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Abstract: Grinding is an important link in the process of mineral processing. It plays a vital role in
mineral processing by optimizing the grinding process, improving the quality of grinding products
and ensuring the follow-up operation indicators. In this paper, the Python language, intelligent
theoretical control technology and mineral processing were combined to solve the problem of ore
feeding control in mineral processing. Using error factor analysis, an extended control algorithm
was designed. The NumPy library and data collected from the Yuan YangMou concentrator in China
were used to quantitatively analyze the factors affecting the error of electronic belt scales. This paper
introduces the use of Kalman filtering for electronic belt scale weight data to reduce the effect of noise
and hence reduce errors. The factors affecting the process of mill feeding are also analyzed. The core
ideas and methods of fuzzy control theory are summarized, and a Python-based fuzzy controller
suitable for the mill feeding process that improves the overall robustness and accuracy of feeding
system is implemented.

Keywords: intelligence control; grinding; Python; fuzzy control; simulation optimization

1. Introduction

Mineral resources are extremely important for the development of human society.
They are essential components of industry, security and economic guarantees for a country,
and the embodiment of comprehensive national strength. There are few single ore deposits
in China, and most of them are associated, and hence, ore tends to be lean and difficult
to dress. Some enterprises are small in scale, and the use of advanced technology is not
frequent, which leads to low labor productivity and the overall low utilization of mineral
resources in China [1].

In mineral processing, the grinding quality (good or poor) directly affects the subse-
quent dressing production operation index (high or low) [2]. The grinding process, which
increases the concentration of energy and material consumption, accounts for the largest
portion of equipment investment in the beneficiation process [3]; therefore, optimizing the
grinding process to improve the mill plant performance is extremely important [4]. It is
also an important topic in mineral processing research. The feeding link of the mill is an
important part of the grinding process [5], and its accuracy directly affects the production
indicators of the grinding products and subsequent operations [6]. However, the grinding
process itself is a time-varying multi-input/multi-output nonlinear control system [7],
and there are many influencing factors, such as the field environment, nature of the ore,
efficiency of the personnel, and running state of the mill [8].
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In 1965, Zadeh proposed fuzzy set theory, which uses membership function to describe
the differences in the transition process of controlled objects, breaking with the traditional
concept of treating a non-zero value as a binary one in set theory [9].

Since the birth of fuzzy control, it has been used to obtain productive results in
PID (proportion integration differentiation) control, artificial neural networks [10], expert
systems, and many other fields, and has greatly promoted the research and development of
intelligent control algorithms. Fuzzy control is divided into the following categories: fuzzy
adaptive PID control, fuzzy neural networks, fuzzy expert control, and fuzzy adaptive
predictive control [11].

Fuzzy control theory has been used for more than 50 years and has been widely
used in the field of industrial control, achieving good results in different industries. In
the field of mining, Mohammad evaluated the potential of fuzzy logic as an alternative
method to the traditional statistical regression techniques for predicting the wear rate of
high chromium alloy during phosphate grinding, The comparison of a fuzzy model and
a regression model showed the superiority of the developed fuzzy model [12]. Ajaya
Kumar Pani performed the modeling of a vertical roller mill used for clinker grinding
using support vector regression (SVR), fuzzy inference and adaptiveneuro fuzzy inference
(ANFIS) techniques [13]. Khodadadi et al. [14] studied the disturbance observer of a ball
mill using fuzzy PID control. The observer can observe a ball mill using fuzzy PID control.
The observer can realize the control strategy of reducing or even eliminating interference
in the grinding process in real time, which improves the performance of the ball mill.
In addition, Zhao et al. [15] studied industrial feed electronic belt scales and addressed
industrial weighing belt feeder saturation due to motor noise, friction, sensors, and highly
nonlinear factors by proposing a fuzzy control algorithm for different reference input that
has good robustness and validity. They compared self-tuning and fuzzy controllers and
described the advantages and disadvantages of both approaches.

There are several problems in the mill feed control process: the fluctuation of mineral
properties, the accuracy of electronic belt scales, the complexity of site conditions, and issues
with personnel management. To address these problems, this article combines grinding
control research with computer technology. First, the feeding process of the grinding mill is
analyzed by adopting existing methods and mathematical analysis, the working principle
and structure of each part are studied considering the practical problems in the process of
mill feeding, and the factors affecting these problems are analyzed and addressed.

