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Abstract: This article addresses the design of an intelligent controller for ore grinding that is
built around an artificial neural network. Two indicators are used to describe the state of a ball mill:
the deviation of the mill load from its set value and the deviation of the product particle size from its
target. On the basis of these two indicators, a five-layer feedforward network is proposed, with ReLU
activation in the hidden layers and Tanh in the output layer. The weighted sums of the neurons, the
matrices of synaptic weights and the bias terms are written out in mathematical form. For training, the
backpropagation algorithm is combined with the Adam optimizer. The network output yields the
control law U(¢), which adjusts the ore feed rate.
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Introduction

In the mining and metallurgical industry, grinding is one of the stages that most strongly
determines the quality of the final product and the efficiency of the whole production chain. Several
factors act on the process at once: the physical and mechanical properties of the ore and its hardness,
the degree to which the mill is filled, water consumption, rotation speed, and the rheological properties
of the pulp. In practice, such processes are usually regulated by PID controllers. The difficulty is that
the composition and hardness of the ore vary, the mill load can build up, and the ratio of liquid to solid
phases can drift. Each of these changes the dynamic behavior of the plant, so a conventional controller
that was tuned once may lose its effectiveness later on.

Muxitdinov and Boybutayev (2023) studied the control of ball mill grinding on the basis of a
predictive mathematical model. In their work the mill load, the product particle size, the pulp volume
and the control variables were treated as interrelated quantities, and a control structure built on
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dynamic inversion and a predictive model was proposed. Following this line of research, the present
article develops a method for controlling the grinding process with an artificial neural network. A key
advantage of neural networks is that they can learn complex nonlinear relationships among process
parameters directly from experimental data and then use what they have learned to generate a control
action.

The aim of this study is to create a five-layer neural network architecture that accounts for changes in
mill load and product particle size, and to use it to form the control law U(¢).

Selection of Input and Output Parameters

Ore grinding is a multivariable, nonlinear dynamic plant that operates under constant external
disturbances. For the network inputs, two technological indicators that describe the condition of the
mill most fully were chosen.

Input vector:

x(
X[, 8
where:

x1(?) is the normalized deviation of the mill load;

X,(?) is the normalized deviation of the product particle size.

Deviation of the mill load:

e (D=L(OH-L* (1)
Deviation of the product particle size:
e (D)=dso(D)~ds, ©)

where:
L(?) is the current mill load;
L* is the set value of the load;
dso(?) is the characteristic particle size of the finished product;
afsko is the set value of the particle size.

To keep training stable, the input quantities are normalized:

e (1)

6 (05— ©
e
(=5 @

After normalization, any value that falls outside the allowed range is clipped to +1:
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—1=x (1) 0 (0)<1 (5)

The network output is

Y()=U(@) (6)
where U(?) is the control signal that adjusts the ore feed rate.
The physical meaning of the control signal is as follows:
U(#)<0 means the ore feed rate is reduced;
U(#)=0 means the ore feed rate is left unchanged;

U(#)>0 means the ore feed rate is increased.

Network Architecture
A five-layer feedforward neural network is proposed for the intelligent controller. Its layers are:

1. Input layer: 2 neurons.
2. First hidden layer: 8 neurons.
3. Second hidden layer: 8 neurons.
4.  Third hidden layer: 4 neurons.
5. Output layer: 1 neuron.
Table 1. Architecture of the neural network

Number of
Layer neurons Activation function Role
Layer 1 2 Linear Receiving the input parameters
Layer 2 8 ReLU Extracting primary features
Layer 3 8 ReLU Learning nonlinear relationships
Layer 4 4 ReLU Forming the key features
Layer 5 1 Tanh Producing the control signal
The general mathematical model of the network is

A(l):f(l)(W(l) A(H)+b(l)) (7)

where:

AD is the output vector of layer /;

WO is the matrix of synaptic weights between adjacent layers;
b is the vector of bias coefficients;

7D is the activation function;

[ is the layer index.
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Each neuron multiplies its incoming signals by the corresponding synaptic weights and adds the bias
to the result, which gives a weighted sum:

nj

sO= P4V +p0 (8)

i=1

where:
. Sj(l) is the total input signal of neuron j;

. W](ll) is the synaptic weight on the connection from input i to neuron j;

AEH) is the output signal of a neuron in the previous layer;

. b]@ is the bias value;

e n; is the number of neurons in the previous layer.
The output signal of the neuron is

D_pf D
40=(s") ©
The hidden layers use ReLU as the activation function:
[/(S)=ReLU(S)=max(0,S)| (10)

For negative arguments this function returns zero, and for positive arguments it passes the input
through unchanged. Its main advantage is how cheap it is to compute.

The derivative of ReLU is

_(0, S§<0
The output layer, by contrast, uses the hyperbolic tangent:
§)—tanh(5)=—. (12)
/(S)=tanh(S)= oS

Tanh keeps the output within the interval [—1;1], which guarantees that the control signal stays
bounded.

Layer-by-Layer Computation
First layer: the input layer

o[

Second layer: 8 neurons
SO=p@ 4D 4+p@
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AP=ReLU(S®)
The weight matrix of this layer is
W@ e R¥<2
Third layer: 8 neurons
SO=pp® 4D 453
A®=ReLU(S®)
Its weight matrix is
w3 e p8~8
Fourth layer: 4 neurons
S@O=® 43 +p@
A®=ReLU(SW)
Its weight matrix is
W@ e p4-8
Fifth layer: the output neuron

SO ) 4 @4 55)

U(#)=tanh(5®)

Its weight matrix is
W) e plx4
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(13)

(14)

(15)

(16)

In total, the network therefore has 137 trainable parameters: 116 synaptic weights and 21 bias

coefficients.

