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Abstract: The control of matte grade determines the production cost of the copper smelting process.
In this paper, an optimal matte-grade control model is established to derive the optimal matte grade
with the objective of minimizing the cost in the whole process of copper smelting. This paper also uses
the prediction capability of the BP (Backpropagation) neural network to establish a BP neural network
prediction model for the matte grade, considering various factors affecting matte grade (including
the input copper concentrate amount and its composition content, air drumming amount, oxygen
drumming amount, melting agent amount, and other process parameters). In addition, the paper
also uses the optimal matte grade to optimize the dosing, air supply/oxygen supply, and oxygen
supply for the ISA and other furnaces. When using BP networks only, it is a nonconvex problem
with gradient descent, which tends to fall into local minima and has some bias in the prediction
results. This problem can be solved by optimizing its weights and thresholds through GA (Genetic
Algorithm) to find the optimal solution. The analysis results show that the average absolute error of
the simulation of the BP neural network prediction model for ice copper grade after GA optimization
is 0.51%, which is better than the average absolute error of 1.17% of the simulation of the single BP
neural network model.

Keywords: pyrometallurgical process; ISA furnace; matte grade; lowest cost; BP neural network
prediction model; GA optimization; process optimization

1. Introduction

It is difficult to establish the mechanism model of the smelting process because of
the complex furnace structure, various materials in the furnace, and rapid physical and
chemical reactions in the furnace. Matte grade determines the amount of ISA furnace
slag, which directly affects the heat loss of the ISA furnace and the heat supply of the
converter. So, matte grade control is crucial in copper smelting. Meanwhile, the processing
capacity of the converter blowing slag and the planned cold material determines the matte
grade required for smelting and, finally, determines the production organization mode and
smelting cost of the smelting furnace and converter. However, copper smelting system is
a multidimensional, nonlinear, dynamic, and open complex system, and the matte grade
is related to many factors, resulting in the prediction and modeling of matte grade is a
NP-complete problem (Nondeterministic Polynomial complete problem).

BP neural network [1,2] is widely used in actual production prediction because of
self-learning, self-organizing, self-adapting, and strong nonlinear function approximation
abilities [3,4]. He et al. [5] proposed a hybrid model based on ladle thermal state and BP
neural network to study actual steelmaking process characteristics. This helps to solve the
problem that a single steelmaking process mechanism model is difficult to accurately predict
the temperature of molten steel. The practical application shows that the model achieves a
good prediction performance. Senthilkumar et al. [6] developed a BP neural network model
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with a network structure of 3-2-2-1 to predict the rheological stresses in Al-Mg nanocomposites
at high temperatures. The temperature, strain, and strain rate data during hot compression
experiments were collected as model input. The model outputs the flow stress, which is
compared with the Arrhenius hyperbolic and Johnson–Cook constitutive models. The results
indicate that the BP neural network model had better prediction accuracy. Li et al. [7] used
a BP neural network to predict the leaching rate of indium and optimize the acid leaching
process of ITO (Indium Tin Oxide) waste target to recover indium. The results showed that
the relative error between the output of the prediction model and the actual leaching rate
was 1.0~1.3%. Cui et al. [8] established a BP neural network prediction model for the content
of variables that could not be detected in real time to predict the current (Si) content in the
blast furnace smelting process. Combined with an expert system, the prediction model finally
achieved an optimal control of the coal injection process. Liu et al. [9] established a prediction
model of end-point phosphorus content for BOF (Basic Oxygen Furnace) based on monotone-
constrained backpropagation (BP) neural network, and 200 sets of data were used to verify
the accuracy of the model. The hit ratios in the range of±0.005% and±0.003% are 94% and
74%, respectively; the results indicate predictive accuracy is better than that of an ordinary
BP neural network. Singha et al. [10] used the initial pH value, initial Pb2+ concentration,
adsorbent dosage, and contact time as the input layer of the BP neural network to predict
the removal rate of Pb2+ in the study of hydrometallurgical extraction of lead, and the actual
results showed that the prediction results of the model were excellent. Although the BP neural
network is used for model prediction with high generalization ability, it needs to be optimized
by an optimization algorithm due to its slow learning speed and tendency to fall into local
minima [11].

