production conditions, and the output result was 

31.33, i.e., the motor frequency was 31.33 when the ore hardness was 3 and the 

display weight of the belt scale was 18. The result is shown in Fig. 4 after visualizing 

the membership function of the output frequency. 



 

Fig. 7 Membership function of motor frequency 

The core code of the fuzzy control system developed using SciKit Fuzzy is as follows: 

Code Note 

import numpy as np 

import skfuzzy as fuzz 

from skfuzzy import control as ctrl 

import math 

 

x_hardness = np.arange (0,7,1)  

x_weight = np.arange (0,25,0.5)  

x_frequency = np.arange (0,51,1)  

 

hardness = ctrl.Antecedent (x_hardness,'hardness')  

weight = ctrl.Antecedent (x_weight,'weight')  

frequency = ctrl.Consequent (x_frequency, 'frequency')  

 

hardness['L'] = fuzz.trimf (x_hardness, [0, 0, 3])  

hardness['M'] = fuzz.trimf (x_hardness, [0, 3, 6])  

hardness['H'] = fuzz.trimf (x_hardness, [3, 6, 6])  

 

weight['L'] = fuzz.trimf (x_weight, [0, 0, 13])  

weight['M'] = fuzz.trimf (x_weight, [0, 13, 24])  

weight['H'] = fuzz.trimf (x_weight, [13, 24, 24])  

 

Call module 

 

 

 

 

Input variable range 

define pre- and 
post-conditions 

 

Define the 
membership function 
and value range of 
hardness, weight, and 
frequency 

 

 

 

 

 

 

 



 

frequency['L'] = fuzz.trimf (x_frequency, [0, 0, 25])  

frequency['M'] = fuzz.trimf (x_frequency, [0, 25, 50])  

frequency['H'] = fuzz.trimf (x_frequency, [25, 50, 50])  

 

 

frequency.defuzzify_method='centroid' 

 

 

rule1=ctrl.Rule (antecedent= ( (hardness['L'] & 

weight['L']) | (hardness['L'] & weight['M']) | 

(hardness['M'] & 

weight['L']) ),consequent=frequency['H'],label='High')  

rule2=ctrl.Rule (antecedent= ( (hardness['M'] & 

weight['M']) | (hardness['L'] & weight['H']) | 

(hardness['H'] & 

weight['L']) ),consequent=frequency['M'],label='Medium

')  

rule3=ctrl.Rule (antecedent= ( (hardness['M'] & 

weight['H']) | (hardness['H'] & weight['M']) | 

(hardness['H'] & 

weight['H']) ),consequent=frequency['L'],label='Low')  

 

 

tipping_ctrl = ctrl.ControlSystem ([rule1, rule2, rule3])  

tipping = ctrl.ControlSystemSimulation (tipping_ctrl)  

tipping.input['hardness'] = 3 

tipping.input['weight'] = 18 

tipping.compute ()  

print (tipping.output['frequency'])  

 

 

 

 

 

 

 

 

Solve the fuzzy 
problem using the 
centroid method 

 

Establish fuzzy rules  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Simulate production 
conditions 

 

2.3 Results of 3D visualization 

To facilitate observation and recording by the staff of the concentrator, the output 

of the motor frequency can be visualized in 3D as shown in Fig. 5 using Python, and 

the operating frequency of the motor can be indicated by different colors. 



 

Fig. 8 3D visualized simulation results of constant feeding system 

The core code for the 3D visualization of the variable motor frequency is as follows: 

Code Note 

import matplotlib.pyplot as plt 

from mpl_toolkits.mplot3d import Axes3D 

 

upsampled = np.linspace (0, 15, 30)  

x,y = np.meshgrid (upsampled, upsampled)  

z = np.zeros_like (x)  

 

pp=[] 

for i in range (0,30) : 

 for j in range (0,30) : 

  tipping.input['hardness'] = x[i, j] 

  tipping.input['weight'] = y[i, j] 

  tipping.compute ()  

  z[i, j] = tipping.output['frequency'] 

  pp.append (z[i,j])  

print ('max:',max (pp) )  

print ('min:',min (pp) )  

 

fig = plt.figure (figsize= (8, 8) )  

ax = fig.add_subplot (111, projection='3d')  

Call module 

 

 

Produce grid matrix 

Input data 

 

 

 

 

 

 

Define the size of the 
canvas 

 

 

 

 

 

 

 



surf = ax.plot_surface (x, y, z, rstride=1, cstride=1, 

cmap='viridis',linewidth=0.4, antialiased=True)  

 

ax.view_init (10, 100)  

plt.xlim (0,7)  

plt.ylim (0.25)  

plt.show ()  

 

 

 

 

Set the viewing angle 

 

 

 

3.Conclusions 

In this study, the SciKit Fuzzy module library was employed to solve the 

problem of instability of multiple input and output systems in the beneficiation 

process. However, the use of Python in the beneficiation industry remains relatively 

scarce. In fact, Python has been applied to various industrial intelligence fields and 

achieved promising results. It is a powerful open-source language that is compatible 

with many industrial control systems, such as PLC control systems, and its use 

reduces the costs associated with research and development considerably. Moreover, it 

is easy to use and maintain; thus, most employees can get started immediately after 

training. The code of all Python module libraries is available on the github official 

website, and it can be used as reference and supplementary material in actual 

production. In addition, Python can achieve 3D visualization of running data, which is 

convenient for recording and observation by the staff of the concentrator. The 

intelligent fuzzy control constant feeding system proposed in this paper can select the 

appropriate feeding rate according to the different ore properties and automatically 

adjust the frequency of the feeding machine motor according to the weight of the ore 

conveyed, further improving the operating efficiency of the lower mill. This has a 

positive impact on the production and economic indicators of the factory. In summary, 

research on the application of Python can bridge the gap in the intelligentization of 

mineral processing. Module libraries such as SciKit Fuzzy facilitate the development 

of intelligent systems suitable for mineral processing and further improve the degree 

of intelligence in the mineral processing industry. 
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Figures

Figure 1

Development of fuzzy control system for constant feeding by Python

Figure 2



Linear regression model of belt scale weight and motor frequency after 10000 simulation cycles using
SciKit Learn

Figure 3

Linear regression model of ore hardness and motor frequency after 10000 simulation cycles using SciKit
Learn
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Fuzzy reasoning process



Figure 5

Membership function of ore hardness

Figure 6

Membership function of ore weight
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Membership function of motor frequency



Figure 8

3D visualized simulation results of constant feeding system


