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Abstract: Due to the importance of detecting the matte grade in the copper flash smelting process, the mechanism model was 
established according to the multi-phase and multi-component mathematic model. Meanwhile this procedure was a complicated 
production process with characteristics of large time delay, nonlinearity and so on. A fuzzy neural network model was set up through 
a great deal of production data. Besides a novel constrained gradient descent algorithm used to update the parameters was put 
forward to improve the parameters learning efficiency. Ultimately the self-adaptive combination technology was adopted to 
paralleled integrate two models in order to obtain the prediction model of the matte grade. Industrial data validation shows that the 
intelligently integrated model is more precise than a single model. It can not only predict the matte grade exactly but also provide 
optimal control of the copper flash smelting process with potent guidance. 
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1 Introduction 
 

The copper flash smelting process is one of the 
complicated pyrometallurgical processes. A lot of fruitful 
researches have been done for the online mechanism 
model of the copper flash smelting process. Not only the 
matte grade and distribution of accessory element can be 
predicted[1], but also the online control is realized for 
the industry[2−3]. But this model is established on the 
rigorous theory of metallurgical physical chemistry. In 
the practical production there are lots of uncertain factors 
such as many variations of mineral resources and great 
fluctuation of the industrial status, so the practical 
production process deviates from the applicable 
condition of the mechanism model. This model can not 
satisfy the requirement of industrial production 
completely. 

Furthermore the matte grade is one of the 
comprehensive indexes in the copper flash smelting 
process when the amount of the treated material is 
invariable in the copper flash smelting furnace. The 
stable matte grade is important to the smelting, 
converting and the production of sulfuric acid[4]. 

However, the matte grade is detected later more than 1 h 
when the copper flash smelting process is finished, so it 
can not supervise the production manipulation in time. 
Consequently it is very significant to predict the matte 
grade online for stabilizing the copper flash smelting 
production and improving the product quality. WAN et 
al[5] established the model of the flash smelting furnace 
based on the neural network and adopted it to predict the 
technological index and yield. WAN et al[6] also set up 
the dynamic quality model of the nickel flash smelting 
process by adopting Takagi-Sugeno fuzzy model. Also its 
structure and parameter identification were discussed. 
But these two approaches are not guided according to the 
mechanism of reaction process then the predicted 
technological index will be not precise. 

The idea of intelligent integrated modeling is unique 
when it is adopted to deal with the information of 
complex process that is characterized by intricate internal 
mechanism such as nonlinearity, uncertainty and large 
time delay. Industrial data can be used for system 
identification and neural network modeling. The 
experience knowledge can also be taken as the basis of 
expert experience and fuzzy logic modeling. In addition, 
the cognition to the mechanism of industrial process is  
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the premise of the mechanism modeling. Therefore these 
diverse information provide convenience for the 
integration of different modeling methods[7−10]. 

In this study the matte grade of the copper flash 
smelting process was predicted. Firstly the mechanism 
model based on multiphase and multi-component model 
was discussed; secondly a fuzzy neural network model 
was set up by production data and rules in order to 
overcome the nonlinear dynamic characteristic in the 
process. Due to the low parameter learning efficiency, a 
constrained gradient descent algorithm of the parameter 
learning was proposed in the fuzzy neural network. 
Finally the self-adaptive combination technology was 
adopted to paralleled integrate the two models in order to 
obtain the prediction model of the matte grade. 
 
2 Mechanism of matte grade based on 

multi-phase and multi-component model 
 

In the copper flash smelting process, the fine 
particles of dry concentrate and flux are mixed with the 
oxygen-enriched air at the nozzle of the flash smelting 
furnace, then are injected into the furnace from the top of 
the reaction tower and react. The blending melts of the 
molten sulfide and oxide fall down to the bottom of the 
reaction tower, then they are gathered, precipitated and 
separated in the precipitation pool. Finally the matte and 
slag are formed respectively. 