This paper describes the fuzzy control theory applicable to a fuzzy mill feed controller
based on Python. According to an analysis of the factors, a fuzzy controller was designed
and implemented for automatic mill feed regulation to optimize the feeding process. The
fuzzy controller was evaluated in a simulation experiment. The proposed fuzzy controller
addresses the problems of slow response and large overshoot of the traditional PID control
system and makes the whole grinding and feeding system more intelligent.

2. Error Factors in the Mill Feeding Process
2.1. Main Sources of Error in Electronic Belt Scales

The operation of an electronic belt scale is a dynamic process, and the result of weigh-
ing includes randomness, so the process is regarded as a random system. The main factors
affecting the accuracy are gravity, velocity, signal processing, calibration, and environmental
errors [16,17].

Calibration and environmental errors belong to installation quality problems, which
can be solved. Signal processing, gravity belt tension, and velocity errors also exist. Belt
creep and belt running deviations have substantial influence on the accuracy of electronic
belt scale measurements but can be corrected, and hence the error in electronic belt scale
measurements caused by belt tension and sliding were analyzed.
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2.1.1. Belt Tension Analysis

The force analysis in Figure 1 focuses on the stress of a single weight on a transport belt.
Here, theta is the angle between the belt and horizontal plane, F1 is the downward mineral
aggregate force, force F2 is the transportation force, P is the natural tension under no-load
conditions, and G is the gravitation force acting on the mineral aggregate. Therefore, the
stress W of a single weight on a belt can be roughly expressed as

W = Wp + W1 + G − W2 = P · cos θ + F1 · sin θ + G − F2 · sin θ (1)
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Figure 1. Stress analysis of single a weight on a transport belt.

The research shows that the stress of a transport belt is far more complex than that
analyzed in Equation (1). a mathematical model of the weighing process of an electronic
belt scale was established, yielding the following equation:

F = nqL ± 2K
d
L

T (2)

Here, T is the total tension of the belt, q is the load per unit length of belt, L is the idler
spacing, d is the vertical direction of the belt shape variable, n is the number of weighing
rollers, and K is the belt correction factor.

As Equation (2) reveals, all quantities except for the total belt tension T can be deter-
mined. Using the design standard of a conveyor belt determined by CEMA (Consumer
Electronics Manufacturers Association) for the calculation of each component, operation
resistance, and efficiency, the following simplified formula can be used to calculate the
effective tension of a belt:

T ≈ KyL(Wm + Wb) + WmH (3)

Here, L is the length of conveyor, Ky is the comprehensive flexural resistance coefficient,
Wb is the quality of the conveyor belt per unit length, Wm is the quality of the ore material
per unit length, and H is the lifting height of the ore material.

The actual conditions of a concentrator in Yuanyang County, Yunnan, China, are as
follows: the weight is 10 t/h, the belt speed is 0.3 m/s, the belt length is 50 m, the rise
is about 18◦, the belt mass is 26 kg/m, and Ky is 0.03. According to Equation (3), the
effective tension T of the belt is 197.1 kg, which was calculated by substituting T into
Equation (2). Every 0.1 mm vertical change in the shape variable of the belt causes an error
of approximately 0.1% in the system. Therefore, the error ε1 of the tension is equal to the
value of shape variable d in the vertical direction. This error is large, and it needs to be
considered in the subsequent calculation of the error.



Minerals 2022, 12, 804 4 of 18

2.1.2. Belt Skid Analysis

The stress analysis of a transport belt is illustrated in Figure 2.
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Figure 2. Stress diagram of a transport belt.

The initial tension of the belt is F0. The loose-edge tension F1 and tight-edge tension
F2 are generated during operation. Assuming that the total length of the belt remains
unchanged, the initial tension F0, loose-edge tension F1, tight-edge tension F2, and tension
Fq caused by centrifugal force can be expressed as follows:

F1 = P·eµα

v(eµα−1)
F2 = P

v(eµα−1)
Fq = Q · v2

F0 = F1+F2
2 + Fq

(4)

Here, P is the output power of the motor, µ is the friction coefficient of the belt and
roller contact surface, v is the belt transport speed, and Q is the belt weight per unit length.