Genetic Algorithm (GA) [12,13] is a widely used optimization algorithm. In this
algorithm, through iterative evolution of the population, the individuals with higher fitness
in the current population are inherited by the next generation, and individuals with lower
fitness are eliminated. Finally, the individual with the most increased fitness is found,
and the optimization result is obtained. Hoseinian et al. [14] studied the column-leaching
process of copper oxide ore. A BP neural network model with the optimal network structure
of 4-15-10-1 was designed to predict the copper recovery rate. GA was utilized to optimize
the network connection weights and thresholds. The results show that the mean square
error decreased from 66.67 to 0.02. Liu, He Miao et al. [15] proposed a power supply
optimization strategy based on the improved BP neural network and compared PSO-
BP (Particle Swarm Optimization-Backpropagation) neural network with GA-BP neural
network. The results indicated the prediction error of the power supply strategy of GA-
optimizing BP (GA-BP) neural network is the minimum. Liu et al. [16,17] established a
BOF end-point temperature and carbon content prediction model and a BOF end-point P
and O content prediction model based on principal component analysis (PCA)—genetic
algorithm (GA)—backpropagation (BP) neural network. The root mean square temperature
error between predicted and actual values is 7.89, carbon content is 0.0030, P content
is 0.0015%, and O content is 0.0049%. Chakraborty et al. [18] used a real-coded genetic
algorithm to optimize the BP neural network to predict the phase transition temperature
during continuous steel cooling. The network’s input layer included seven influencing
factors, e.g., the chemical composition of steel, cooling rate, and austenitizing temperature;
the output layer outputs six temperature values, e.g., ferrite start transition temperature
and end temperature, pearlite start transition temperature and end temperature. The
experimental results show that the optimized prediction results are closer to the actual
values. Wang et al. [19,20] and Zeng [21] established a copper flash smelting neural network
model to predict matte grade, optimized the weight of the matte-grade neural network
model by GA, and then simulated and optimized the input layer process parameters by
GA. The optimization results are better than the single BP neural network model, but
this model only considers the energy costs of the flash smelting process. Wang et al. [22]
proposed a neural network algorithm based on GA-Elman-Regularization. Regularization
is introduced to improve the generalization ability of the network and to enhance the
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network accuracy. In comparison of experimental results of motion trajectory prediction
by the Elman neural network, GA-Elman neural network, and GA-Elman-Regularization
neural network on the semiphysical dataset, the average error of prediction is 1.37%, 0.82%,
and 0.556%. The experiments show that the optimized algorithm improves the ability of
network generalization and the accuracy of prediction.

In this paper, a matte-grade optimization control model is established to solve the
optimal matte grade, with the objective of minimizing the cost in the whole process of
copper smelting. Meanwhile, based on the global optimization ability of GA and the
strong generalization ability of the BP neural network, a GA-BP neural network matte-
grade prediction model is established to predict the matte grade of ISA smelting process
parameters in real time. Then, the prediction result is compared with the optimal matte
grade to regulate and control each furnace to make the production operate economically.
In this model, the BP neural network prediction model is trained to obtain weights and
thresholds, and GA is used to find the optimal weights and thresholds. The prediction
results of a single BP neural network and GA-BP neural network are compared with the
expected results to verify the effectiveness of the prediction model.

2. Model

The matte-grade optimization control model was established by using Matlab as a
tool and taking the lowest production cost of the whole process of copper smelting as the
objective function. At the same time, the BP neural network prediction model of matte
grade is established to realize real-time prediction of matte grade.

2.1. Matte-Grade Optimization Control Model
As one of the most important control parameters in copper ISA smelting, converter

blowing, and anode furnace refining, matte grade determines the oxygen scheduling
scheme of the ISA furnace and converter and the materials entering the ISA furnace,
converter, and anode furnace. The optimization control of matte grade is to find the best
matte grade when a certain amount of copper concentrate is added under the restriction of
converter slag processing capacity and converter planned cold material processing capacity
in the process of converter blowing to maintain the process parameters (including total
oxygen, total fan blast, and flux amount) within the allowable range and minimize the
smelting cost. A nonlinear mathematical model for matte-grade optimization control is
established as follows:

minW = CISAPcoal +
(
OISA+Ops

)
PO2 +

(
AISA+Aps+Aan

)
Pair +

(
FISA +Fps

)
+BanPre

Gmin ≤ G ≤ Gmax
Rmin

O2
≤ RO2 ≤ Rmax

O2

Smin
Fe ≤ SFe ≤ Smax

Fe
Smin

CaO ≤ SCaO ≤ Smax
CaO

Cmin
i ≤ Ci ≤ Cmax

i (i = 1, 2, 3, 4)
Smin

ps ≤ Sps ≤ Smax
ps

Dmin ≤ D ≤ Dmax(i = 1, 2, 3, 4)

