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Abstract: Feed concentration directly affects the recovery of mineral resources in flotation process, which is an important
method of separating fine-grained mineral. Due to complicated process and mechanism of thickener, the control effect is
poor with the traditional control method under the condition of time-varying process parameters. Fuzzy control and BP
neural network are combined with together in this paper, then we propose a optimization method though self-learning
fuzzy neural network, and solved the problem of optimal controlling for the system with variable parameters. Applied to
the production process of thickener, the result of instance simulation shows that it can elegantly solve the problem of cont-

rolling the ore concentration.

Keywords: BP neural network, Control of ore slurry concentration, Flotation process, Fuzzy control, Parameter optimization.

1. INTRODUCTION

Mineral resources play a vital role in the economic de-
velopment process. Beneficiation is an important part in the
processing of mineral resources, so the level of beneficiation
will directly affect the recovery of mineral resource [1]. For
this reason, what needs to be resolved urgently in beneficia-
tion industry is that, how to choose an effective method to
control the process of dressing. Regardless of gravity separa-
tion, electrostatic separation, magnetic separation, or flota-
tion, beneficiation process will be limited by granularity [2].
This will provide too thick to sort, while too thin to recycle
[3]. Flotation is an important method for sorting particulate
mineral [4], based on differences in physical and chemical
properties on the surface of the mineral. By adjusting the
feeding capacity, ore concentration, dose, inflating volume,
liquid level and other parameters [5], the flotation pulp is
separated into concentrate and tailings with qualified grade,
to achieve effective sorting [6]. Among these parameters, the
size of the ore concentration plays a vital role in the produc-
tion process of flotation. If not controlled in a suitable range,
the accidents such as froth overflow and no foam will occur
[7, 8], leading to that the production process can not be car-
ried out smoothly and stably. Therefore, the PID controller is
used to adjust the ore concentration. Due to the complexity
of the movement of pulp, with nonlinear and time-varying
characteristics, it is difficult to establish a precise mathemat-
ical model for the ore concentration. Though the traditional
PID parameter tuning methods are convenient and practical,
the PID parameters can not be adjusted in real-time
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according to changing of the control object, hence; it is diffi-
cult to obtain better control effect. To compensate for the
lack of the above control technology, BP neural network and
fuzzy control are introduced in this paper. With this method,
online optimization parameters can be obtained, thereby con-
trol accuracy of the ore concentration will be raised.

2. DESCRIPTION OF FLOTATION PROCESS

Sorting capacity of single flotation devices is limited;
therefore it is usually difficult to meet the technical require-
ments of the process. Then we consider using multi devices
in series and parallel, as shown in Fig. (1).

Dewatering operation is conducted, when the pulp from
the procedure before is fed to the thickener [9]. The ore slur-
ry with appropriate concentration enters into the feed box
through the slurry pumps, then go to the agitator of the flota-
tion workshop for full mashing. In the meantime, add the
appropriate flotation agent to the mixing bucket, making full
interaction between agent and pulp, to mineralize the mineral
at the extreme. Pulp after interaction flows through the over-
flow port, then enter into the rougher flotation column with a
relatively low height. After the initial flotation, the concen-
trates are collected directly into the concentrate slot, and
flotation tailings were transported to the first scavenging
flotation column to be scavenged. Then the concentrates
from the first scavenging enter into the middling tank as
middlings, while the tailings go to the second scavenging
flotation column to be scavenged once again. The concen-
trates from the second scavenging are discharged into the
same middling tank as meddling. Finally, the slurry in the
middling tank is pumped back to the thickener, while the
tailings from the second scavenging are taken as the final
tailings.
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Fig. (1). Flowchart of the floatation process.
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Fig. (2). Control block diagram of optimizing PID parameters with fuzzy neural network.

3. OPTIMIZATION OF PID PARAMETERS WITH
FUZZY INFERENCE AND NEURAL NETWORK

PID controller, with the advantages of simple structure,
high reliability, is widely used in the industry; however its
adaptability is relatively poor. Fuzzy inference is based on
artificial expertise and knowledge rule, and neural network
possesses the abilities of learning and cognizing. For delay,
time varying, and nonlinear system, they have good control
capability. Nevertheless, due to the lack of integral part,
there will be steady-state error usually. So we will combine
fuzzy control, neural network, and PID controller, to achieve
good robustness, fast response and high control precision.
The main idea is that, modify PID parameters online through
fuzzy rule and neural network, according to the error e be-
tween the given value and the feedback value of ore concen-
tration, and the rate of changing of the error e, as depicted in
Fig. (2).

In this control loop, set point of concentration is the in-
put, and its detection value is the output. The error e between

the input and the output, and the rate of changing of the error
e., are taken as the input of fuzzy neural network. Then fre-
quency of the frequency converter depends on the output of
the PID controller that is control action. Besides, we set both
automatic and manual adjustment mode. In automatic mode,
the frequency of the frequency converter is adjusted by fuzzy
neural network and PID controller, while it is simply set by
hand in manual mode. The concentration of underflow slurry
from the thickener depends on residence time of pulp in the
compression zone. So we can get more stable underflow
concentration by adjusting the frequency of the frequency
converter, which determines speed of the underflow pump,
and then determines the residence time.

