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Abstract—A novel neural network adaptive control scheme
for cement milling circuits is presented. Estimates of the one-
step-ahead errors in control signals are calculated through a
neural predictive model of the plant and used for controller
tuning, A robust on-line learning algorithm, based on the di-
rect use of sliding mode control (SMC) theory is applied to
both: to the controller and to the model as well. The proposed
approach allows handling of mismatches, uncertainties and
parameter changes in the plant model. The results from simu-
lations show that both the neural model and the controller in-
herit some of the advantages of SMC, such as high speed of
learning and robustness. Fast convergence ability and good
performance on reducing mapping error are observed, leading
to an improvement of the transient response of the closed-loop
system.

Index Terms—Intelligent control; Variable structure sys-
tems; Neural networks; Adaptive control

1. INTRODUCTION

In cement industry. the control of the milling process has
remained a challenging problem for vears because of the
existing model uncertainties. nonlinearities. changes in the
parameters and their interdependence.

Fig. 1 illustrates a cement milling circuit. The cement
mill is fed with raw material (feed). consisting of clinker.
slag. gyvpsum and other raw material components. After
grinding. the material is introduced in a high-efficiency
classifier and separated into two classes. The tailings (re-
fused part) are returned to the mill inlet while the final
product (accepted part) exits the milling circuit. The classi-
fication of the material is driven by the adjustable rotational
speed and air flow rate of the classifier.

Cement milling is a highly energy-consuming operation
in the cement industry, so efficient control is required in
order to reduce the specific production costs (kWh/ton of
cement produced) while maintaining the product quality.
i.e., cement fineness at an acceptable level.

There exists a nonlinear dependence of the mill product
on the mill load and the hardness of grinded material which
can sometimes cause the instability of the system. obstruc-
tion of the mill and interruption of the grinding process.
The phenomenon is known as “plugging”. The specific
production costs also depend on the load in the mill.

In current practice, the grinding processes are still often
operated in manual mode or, to a limited extend. using sim-
ple monovariable controllers [1]. During the last 10 vears,
several control approaches have been proposed including
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Fig. 1 Cement milling circuit

linear multivariable control techniques [2 - 4]. Recently the
research efforts have been concentrated on controllers that
are able to prevent the mill from plugging. The linear con-
trollers based on a linear approximation of the grinding
process. are stable and effective only around the specified
nominal operating point. The existing disturbances (like
changes in the grindability of the raw material) may drive
the mill to a new operating point where the controller can-
not stabilize the plant.

In an attempt to solve the problem. a simplified nonlin-
ear model of the milling circuit. that is able to reproduce
the plugging phenomenon in a realistic way. was developed
in a recent studv [5] and a state feedback controller based
on a nonlinear predictive control strategy was designed. Al-
though the proposed system has larger stability region com-
pared to the linear controllers. the risk of plugging was not
completely avoided. In a later work, F. Grognard et al. [6].
using the model of the grinding circuit proposed in [5]. sug-
gested a robust state feedback nonlinear controller that is
able to prevent the mill from plugging.

Control techniques using classical controllers proposed
in [1-6] can be efficient only if the interrelationships be-
tween the variables can be correctly determined and mod-
eled. It is well known that material grinding depends on
many factors including mill geometry, speed. ball size dis-
tribution, material grindability and granulometry. Due to
the inherent process complexity, the development of an ac-
curate model of the cement milling circuit is not a simple
task and, as stated in [4]. the dynamic modeling of grinding
processes is still an open area.

Taking into account the above characteristics of the ce-

Authorized licensed use limited to: ULAKBIM UASL - BOGAZICI UNIVERSITESI. Downloaded on February 19, 2009 at 08:12 from IEEE Xplore. Restrictions apply.



ment milling circuit. a neuro-adaptive control is proposed
as an appropriate control method in this work. The major
advantage of the proposed method is that there is no need
to develop an accurate model of the milling circuit in ad-
vance. It is learned instead on-line. by a multilaver feed-
forward neural network (FNN).

I1. INTELLIGENT CONTROL APPROACH

Based on the principles of the one-step-ahead control. a
new neurocontrol scheme is constructed as depicted in Fig.
2.

The control objective is to regulate the final product rate
v, and the mill load z at the desired set points )¢ and

z by acting on the feed flow rate # and the separator

speed V. The controller must prevent the mill from plug-

ging and be robust against modeling uncertainties.
The model errors ¢ (k)=y,(k)~D, (k)

e, (k)= z(k)- 2(k) are used for the training of the plant

and

model. where y f(k) and ¥, (k) are the real and the esti-

mated value of the product flow rate (tons/h), while z(k)
and é(k) are the real and the estimated value of the load in

the mill (tons). respectively.

The cost function to be minimized. during the controlier
adaptation process. is the one-step-ahead predicted sum-
squared error of the closed-loop system.

Ir - .
J=5[e;(k+1)+e; (k+1)] M

In above e (k+1)=y7(k+)—-y7(k+]) and
e, (k+1)=z"(k +1)—z" (k+1) arc the predicted errors.
and J,,"’/'?f (k+1). and V7' (k +1) are the one-step-ahead ref-
erence and the predicted value of the product flow rate.

while z’¢(k +1). and z” (£ +1) are the one-step-ahead

reference and the predicted value of the load in the mill.
respectively.

The predicted command errors (i.e.. the plant input er-
rors), named as the “virtual” errors of the control inputs #

i

Fig. 2 The neuro-adaptive control scheme of the milling process
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(feed flow rate (tons/h)) and v (the separator speed
(r/min)) in this work. can be determined as follows:

& A (ke +1) " (k+1
(?"(]\'+1)='(i =~L)(’?z(l\'+l)'—-L.)€4(k+l) (2)
u du(k)y Au (k)
ar vk +1) az” (k+1) (3)
(k+l)=— =—-———¢ (k+1) - ——¢, (k+1) -
o (k+l)=30 el ov (k) « (k1)
A FNN. shown in Fig. 3 is used to obtain the plant

model and to predict outputs of the plant one-step-ahead.
The network has a lavered structure that consists of eight
input units. two output units and a hidden layer with 32
units.

The outputs of the neural network plant model can be
determined as follows.

27 (k+1)= f{i W2 k), [Z W1, (k) (k)}} (5)

Ykl = f @

In above ¢ is the number of neurons in the hidden laver

(32 in this work). 2 is the number of FNN inputs (8 in this
work). W1, 1s the weight of the 7/th neuron in the first (hid-

den) layer from its jth input. Ji"2!" is the weight of the out-
put neuron for 37" from its ith input (from ith neuron in the
hidden layer). Ji"27 is the weight of the output neuron for
z” from its ith input. (k) is a set of input data presented
to the network at the current time step & and consisting of
u(k). ulk -1). v(k). vk -1). Y, (k). Yy (k-1). z(k)
and z(k —1). f,,()) is the activation function for the hid-

den node 7. while f(-) is the linear activation function of

the output nodes.
In order to calculate the “virtual” errors in the control
inputs ¥ and # . the partial derivatives in Egs. (2)-(3) must

be determined first. The partial derivative of y?" with re-

spect to 77 can be calculated as in Eq. (6):

Fig. 3 Structure of the neural network predictor
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