The copper flash smelting process is a typically 
hermetically sealed container pyrometallurgical process. 
This chemical reaction is extremely complicated and the 
reaction substances have three phases such as solid, 
liquid and gas. Generally the mathematic model of the 
multiphase and multi-component chemistry equilibrium 
is established through Brinkley principle that is also 
called equilibrium constant method. Its basic idea is that 
the whole components contained in each phase are 
divided into independent components and auxiliary 
components in the equilibrium system. The elements that 
compose the independent components should include the 
whole elements in this system and the number of 
independent components should be equal to the sum of 
the kinds of elements contained in the system when the 
independent component is chosen. So the amount of 
substance of the whole auxiliary components in the 
equilibrium system can be described as the function of 
the amount of substance of independent components. 
The amount of substance of the auxiliary components 
can be obtained as long as the amount of substance of the 
independent components was acquired. Hence the 
multiphase and multi- component equilibrium model 
based on Brinkley principle can be used to compute the 

matte grade when the equilibrium model reaches balance 
in the copper flash smelting process. 

If the temperature, pressure and the amount of 
substance of each element are given in the sealed system, 
the equilibrium state of this system will be determined. 
The key point of equilibrium constant method is that all 
the chemistry reaction reaches balance at the same time 
when the system reaches balance. The different 
components in each phase are associated with a group of 
complex united equations through equilibrium constant. 
The amount of substance of each component in the 
equilibrium system can be obtained through solving the 
united equations and this is the basic idea of equilibrium 
constant method. There are Goto method, reaction course 
method and so on according to the different concrete 
disposing methods. All the equilibrium constant methods 
are developed based on Brinkley principle. The detailed 
introduction of the general principle for equilibrium 
constant method can be seen in Ref.[4]. 

The copper flash smelting process is a typical 
multi-phase and multi-component reaction process in the 
hermetically sealed container. According to the 
multi-phase and multi-component mathematic model of 
the copper flash smelting established by the balance 
constant method, the amount of fine concentrate, slag 
fine concentrate, siliceous concentrate, indeterminate 
material, oxygen-enriched air and the composition of 
each component are substituted into this mathematic 
model, respectively. Then the calculated amount of 
substance of Cu, Fe, S, O, As and Zn elements in the 
matte are substituted into the mechanism model of matte 

rade: g
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where  mi is the amount of substance of each element, ai 
is the relative atomic mass of each element. 

The static mathematic model of matte grade based 
on metal equilibrium equation can reflect the industrial 
status, but there are certain errors in the calculated result 
of the model inevitably. 
 
3 T-S fuzzy neural network identification 

model of matte grade 
 
3.1 T-S fuzzy neural network model 

Although the matte grade based on multiphase and 
multi-component model is established on the basis of 
rigorous theory of metallurgical physical chemistry, there 
will be some phenomena for example industrial status 
fluctuates, the smelting process deviates from 
equilibrium system, the charge material and oxygen- 
enriched air are not mixed homogeneously, and the 
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distribution temperature is lack of balance in the reaction 
tower in the practical production. So there is a great 
difference between the practical reaction and ideal 
chemical equilibrium. The exact analytic solution can not 
be obtained through the mechanism model. However 
there is a great deal of industrial data and expert 
experience in the production field. The stable production 
data that have the characteristic of sensitivity and real 
time implicate the mechanism and rule of the reaction 
process and can reflect the reaction practice to a certain 
extent. It is feasible to adopt fuzzy neural network to set 
up the prediction model of the matte grade. 

The intelligent model of matte grade is established 
by T-S fuzzy neural network that is widely adopted in the 
complicated nonlinear system modeling process. The 
fuzzy neural network integrates the neural network with 
the fuzzy logic. It not only has the strong structural 
knowledge expression capability of fuzzy logic inference, 
but also has the powerful self-learning capability and 
data processing capability of neural network. 