3.1. Fuzzy Set and Membership Function

The method in this paper uses the form of two inputs and
three outputs, with the error e and the rate of changing of the
error e, as inputs, and AKp, AK;, AKpas outputs. Take the
domain of discourse for [-5, 5], and obscure the inputs and
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Fig. (3). Gaussian membership function.

outputs. In the process of obscuring, e, e., AKp, AK;, AKp
correspond to fuzzy subset {NB, NM, NS, Z, PS, PM, PB},
which represent Negative Big, Negative Medium, Negative
Small, Zero, Positive Small, Positive Medium, Positive Big
respectively. Use Gaussian membership function for e and
e., and sigmoid membership function for AKp, AK;, and A
Kp. These two kinds of membership functions have good
smoothness, there are not zero in graphics, and have clear
physical meaning, so they are the most commonly used to
describe uncertainty. The expressions of gaussian member-
ship function [10] is represented as shown below:

—()c—c)2
y=e (1

Thereinto, ¢ determines center of the function, and ¢ de-
termines width of the function curve, as shown in Fig. (3).

Sigmoid membership function is indicated as follows:

R
S l4e
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It applies to membership function with the modifying
language value of “very”, “is not”. As shown in Fig. (4),
when a is positive, the curve of sigmoid membership func-
tion curves to the right, while it curves to the left when a is
negative.

3.2. Rule of Fuzzy Inference

The following several ways are the commonly used
methods to generate fuzzy control rules:

(1) Generate control rules according to the experience of
the experts or the knowledge of process control;

(2) Generate control rules according to fuzzy model of
the process;

(3) Generate control rules according to systematic obser-
vation and measurement of the manual operation.

Based on vast experience knowledge of operator and da-
ta analysis in the flotation process, we establish fuzzy infer-
ence rules concerning the ore concentration. The specific
implementation process is as follows:

(1) If e is very big, we should make it decrease rapidly,
and then large Kp should be taken. Meanwhile, in order to
avoid differential saturation and appearing overshoot, K;, Kp
should be small.

(2) If e and e, are medium, to gain a smaller overshoot in
the system, Kp should be smaller and K}, Kpshould be mod-
est.

(3) If e is small, in order to improve the dynamic perfor-
mance and steady-state performance of the system, Kp and K;
should be small while Kpshould be medium. If e, is largish,
Kp should increase appropriately.

In accordance with the above experience, the correspond-
ing reasoning rule is listed in Table 1.

Then PID parameters are adjusted by the formula:
Kp=AKp+ Kpy

K;=AK;+ Ky

Kp=AKptKpg 3)

Where 4Kp, AK;, AKp are the outcome of fuzzy reason-
ing, that is parameter adjustment; Kpy, Ky, Kpy are the initial
value of the parameters.

3.3. Design of BP Neural Network

According to input information, BP neural network
calculates the output value of each unit layer by layer through
the hidden layer, then reversely calculates the error of each
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Fig. (4). Sigmoid membership function.

Table 1. Reasoning rule.
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Fig. (5). The step response curve for slurry consistency.

unit in the hidden layer based on output error [11], finally
corrects weights of layers before. Specific steps are as fol-
lows:

As input layer, the first layer with two neurons [12] sends
the error e and the rate of changing of the error e. to neurons
of the next layer respectively. That is, x; = E (t), xo = Ec( t).

In the hidden layer, suppose there is » neurons in the g-
th layer, and connection weight from input to the i-th neuron

in the g-th layer is a)l./.q , then the transformation relation be-

tween input and output of the multilayer perceptron network
is that,

st = w..qx_ ! 4

1

- -1
Where @, =-1x 7' =0%x " = ;
i0 0 i 1+e,ﬂ5’q

i

=12, 005 =1,2,. 0 ng s =1,2,...,0.

For BP neural network, take the cost function of the fit-
ting error function as

1 P P
E==Y (dpi—xpiQ)=2Ep (5)
2 p=l i=1 p=1
ny 2
_ 0
E = ;(dp,_ -x °) (6)

Then, for the (g-1)-th layer,
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Take f(.) as sigmoid function here, its derivative can be
obtained by

1
x,' = (5, =—— ©)
1+

i
e

18,9 =px,/(1=x,) (10)

At last, learning algorithm of BP neural network can be
summarized as

W, (k+1)=w," (k) + oD, (k)

»
D= 25[”_")6”/,”_1 (11)
p=1

4. SYSTEM SIMULATION

In the process of thickener production, the mathematic
model of the relation between frequency of underflow pump
and density of underflow pulp can be obtained through the
test method commonly used in engineering. That is,

36
= e
20s+1

W(s) (12)

Optimize the PID parameters using the method afore-
mentioned, and conduct simulation. The control effect is
shown in Fig. (5).

As seen in Fig. (5), when we give a step signal to ore
concentration, the output response is fast and stable, with
overshoot within the scope of the permit. It shows that both
dynamic and static characteristics can achieve the ideal ef-
fect.
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