(1)

where CISA, OISA, AISA, and FISA are the coal feed amount(t), oxygen supply amount
(Nm3), blast volume (Nm3), and flux amount(t) of the ISA furnace, respectively; Ops, Aps,
and Fps are the oxygen supply volume (Nm3), blast volume (Nm3), and flux amount(t)
of PS converter, respectively; Aan and Ban are the blast volume (Nm3) and the reductant
mass (t) of anode furnace; Pcoal is the unit price of coal (Yuan/t); PO2 is the unit price of
oxygen (Yuan/Nm3); Pair is the unit price of compressed air (Yuan/Nm3); Pflux is the unit
price of flux (Yuan/Nm3); Pre is the unit price of reductant (Yuan/t); G is matte grade (%);
Gmax and Gmin are the upper and lower limits values of matte grade, respectively; RO2 is
oxygen-enriched concentration (%); Rmax

O2
and Rmin

O2
are the upper and lower limits of RO2

values, respectively; SFe is the slag type of SiO2/Fe (%); Smax
Fe and Smin

Fe are the upper and
lower limits of SFe values, respectively; SCaO is the slag type of SiO2/CaO (%); Smax

CaO and
Smin

CaO are the upper and lower limits of SCaO values, respectively; Ci (i = 1, 2, 3, 4) represents
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the amount of cold material, residual anode, crude copper, and anode slag processed in
each converter of the converter (t); Cmax and Cmin are the upper and lower limits of the
Ci (i = 1, 2, 3, 4) value, respectively; Sps is the amount of slag per PS furnace(t); Smax

ps and
Smin

ps are the upper and lower limit values of Sps, respectively; Di (i = 1, 2, 3) represents the
amount of cold material, residual anode, and purchased crude copper processed in each
anode furnace (t); Dmax and Dmin are the upper and lower limit values of Di (i = 1, 2, 3),
respectively. The relationship between these process parameters is nonlinear, and the best
matte grade can be found by GA under the condition of the lowest cost in the whole process
of copper smelting.

2.2. Matte-Grade Prediction Model Based on BP Neural Network

Matte grade is determined by the process parameters such as the composition and feed
of raw materials (copper concentrate, flux, air, and oxygen) and the smelting characteristics
in the production of copper matte by ISA furnace. The nonlinear relationship between
matte grade and its influencing factors can be mined from the production data of the copper
smelting process using the characteristics of the BP neural network, such as parallel and
distributed information processing, self-organization, self-adaptation, and approaching
any complex nonlinear function. With the input of different samples, the running state of
the ISA furnace is dynamically tracked, and the matte grade under the current production
condition is predicted in real time. Then, the real-time matte grade is compared with the
best matte grade in the matte-grade optimization control model, to adjust and control the
feeding of the ISA furnace, the converter and, the anode furnace. In this way, the cost of
the whole copper smelting process can be minimized.

2.2.1. Model Structure

The input layer of the BP neural network can build a nonlinear model G = F(X)
between the matte grade G and the influencing factor X, based on the main factor X that
affects the matte grade, where the equation for the influencing factor X is as follows:

X = [X1, X2, X3, X4, X5, X6, X7, X8]T (2)

In this formula, X1 is Cu content, X2 is S content, X3 is Fe content, X4 is SiO2 content,
X5 is CaO content in the copper concentrate, X6 is oxygen volume, X7 is blast volume, and
X8 is flux amount.

In the model, the influence degree of each factor on matte grade is reflected by the
weight of each influence factor, and the final network output value is constantly approach-
ing the actual value by using the self-training, learning, and adjustment abilities of the
BP network. The model uses eight main influences X as the feature set with a complete
dataset of 910 and one output term of matte grade; 900 sets of data were used as the training
set, and 10 were used as the test set. The number of hidden layer units in the model is
determined to be 13 by the empirical formula n1 =

√
n + m +α [23] (n1 is the number of

hidden layer units, n is the number of input layer units, m is the number of output layer
units, and α is a constant between 1 and 10). A matte-grade prediction model with the
network structure of 8-13-1 is shown in Figure 1.