The predicted matte grade is influenced by many 
factors that have nonlinear relationship with the matte 
grade in the copper flash smelting process. However, 
there are a great deal of industrial data that can be 
analyzed in the industrial field. Meanwhile the 
convenience of the data acquirement and the correlation 
among variables should be regarded. The correlation not 
only among variables but also between variables and 
matte grade was studied. The variables that have less 
correlation with the matte grade will be eliminated. 
Therefore the complexity of the model can be reduced 
potentially under the premise of not losing important 
input variables information. The input variables of the 
fuzzy neural network model are the amount of air, 
oxygen in the reaction tower, flux, dust, cupreous ratio of 
dry fine concentrate, slag fine concentrate, siliceous 
concentrate and indeterminate material. 

Usually the fuzzy neural network model is a 
four-layer feedforward network[11]. The nodes in the 
first layer transmit the input information to the next layer 
directly. Each node in the second layer acts as a 
membership function. The Gaussian function is selected 
as a membership function that divides the input 
information. The nodes in the third layer perform the 
fuzzy T-norm operations, and each node represents a rule. 
The antecedent rules are fuzzy variables and the 
consequents are equations described through precise 
variables. The rule is expressed as follows: 

Rule j:  
If x1 is A1j, x2 is A2j … and xn is Anj,  
Then 

nnjjjj xxxy αααα ++++= L22110          (2) 

where  xi(i=1, 2,… , n) and y are input and output 
variables respectively; Aij (j=1, 2, …, p) is the fuzzy set 
that is defined as the universe of discourse Ui; αij is the 
consequent parameter of the rule; n is the number of 
input variables and p is the number of rules. 

The node in the fourth layer performs the 
defuzzification operation that applies centroid method. wi 
is the connective weight between the rule layer and the 
defuzzification layer. Its output expression is 
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μ is the membership 

function of the universe of discourse Ui. 
 
3.2 Constrained gradient descent algorithm of 

model’s parameter updating 
BP algorithm and gradient descent algorithm are 

usually adopted to update the membership function 
parameters of fuzzy neural network[12−14]. Always they 
are prone to fall into the local minimum in the 
parameters’ learning process of fuzzy neural network 
owing to the intrinsic limitation of gradient descent 
algorithm. Besides if the surrounding area of the solution 
is smooth, the parameters will learn more slowly. Due to 
the low parameters learning efficiency of conventional 
T-S fuzzy neural network model, the established network 
model can not satisfy the industrial process with the 
characteristic of large time delay for real time. In order to 
improve the conventional parameters learning algorithm, 
the constrained gradient descent algorithm is proposed to 
update the model’s parameters. This learning algorithm 
not only reserves the merit of the traditional gradient 
descent algorithm, but also improves its scarcity. 

Generally speaking, the validity of fuzzy logic rule 
must be guaranteed, i.e. the membership grade of the 
crossover point of two membership function curves 
whose centers are adjacent must be bigger than 0.5 while 
designing the fuzzy logic rule of T-S fuzzy neural 
network, namely the ε-completeness of fuzzy logic must 
be 0.5[15]. In order to guarantee this trait of fuzzy logic 
rules and each logic rule to exert its self-function 
effectively according to the inputs of the model, a 
constraint function is proposed next. 

In the membership function layer of T-S fuzzy 
neural network model, Gaussian function is chosen as the 
membership function, i.e: 

)/)(exp()( 22
ijijiiA cxx
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i=1, 2, …n; j=1, 2, …, p                      (4) 
where  cij and σij are the center and width of Gaussian 
membership function respectively. From Fig.1, it can be 
seen that the crossover point xi0 of that two curves can be 
obtained through the following equation when two 
crossed membership functions whose centers are 
djacent operate on the input variable xi simultaneously: a 
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Fig.1 Two Gaussian membership function adjacent to junction 
 

The membership grade of the crossover point must 
not be smaller than 0.5, i.e. )( 0iA x

ij
μ ≥0.5. So the 

ollowing expression can be obtained: f
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From the above bilateral neighborhood of the 
crossover point xi0 in Fig.1, it can be seen that the span of 
the satisfied xi0 can be expressed as the following two 
nequations: i

 

xi0≤ ijij c+σ2ln                             (9) 

xi0≥ )1()1(2ln ++ +− jiji cσ                      (10) 