The belt should be tight before skidding is analyzed, so the initial tension of Equation (4)
should be met during installation and calibration. After calibration, the displacement of
the belt and driving roller is observed to determine if it is consistent. If the displacement of
the two deviates, the transport belt slips during operation. The slip is calculated as follows:

α =
v

r · ω
(5)

Here, v is the belt transport speed, r is the radius of roller, and w is the angular velocity
of the roller during operation.

When α > 1, the belt velocity is greater than the roller angular velocity; when α < 1,
the belt speed is less than the roller angular speed; and when α = 1, the working condition
is normal, and there is no skid. The belt skid error is expressed as ε2 = 1 − α.

2.2. Error Compensation of Electronic Belt Scales

Given the measurement error of electronic belt scales described in Section 2.1, it is
necessary to introduce the Kalman filter algorithm to compensate for the error of the
weight signal.

2.2.1. Derivation of the Model of An Electronic Belt Scale

It is assumed that the mass of the weighing platform of a weighing system is w(t),
the displacement of the weighing platform is θ(t), the damping coefficient is C, the spring
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coefficient is K, and the mass to be weighed is m. The displacement θ(t) of entrained mass
w(t) changes according to the following linear relationship with the shape variable ε of the
weighing sensor:

θ(t) = −kc · ε(t) (6)

Here, kc is the elastic coefficient of the weighing cell.
The model of a scale system can be expressed as follows:

(w(t) + m)
••
θ (t) + c

•
θ(t) + kθ(t) = w(t)g (7)

Dividing both sides of Equation (7) by w(t) + m yields

••
θ (t) +

c
•
θ(t)

w(t) + m
+

kθ(t)
w(t) + m

=
w(t)g

w(t) + m
(8)

Define δ1(t) = θ(t) and δ2(t) =
•
θ(t) and substitute them into Equation (8) to obtain

•
δ2(t) +

cδ2(t)
w(t) + m

+
kδ1(t)

w(t) + m
=

w(t)g
w(t) + m

(9)

Equation (9) can be written in matrix form as follows:•
δ1(t)
•
δ2(t)

 =

[
0 1

− k
w(t)+m − c

w(t)+m

][
δ1(t)
δ2(t)

]
+

[
0
g

w(t)+m

]
w(t) (10)

Define the following:

x(t) =
[

δ1(t)
δ2(t)

]
α(t) = − k

w(t) + m

β(t) = − c
w(t) + m

γ(t) =
g

w(t) + m

u(t) = w(t)

y(t) = θ(t)

Equation (10) can then be written as follows:

•
x(t) =

[
0 1

α(t) β(t)

]
x(t) +

[
0

γ(t)

]
u(t) + z(t) (11)

y(t) =
[
1 0

]
x(t) + v(t) (12)

In Equation (11), z(t) is the system noise, and in Equation (12), v(t) is the observation
noise. System noise and observation noise are not correlated and are independent of each
other. The corresponding covariance value Q can be expressed as follows:

Q =

[
Q_weight 0

0 Q_obs

]
(13)

Q_weight = cov(weight, weight)

Q_obs = cov(Q_r, Q_r)
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In Equation (13), Q_weight is the weight covariance of the sensing measurement, and
Q_r is the belt slip covariance.

2.2.2. Kalman Filter Based on Python

Using a Kalman filter, a mathematical model of the weighing system was established.
Assuming that the sampling value of the previous state in the operation of the electronic
belt scale is the same as that of the current state, then the system parameters A and B and
measurement parameter H are all 1. Because there is no control in the system, the control
quantity U(k) is 0. The Kalman filter was implemented according to the above parameter
values. The NumPy and Pylab libraries in Python were used for the development [18,19].

The Kalman filter for this model has an initial state of X(0|0) and covariance P(0|0).
However, a Kalman filter does not converge when the covariance is 0 in the initial conditions.
Hence, the Python-based Kalman filter was assigned the initial values X(0|0) = 4, P(0|0) = 0.
Test samples were input to test the feasibility of the Kalman filter, and the results are shown
in Figures 3 and 4. Figure 3 presents the simulation model results of the Python-based
Kalman filter, in which the crosses indicate the measured values, the blue line indicates
the posterior estimate, and the green line indicates the actual values. Figure 4 shows the
variation in the precision of the Kalman filter output obtained using Python.