2.2.2. Model Algorithm Process

The nonlinear relationship fitting based on the BP neural network is usually completed
through three steps: BP neural network construction, BP neural network training, and BP
neural network prediction. The training process is completed by forward propagation and
error backpropagation. The forward propagation direction is input layer→ hidden layer
→ output layer, and the state of neurons in each layer only affects neurons in the next
layer. If the desired output is not obtained in the output layer, it will turn toward the error
backpropagation process. By alternating the two processes, the error function gradient
descent strategy is implemented in the weight and threshold vector space, and a set of
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weights and thresholds are searched dynamically iteratively to minimize the error between
the predicted value and the expected value so as to complete the process of information
extraction and memory. According to the structure of the BP neural network of matte grade
and the relationship between matte grade and various factors, the algorithm process is
determined as shown in Figure 2.
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Figure 2. Flow chart of the BP neural network algorithm for matte grade.

The specific algorithm is described as follows:

(1) Small weights and thresholds are randomly assigned to the network.
(2) The training samples (input and output data) were imported, the network output

values were calculated and compared with the expected output values, and the local
errors of all layers were obtained.

(3) The network is trained, and the weight and threshold of each layer are adjusted by
iterative formula. For the output layer and the hidden layer, the weight change from
the ith input to the kth output is as follows:
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∆wki(t) =− η
∂E(t)

∂wki(t)
(3)

The threshold changes to:

∆bki(t) =− η
∂E(t)
∂bki(t)

(4)

Among them, E(t) is mean square error; w(t) and b(t) are weights and thresholds at
time t, respectively; ∆w(t) and ∆b(t) are weights and threshold adjustment values at time t,
respectively; η is the learning rate.

The total error sum of squares is calculated. If its value is less than the set target value
or the number of iterations reaches the set value, then the model stops. If neither is reached,
the network training will continue to iteratively adjust the weights and thresholds until the
conditions are met.

3. Model-Solving Algorithm

Based on the prediction model, the GA algorithm is used to optimize the weight and
threshold value of the model to improve the prediction ability model.

3.1. Model-Solving Process

According to the optimization control model of matte grade, the matte grade and
related process parameters of each furnace can be obtained under the condition of the
lowest energy consumption cost in the whole process of copper smelting, and the BP neural
network prediction model of matte grade can predict the matte grade in real time under
the current production conditions. Combined with the optimization control model and
prediction model, the predicted value of matte grade is compared with the optimal value,
and the production process parameters are regulated to make the current matte grade
approximate to the optimal value to achieve the goal of optimal production cost.

In solving the BP neural network prediction model of matte grade, GA is also used to
optimize the network weight and threshold, so that the predicted value is more accurate.
The specific model-solving process is shown in Figure 3.

3.2. GA-BP Neural Network Algorithm

There are hidden units in the BP neural network. Although the gradient descent
function is adopted on the surface of the weight and threshold vector, the global minimum
of error cannot be guaranteed, so the optimal weight and threshold of the network cannot
be guaranteed. Even though the BP neural network model has a certain prediction ability of
matte grade, in order to predict matte grade more accurately, this paper uses GA to optimize
the weights and thresholds of the BP neural network model and employs population search
to optimize the weights and thresholds of the neural network, which can solve the problem
of excessive dependence on gradient function of the neural network, and finally achieves
the goal of global minimum error.