 
Incorporating the two constraint conditions of the 

Eqns.(9) and (10), the constraint function f can be 
btained as follows: o 

)1()1( )(2ln ++ −++= jiijjiij ccf σσ ≥0         (11) 
 

When considering the proposed constrained 
gradient descent algorithm, the membership function 
parameters of fuzzy logic are not updated in accordance 
with this algorithm firstly, but updated by adopting the 
conventional unconstrained gradient descent algorithm. 
If the updated parameters are in the feasible region as 
defined in Eqn.(11), then they are deemed acceptable. 
Otherwise these parameters need to be updated again by 
using the constrained gradient descent algorithm until the 
updated parameters are in the feasible region. 

For a group of training data  the input x is 
the n dimension vector {x1, x2, …, xn},  is the desired 
output and y is the practical output of the model. The 
following objective function is defined as the 
performance index of the training data, where L is the 
group number of the training data: 
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For Gaussian membership function, the training 

process of fuzzy neural network is that the membership 
function parameters cij and σij are regulated continuously 
through minimizing the value of the objective function E. 
The parameters of membership function are updated by 
using the following conventional gradient descent 
lgorithm firstly: a

 

)(

)]([2
                 

)ˆ()()1(

22

1

11

k

kcx
ww

yykckc

ij

ij
j

p

j
j

p

j
jj

p

j
jj

cijij

σ
μ

μ

μμ

η

−

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

−

⋅−−=+

∑

∑∑

=

==        

)(

)]([2
                 

)ˆ()()1(

3

2

2

1

11

k

kcx
ww

yykk

ij

ij
j

p

j
j

p

j
jj

p

j
jj

ijij

σ
μ

μ

μμ

ησσ σ

−

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

−

⋅−−=+

∑

∑∑

=

==        

(13)

≤ln2 

(14)

 
where  k is the kth training epoch; ηc and ησ are the 
learning step size. 

Next, the completeness value of fuzzy logic must be 
verified not less than 0.5 at least. At the kth training 
epoch, the following formula can be obtained according 
o Eqn.(11): t
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factors such as variation of mine resource. 
++++= + ))1()1((2ln )1( kkf jiij σσ  Therefore it is necessary to adopt intelligent 

integrated modeling method to establish the intelligent 
prediction model of the matte grade. The mechanism 
model should be paralleled integrated with the fuzzy 
neural network model and the optimal integrated model 
is established through determining the weights of 
different submodels in real time. Then their advantages 
can complement each other and the matte grade can be 
predicted exactly. The frame of the integrated model is 
shown in Fig.2 and the integrated model is expressed as 
follows: 

    cij(k+1)−ci(j+1)(k+1)≥0                    (15) 
 

If Eqn.(15) is satisfied and the performance index of 
the objective function E achieves the appointed value at 
the kth training epoch, the updated parameters at the 
current epoch are feasible solutions. Otherwise the 
parameters must be updated again in accordance with the 
following algorithm. 

1) Keeping σij(k+1) invariable, i.e. the width of 
Gaussian membership function is invariable, cij(k+1) is 
ecalculated as follows: 

 
r
 2211 kk ywywy +=  (0＜w1, w2＜1)             (18) 
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+=+ η)()1(                      (16) where  w1 and w2 are the weights of the submodels; y is 
the output of the integrated model; yk1 and yk2 are the 
outputs of the mechanism model and fuzzy neural 
network model of the matte grade respectively. Finally 
the optimal integrated model is founded through 
determining the weights. 

 
2) Keeping cij(k+1) invariable, i.e. the center 

position of Gaussian membership function is invariable, 
ij(k+1) is recalculated as follows: σ
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+=+ )()1(                    (17) The following quadratic programming is set up in 
rder to minimize the prediction error: o

 
 

3) cij(k+1) and σij(k+1) will be held invariable 
respectively. Then they will be updated iteratively by 
using Eqns.(16) and (17) until the feasible solutions that 
satisfy the constraint condition are obtained. 
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where   is the desired output. kŷAdopting the training procedure of the fuzzy neural 
network[16] and the improved parameters updating 
algorithm proposed in this study, the fuzzy neural 
network model fulfilling the precision requirement is 
obtained. 