As Figures 3 and 4 reveal, as the iterations increase, error between the observed
and true values of the Kalman filter still exists. After stabilization, the error between the
predicted and true values is no more than 1.5%, and the accuracy continues to increase.
Hence, the simulation results are consistent with the expected results. The Python-based
Kalman filter is effective in filtering the weight signal of an electronic belt scale and can
hence help compensate for the error in the measurement results of an electronic belt scale.
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2.3. Factors Affecting the Mill Feeding Process
2.3.1. Data Preprocessing

The data used in this study were collected from the concentrator of a gold mine
located in Yunnan, China. Because the data reporting, checking, and storage depends on
the equipment running status and the level of staff, it is necessary to clean and filter the
raw data to fill in missing data or outliers. Isolated points were estimated by interpolation
to achieve the aims of preprocessing [20,21].

The ore humidity was determined using a drying method. Three 1 kg ore samples
were taken, one from each ore heap, and dried in the oven at 100 ◦C. The percentage of lost
weight is the ore humidity. The sampling period was 30 min. The motor frequency of the
two existing feeders was recorded when the sample machine was operating, and a total
of 20 groups of data were recorded for 5 h. Electronic belt scale weight data for a feeding
machine were collected to adjust the sampling cycle, that is, to convert the actual value to
the set value of a cycle. The sampling period was set to 10 min and a total of 25 groups of
data were collected.

2.3.2. Linear Regression Models of the Factors Based on NumPy and Scikit-Learn

As the most widely used scientific computing tool in Python, NumPy can integrate
algorithms into models and is an important component in building linear regression models.
To eliminate the error caused by the randomness of the model’s algorithm itself, scikit-
learn was used to independently simulate, train, and evaluate the established model [20],
providing guidance for its further optimization [22]. A unitary linear regression model
was established for the data set, and the output of the models after 10,000 simulation
experiments are shown in Figures 5–7.
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The three regression model analyses show that the data and the model of the linear
regression have a certain residual error. This is because the ore humidity, ore particle
size, and the electronic belt scale weight data are the three main factors affecting motor
frequency, but other factors exist, such as the voltage fluctuation, ore material adhesion,
and feeder gate size. These other factors cause the deviation between the predicted and
actual values. The degree of fit of the linear regression model should be determined before
the linear correlation of the variables is studied. The degree of fit is determined by the
coefficient of determination. The coefficients of determination and correlation coefficients
of the three models are shown in Table 1.

Table 1. Determination and correlation coefficients of the regression model output.

Influence Factor Coefficient of Determination Coefficient of Association

Ore dampness 0.6189 −0.7867
Ore granularity 0.9750 −0.9874

Electronic belt weighing 0.8819 −0.9391

As Table 1 reveals, the coefficients of determination of ore particle size and electronic
belt scale weight data are both above 0.8, indicating high goodness of fit, whereas the coef-
ficient of determination of ore humidity is 0.6189, which is in the range 0.5–0.8, indicating
low goodness of fit. The correlation value of coefficients of ore particle size and electronic
belt scale weight data are both less than −0.9, showing a high degree of negative linear
correlation. The correlation coefficient of ore humidity is −0.7867, also indicating a high
degree of linear correlation. However, considering that the goodness of fit of the regression
model is 61.89%, the ore humidity is not the main factor affecting the system. The ore
particle size and electronic belt scale weight data are used as the input variables of the
fuzzy controller, and the motor frequency is the output variable.
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3. Python-Based Fuzzy Control Algorithm
3.1. Fuzzification and Establishment of Membership Function

The control purpose of the fuzzy controller is to make the ore feeding amount of the
feeding system achieve dynamic balance, that is, when the central control room gives the
expected value for the ore feeding amount, the whole feeding system controls the ore
feeding amount of the feeder according to the data output motor frequency fed back by
the online particle size analyzer and the electronic belt scale so as to maintain the total ore
feeding amount unchanged, but can independently optimize the ore feeding according to
the particle size on the transport belt. Python has a powerful standard library and open
source. Among them, the scikit fuzzy module library can help us avoid the tedious and
complex fuzzification and defuzzification operations as described above when designing
the fuzzy controller. We can complete the construction of the fuzzy controller by clearly
describing the parameters of the controlled object. The following describes how to design a
fuzzy controller through the scikit fuzzy module library in Python to achieve the goal of
autonomous optimization of ore feeding.