Initialization of Weights

The quality of the network depends to a large extent on how its synaptic weights are chosen and

trained. The weight matrices have the following dimensions:

Wi Wi
w w
= .21 .22
wg1  Wga
W(3) e R8>8
W(4) ER4><8

W®O=[wi1 Wiy Wiz Wi4]
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For the initial weights, the He method (He et al., 2015) is recommended, since it suits hidden layers
with ReLU activation:

w v(0—) (19)

n

where n;, is the number of neurons feeding into the layer.

For the initial setting of the output-layer weights, the Xavier (Glorot) method can be used (Glorot &
Bengio, 2010).

Training of the Network

During training, the weights are updated automatically in response to the error. The network is trained
by supervised learning on a data set of the form

D={ (XU} )3, (20)
where:

X,=[x11,x24]7 are the input parameters;

U;: is the reference control signal;
N is the number of training samples.

The initial training set can be generated from the Fuzzy Logic model that the author developed earlier:
a base of 25 [IF-THEN rules together with the Mamdani algorithm computes a reference control signal
for every pair of inputs. Later, the set can be extended with real production data and the network
retrained.

The error is the difference between the reference value and the network output:

e=U, ~U @2y

The objective function for training is the mean squared error (MSE):

N
MSE=% (U}*c —U,()2 (22)
=1

A falling MSE indicates that the network output is approaching the reference control signal.

Weights and biases are updated by propagating the error backward through the network (Rumelhart et
al., 1986). The gradient descent rule is

Wnew: Wold_n OMSE (23)
ow

bnew:bold_” OMSE (24)
ob
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where 7 is the learning rate.

The propagation of the error into the hidden layers is computed with the chain rule.

At the output layer:
5(5):( A )/(5(5)) (25)
At the hidden layers:
SO=(WaDTSHD) O 7(S0) (26)
where © denotes element-wise multiplication.

The Adam Optimization Algorithm

Training with the Adam algorithm is proposed (Kingma & Ba, 2015). Adam takes the first and second
moments of the gradient into account and adapts the step size for each parameter individually.

mt:ﬂlmt—l—i_(l_ﬂl)gt (27)
VB (1B gt (28)
The moment estimates are then corrected for bias:
my
"R
%
Vtzl_—tt (29)
2
The weights are updated as
m
WW—n— (30)
v, te

where:

e g is the current gradient;
e my,is the first moment of the gradient;
* v, is the second moment of the gradient;
*  [f.,p, are the decay coefficients used to compute the moments;
*  ¢is asmall constant that prevents division by zero.
In this way, every weight is updated with an adaptive step that reflects its own gradient history.

The training procedure consists of the following steps:

1. Collect measurement data on mill load and particle size.
2. Preprocess and normalize the measurements.

3. Generate the reference control signals U* that correspond to the inputs.
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4. Split the data into training, validation and test sets.
5. Choose the initial weights of the network.
6. Run the forward pass to obtain U(?).

7. Compute the MSE.

8. Determine the gradients by backpropagation.

9. Update the weights with the Adam algorithm.

10. Stop training according to the validation error.

11. Evaluate the model on the test set.
As a starting point, the data can be divided into 70% for training, 15% for validation and 15% for
testing. Because the data form a time series, it is better to split them in chronological order than to
shuffle them at random.
Control Law and Operating Sequence

Once trained, the network output is used to adjust the ore feed rate. The overall control law of the
network is

U(H=tanh[ WOReLU(WWReLU (WP ReLU(WOX(1)+5P )+53 )+pD)+pO] | (31)

This expression captures the entire computation of the five-layer network, from input to output, in a
single equation.

The normalized control signal is mapped to the real technological range as
AF,(O=U@®) " AFmax (32)

The new set point for the ore feed is

F ()=sat [Fj‘ (t—1)+AFr(t)] (33)

where:

F f (?) is the new set point of the ore feed;

AF (%) is the correction applied to the ore feed rate;

AF .« 1s the largest change of the control action in one step;

sat is the limiting operator that enforces the technological constraints.

In other words, the network analyzes the deviations of mill load and product particle size and, from
them, produces a control signal that changes the ore feed rate.

The system operates in the following sequence:

1.  Mill load and product particle size are measured by the appropriate sensors.
2. The measured values are sent to the control system.
3. The deviations between the current and set values are calculated.
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The deviations are normalized.

The normalized signals are fed to the input layer of the network.

In the second, third and fourth layers, ReLU performs the nonlinear transformation.

In the fifth layer, Tanh produces the control signal U(z).

The signal is limited by the technological constraints.

Through a frequency converter, the signal is passed to the motor of the ore feed conveyor.
10. The new state of the mill is measured again, and the cycle repeats.

Safety limits must be enforced independently of the neural network, at a separate protection and
control level.

4.
5.
6.
7.
8.
9.

Conclusion

This article has developed a mathematical model for the intelligent control of ore grinding on the basis
of an artificial neural network. The deviations of mill load and product particle size were chosen as the
inputs of the control system, and the control signal U(z), which adjusts the ore feed rate, was defined
as the output. A five-layer feedforward network with a 2-8-8—4-1 architecture was proposed, using
ReLU in the hidden layers and Tanh in the output layer. The summation functions, weight matrices
and bias coefficients of the network were expressed mathematically. The architecture contains 116
synaptic weights and 21 biases, that is, 137 trainable parameters in total. Backpropagation and the
Adam algorithm were recommended for training, and it was shown that the first reference values can
be taken from the control signals of the previously created Fuzzy Logic model. The proposed model
provides a mathematical basis for assessing the state of the mill and for intelligent regulation of the ore
feed rate. To confirm its practical effectiveness, the next stage should include simulation in MATLAB
or Python and experiments with production data.
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