The generalized Lagrangian function of the 
uadratic programming is constructed as follows: q
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4 Intelligent integrated model of matte grade  

where  λ is the Lagrangian multiplier and K is the group 
number of input data. Its extreme points should satisfy 

0, =∇ λwF . The partial derivatives of w1, w2 and λ are 
taken in it respectively and a group of equations about 
these parameters are obtained. Then the prediction value 
of each submodel and the practical value are substituted 
into these equations. The values of w1 and w2 can be 
calculated through resolving these equations so that the 
optimal integrated model whose error is the minimum 
can be obtained. 

 
There are complicated relationship among the matte 

grade and the amount of fine concentrate, air, oxygen in 
addition to the great error in the collected data in the 
copper flash smelting process. The predicted matte grade 
will not be accurate if the fuzzy neural network model is 
only used for modeling. The material balance based on 
multi-phase and multi-component can analyze how these 
variables influence the matte grade quantitatively. But it 
is difficult to acquire the precise analytic model from the 
global scale and to determine the parameters of the 
material balance equations because of some uncertain 
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Fig.2 Frame of integrated model 
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5 Simulation 
 

Based on the prediction model of the matte grade, 
154 groups of industrial data collected from the practical 
production were used for simulation analysis under the 
same operation condition. The first 100 groups were 
chosen as the training data for fuzzy neural network and 
the last 54 groups were chosen as the validation data, 
meanwhile as the testing data for the mechanism. The 
simulation results of different models are shown in 
Figs.3−6. The dashed line denotes the practical value of 
matte grade and the solid line denotes the prediction 
value of matte grade. 

From the simulation result of the model prediction, 
the prediction precision of the mechanism model can not 
satisfy the requirement of the practical application due to 
the complexity of reaction mechanism, the hypothesis 
and simplification of modeling. When the matte grade is 
predicted by adopting a single fuzzy neural network 
model, the prediction precision of fuzzy neural network 
whose parameters updating algorithms are improved is 
better than the traditional fuzzy neural network model.  
 

 
Fig.3 Prediction result of mechanism model 
 

 
Fig.4 Prediction result of traditional fuzzy neural network 

 

 
Fig.5 Prediction result of improved fuzzy neural network 
 

 
Fig.6 Prediction result of integrated fuzzy neural network 
 
The mean square root error is reduced from 0.002 6 to 
0.002 1 and the training time of model is decreased from 
22.8 s to 12.4 s. When the matte grade is predicted 
through the intelligent integrated model that contains the 
mechanism model and fuzzy neural network model as 
well as taking the mechanism as the guidance, the 
precision of integrated model is much more accurate than 
a single model apparently and the mean square root error 
is decreased to 0.001 6. The fitness precision of 
integrated model that has stronger generalization ability 
is more exact than a single model. 
 
6 Conclusions 
 

1) Aiming at the complex industrial process of 
copper flash smelting, the matte grade of the copper flash 
smelting process is predicted. The multiphase and 
multi-component model and the fuzzy neural network 
model of matte grade are established respectively, then 
the intelligent prediction model is set up by adopting 
self-adaptive combination technology to integrate these 
two models. 
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2) The fuzzy neural network in this integrated 
model is investigated. Based on the current gradient 
descent algorithm of parameter updating procedure, a 
constraint function is introduced as the parameters 
learning guidance due to the low parameter learning 
efficiency and slow convergent rate of conventional 
network. The prediction precision of the network model 
whose parameters learning algorithm is improved is 
better than the conventional network model obviously. 
Moreover the convergent rate of parameters is increased 
and the training time is shortened. 

3) The simulation results of the industrial data show 
that the intelligent integrated model can restrain the 
fluctuation of industrial instance effectively and the 
prediction precision of matte grade is enhanced. So it can 
supply the optimal control of copper flash smelting 
process with potent guidance. 
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