GA-optimization BP neural network is divided into three parts: BP neural network
structure determination, GA optimization, and BP neural network prediction. Among them,
the design of the BP neural network structure has been discussed previously: According
to the available network, the node number of each neural layer was used to determine the
length of the genetic algorithm individually. When using a GA to optimize the weights and
thresholds of a BP neural network, each individual in the population contains all the weights
and thresholds of a network, and the individual calculates the individual fitness value by the
fitness function, and the genetic algorithm finds the individual corresponding to the optimal
fitness value by selection, crossover and variation operations. BP neural network prediction
uses the optimal individual obtained by genetic algorithm to assign the initial weight and
threshold of the network. Then the data are used to train the network, and the result is the
output of the prediction model. The specific algorithm flow chart is as follows (Figure 4):
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(1) Chromosome coding

According to the previously established BP neural network for the matte grade, all its
weights and thresholds were used as genes to construct chromosomes, and segmented real
numbers were used to encode chromosomes, each of which was a real number string. All
genes form a chromosome vector H = [h1, h2, ···hk, ···hn], where [h1, h2, ···hk] are the weight
genes in the chromosome and [hk+1, ···hn] are the threshold genes in the chromosome.

(2) Population initialization

L chromosomes are randomly generated by BP neural network weight threshold
initialization, and the initial population size is set as S.

(3) Adaptation function

The chromosomes in the genetic algorithm population were used as the weights and
thresholds of the BP neural network, the trained BP neural network was used for model
prediction, and the absolute value of the error between the predicted and desired outputs
was taken as the individual fitness value F. The formula was calculated as follows:

F =/yi2212oi/ (5)

In this formula, yi is the expected output value of matte grade for the ith input sample
of the BP neural network; oi is the predicted output value of matte grade for the ith input
sample. The genetic algorithm optimizes the matte-grade BP neural network weights and
thresholds, and the goal is to obtain the network weights and thresholds with the smallest
F in the evolutionary process.

(4) Select Operation

Genetic algorithm selection operation has various methods, such as the roulette
method and tournament method [24]. In this paper, we choose the roulette wheel method,
namely, the selection strategy based on the proportion of adaptation, and the selection
probability pi for each individual i is as follows:

fi= 1/Fi (6)

pi =
fi

∑N
i=1 fi

(7)

In this formula, Fi is the fitness value of individual i. The smaller the fitness value, the
better, so the inverse of the fitness value is calculated before individual selection. fi is the
inverse of Fi; N is the number of individuals in each population.

(5) Crossover operations

Since the individuals are coded with real numbers, the crossover operation method
uses the simple single-point crossover method. The crossover operation method for the uth
chromosome au and the vth chromosome av at the w position is as follows:{

auw= auw(1 − b) + avwb
avw= avw(1 − b) + auwb

(8)

In this formula, b is a random number between [0, 1].

(6) Mutation operation

The jth gene of the ith chromosome was selected for mutation. The mutation is
performed as follows:

aij =

{
aij +

(
aij − amax

)
× f (g) 0.5Pm ≤ r ≤ Pm

aij +
(
aij − amin

)
× f (g) r ≤ 0.5Pm

(9)
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In this formula, amax is the upper bound of gene aij; amin is the lower bound of gene
aij; f (g) = r(1 − g/Gmax); r is a random number between [0, 1]; g is the number of current
iterations; Gmax is the maximum number of evolution; and Pm is the probability of gene
variation.

4. Simulation and Analysis

To train the network, 900 sets of production data from a copper smelter were used
as training samples. Another 10 sets of data were used to predict the network model
and compare it with the desired output values. Ten groups of training samples randomly
selected are provided in Table 1.

Table 1. Ten groups of training samples taken from a copper smelting enterprise.

Cu (t) S (t) Fe (t) SiO2 (t) CaO (t) Oxygen (Nm3) Blast (Nm3) Flux (t) Matte Grade (%)

22.916 25.297 23.620 9.241 1.663 209,300 152,660 35 56.65%
20.918 22.631 22.209 11.559 2.268 199,852 173,140 39 61.69%
21.245 24.429 23.853 10.598 1.333 212,448 151,890 42 56.43%
21.780 24.488 23.971 10.460 1.181 206,088 161,237 47.7 57.06%
22.154 23.558 22.906 10.914 1.555 207,382 170,853 49 60.09%
22.039 23.965 23.195 10.627 1.651 205,373 164,912 50 57.72%
20.966 23.745 22.541 10.527 1.583 209,857 170,418 46 62.72%
22.945 23.208 22.385 11.197 2.114 203,196 162,327 40 51.46%
22.612 25.328 24.269 9.597 1.158 202,332 169,972 43.5 57.81%
22.297 23.572 22.688 10.721 1.791 199,668 162,570 42 51.79%

4.1. BP Neural Network Simulation and Analysis

Using the established BP neural network prediction model for ice copper grade for
several simulation experiments, the final optimal parameters of the network were obtained as
follows: the number of iterations I = 100, the learning rate η = 0.1, the error accuracy of training
Ep = 0.00004, and the model prediction data and expectation data are given in Table 2.