When constructing the fuzzy controller, the first step is to set the range of input and
output variables according to the collected field data and actual production values of the
mill plant. Hence, the ore particle size range was set to (0, 20], the step was set to 1, the
electronic belt scale weight range was (0, 25], the step length was 0.5, the motor frequency
range was (0, 50), and the step length was 1. The ore particle size and electronic belt scale
weight were set as the preconditions, and the motor frequency was set as the post-condition.
Then, using the implication operator, the membership of the pre-condition obtained by the
membership function was truncated to the fuzzy set of the post-condition. This enabled
the post-condition to be controlled through the preconditions, as illustrated by the code in
Figure 8.
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A fuzzy set is created after the variables have been fuzzified. This set contains all the
controlled objects, that is, the ore particle size and electronic belt scale weight (the input
variables) as well as the motor frequency (the output variable). The specific content of the
fuzzy set is shown in Table 2, where “L,” “M,” and “H” indicate the low, medium, and high
ranges of the variables, respectively.

Table 2. Fuzzy sets of the fuzzy controller.

Particle Size (Low) = L Particle Size (Middle) = M Particle Size (High) = H

Weight (low) = L Weight (middle) = M Weight (height) = H
Frequency (low) = L Frequency (middle) = M Frequency (high) = H

After the fuzzy sets have been established, it is necessary to describe the low, medium,
and high membership ranges for ore particle size, electronic belt scale weight, and motor
frequency. Triangle membership function (Fuzz.trIMF) was selected for this model. The
corresponding module (Scikit-fuzzy) needs to be called from Python. After the description
has been completed, the centroid method is used to resolve the “fuzz” module. The mem-
bership function of ore particle size (“oresize”) and electronic belt scale weight (“weight”)
can be obtained by the “view” statement, as shown in Figures 9 and 10, respectively.
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3.2. Construction of the Fuzzy Control Rule Base

A fuzzy control rule base is defined as a set of fuzzy rules in a fuzzy control system.
The specific expression of fuzzy control rules is as follows:

R : IF x1 is F1
l , . . . , and xn is Fn

l THEN y is Gl

First, a fuzzy subset is uniformly divided, and the initial rules are generated according
to the defined membership function. Then, according to the experience of field operators
and related literature on beneficiation, the ore particle size, electronic belt scale weight, and
motor frequency are considered individually. The fuzzy control rules can be obtained using
the Cartesian product as shown in Table 3, where again, “L”, “M”, and “H” indicate the
low, medium, and high ranges of the variable, respectively.

Table 3. Fuzzy control rules.

F
W

L M H

O
L H H M
M H M L
H M L L

3.3. Simulation Experiment

After the mathematical functions of the simulation model have been determined,
the fuzzy controller can be integrated into the simulation model based on Python for the
simulation experiment, and the output data can be visualized. The specific process is
realized through Python as follows:

(1) Generate the grid-point coordinate matrices for the X and Y variables. Create a matrix
for the Z axis at the height of X. Initialize all variables to 0.

(2) Construct a nested loop with a range of 0 to 30, and then assign values to input
variables X and Y. The values of X, Y, and Z are the values of the “oresize,” “weight,”
and “frequency” variables in the fuzzy controller.

(3) The axes 3D matplotlib library was used to map the data.

Using the above steps, a three-dimensional visualization of the simulation experiment
results was obtained, and the results are shown in Figure 11.
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Printing statements “print(‘Max’, Max(PP))” and “print(‘min’, min(PP))” output the
maximum and minimum motor frequencies of the fuzzy controller of the feeding system.
The simulation model obtains a maximum motor frequency of 41.67 Hz and a minimum
motor frequency of 21.52 Hz. The simulation results of the maximum value agree with the
actual production conditions of the concentrator.

In this study, code simulating the production conditions was added to the fuzzy
controller to facilitate subsequent comparative experiments. The input values of the test
were ore size = 9 and weight = 18, and the output value was frequency = 24.12. The
membership function of the motor frequency under the simulated production conditions is
shown in Figure 12.
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As Figure 12 shows, when the ore particle size is 9, the weight output by the electronic
belt scale is 18, the output motor frequency is 24.12, the low membership value of motor
frequency is 0.02, the medium membership value of motor frequency is 0.98, and the high
membership value of motor frequency is 0. At this time, the motor frequency belongs to
the range of “medium” to a very high degree, belongs to the range of “low” to a very small
degree, and completely does not belong to the range of “high”.