Table 2. The simulated predicted data and expected output values of BP neural network prediction
model for matte grade.

Number Network Output Expected Output Absolute Error Relative Error

1 52.71% 50.88% 1.83% 3.60%
2 58.15% 60.28% 2.13% 3.66%
3 56.36% 57.13% 0.77% 1.37%
4 56.81% 57.57% 0.76% 1.34%
5 56.63% 57.78% 1.15% 2.03%
6 54.92% 53.11% 1.81% 3.41%
7 51.36% 53.35% 1.99% 3.87%
8 56.06% 56.68% 0.62% 1.11%
9 55.71% 56.11% 0.40% 0.72%
10 56.92% 56.64% 0.28% 0.49%

Figure 5 shows a line graph of the output data of the matte-grade neural network
prediction model compared to the desired output data.

From the results obtained in Table 2 and Figure 5, it can be analyzed that the BP
neural network prediction model of matte grade has a good ability to mine the implied
regulation in the samples, and the model has a certain generalization ability by using the
training samples to train the neural network. Meanwhile, the network output data of the
test samples and the expected output data were controlled within the error range.
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4.2. GA-BP Neural Network Simulation and Analysis

Based on the BP neural network prediction model of ice copper grade with structure
8-13-1, the genetic algorithm was designed to optimize its weights and thresholds. Weight
values and threshold genes owned by each layer of each training sample group constitute
a chromosome. The chromosome design parameters are chromosome number L = 90,
chromosome population size S = 10, evolutionary algebra M = 200, crossover probability
Pc = 0.3, and mutation probability Pm = 0.1. After the simulation experiments using the
above GA-BP neural network prediction model for the matte grade, the model predicted
data compared with the actual expected data are displayed in the following table.

The following figure compares the test sample network output data and the desired
output data after the simulation of the matte-grade GA-BP neural network prediction
model with actual production data.

From the test results of the GA-BP neural network prediction model of matte in Table 3
and Figure 6, it can be seen that the BP neural network model optimized by the genetic
algorithm has more accurate matte-grade prediction results than the single BP neural
network prediction results. From Table 3, it can be concluded that the average absolute
error of matte-grade GA-BP neural network prediction model simulation is 0.51%, which is
56.41% lower than the matte-grade BP neural network prediction model, and the GA-BP
neural network prediction results have smaller errors and are closer to the expected value,
so the optimization effect is obvious.

Table 3. GA-BP neural network prediction model simulation prediction data versus desired output data.

Number Network Output Expected Output Absolute Error Relative Error

1 50.40% 50.88% 0.48% 0.95%
2 60.10% 60.28% 0.18% 0.30%
3 57.35% 57.13% 0.22% 0.39%
4 57.48% 57.57% 0.09% 0.16%
5 57.68% 57.78% 0.10% 0.17%
6 52.99% 53.11% 0.12% 0.23%
7 53.78% 53.35% 0.43% 0.81%
8 56.47% 56.68% 0.21% 0.37%
9 55.57% 56.11% 0.54% 0.97%
10 57.15% 56.64% 0.51% 0.90%
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5. Conclusions

(1) An optimized control model for ice matte grade was developed, and the lowest
smelting cost W for the whole copper smelting process is the target function to find
the best matte grade, and the consumption of other incoming materials such as oxygen,
air, and melt corresponding to ISA furnace, converter, and anode furnace.

(2) A BP neural network prediction model of the matte grade was established, and
its weight threshold was optimized by GA. A stable and reasonable input–output
relationship between matte grade and its influencing factors is obtained through
sample training.

(3) Combining the matte-grade optimization control model and the matte-grade BP neural
network prediction model, the matte grade is predicted in real time and compared
with the optimal matte grade to adjust the process parameters of each furnace to make
the production operate economically.

(4) In the future, based on the matte-grade optimization control model and matte-grade
GA-BP neural network prediction model, a three-flow optimization prediction model
coupled with material flow, energy flow, and value flow can be established for various
furnace copper smelting processes.
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