3.4. Analysis of the Simulation Experiment Results

To better compare the advantages and disadvantages of a control system based on
a traditional PID control algorithm with one based on the Python-based fuzzy mill feed
control system, the following two simulation experiments were carried out:

(1) The step responses [23] of the methods were compared.
(2) The responses of the methods to changes in simulated field production conditions

were compared to evaluate the robustness of the two control systems.

Figure 13 compares the step-response curves of the traditional PID control algorithm
and the fuzzy control algorithm. At 0.01 s, a unit step signal with a given amplitude of
0.9 was input to the model. In the figure, the black curve indicates the PID control step
response, and the red curve indicates the fuzzy control step response.
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Table 4 presents the parameters of the step responses. Given the same unit step signal
excitation, fuzzy control has a faster response speed, smaller overshoot, and smaller error,
indicating that it has better dynamic performance than traditional PID control and good
long-term stability.

Table 4. Comparison of the parameters of the traditional PID control and fuzzy control step responses.

Relevant Parameters Traditional Pid Control Fuzzy Control

Rise time 3.5 3.4
Overshoot 22% 6%

Average error 0.25 0.03

Next, a simulation experiment to compare the response of traditional PID control and
fuzzy control to changes in production conditions was performed, because the ultimate
objective is to use the electronic belt scale weight to dynamically balance the belt control.
Hence, the electronic belt scale weight was changed to a value corresponding to 8.5 t/h
(that is, the weight when the mill is fed at a rate of 8.5 t/h), and simulation models of the
two systems were built. Figures 14 and 15, respectively, show the simulation models of the
two algorithms when the production conditions change.
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Figure 15. Fuzzy control response curve to changing production conditions.

As shown in Figure 14, the PID controller starts to adjust after a period of delay,
and gradually reaches a stable value, which continues to fluctuate at 500 s, whereas the
fuzzy controller responds quickly. As shown in Figure 15, when the production conditions
change, the fuzzy controller starts the adjustment immediately and gradually becomes
stable at about 250 s. Moreover, it begins to adjust independently according to the simulated
production conditions. Although there is a certain fluctuation in the results, compared with
the fluctuation of the traditional PID control algorithm, the fluctuation of the fuzzy control
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algorithm has a smaller amplitude when the output reaches a stable value, which leads to
higher control accuracy.

To better compare the control performance of traditional PID control and fuzzy control,
print statements were used to output the values of the simulation models until they reached
the expected value. Seventeen sets of data were output every 50 s from 200 s to 1000 s, and
the overshoots of the two sets of data were calculated. The overshoots are compared in
Figure 16.
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The data in Figures 14 and 15 are exported, and the overshoot is used to generate the
comparison diagram of PID and fuzzy control algorithm, as shown in Figure 16. Figure 16
shows that the overshoot of the traditional PID control algorithm fluctuates when the
production conditions are changed, whereas the overshoot of the fuzzy control algorithm
changes substantially from 200 s to 250 s and then fluctuates very little after that.

4. Conclusions

In this paper, using a Python-based intelligent system development platform, fuzzy
control was used to control to the feeding link of the grinding process so that the amount of
ore fed to the mill could be adjusted according to the particle size of the ore on the conveyor
belt. Moreover, the total amount of ore was dynamically balanced so that the feeding link
of the mill would be more intelligent.

(1) The Kalman filter was implemented using Python code. The results show that the
error after noise filtering is less than 1.5%, indicating that Kalman filter algorithm
improves the measurement accuracy of electronic belt scales.

(2) Python was used to build a regression model to analyze the factors affecting accuracy.
The results of the model indicate that the ore particle size and electronic belt scale
weight could be used as the main influencing factors of the system. Therefore, the
ore particle size and electronic belt scale data were used as the input, and the feeding
motor frequency was used as the output.
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Using the scikit fuzzy module library, a fuzzy controller suitable for the mill feeding
process was developed, and a simulation experiment was carried out. The results show
that the fuzzy mill feed control system based on Python can achieve the desired control
purpose and performance, with good robustness. Moreover, the simulation results can be
displayed in three dimensions, which is more intuitive and convenient for operators to
observe and record.
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