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Abstract

In this paper, several issues of looper control in rolling
mills are discussed and a fuzzy logic control is proposed
to address the enumerated issues. The proposed system in-
corporated fast tuning algorithms for both off-line and on-
line learning of membership functions and singleton val-
ues. Also, it is relatively simple to design and implement.
The effectiveness of the proposed system is verified by the
simulations results. It is shown that the proposed system
is more robust to parameter uncertainties and noises, when
compared with conventional PID control.

1 Introduction

The loop control method is one of the common control
techniquesfor producing flexible cross-sections at interme-
diate and finishing sub-mills. The loop control techniques
rely on theinitial formation of abar loop by using mechan-
ical deflectors and proper motor speed adjustments (Fig.
1). In fact, each stand roll speed has to be synchronized
to the speed of the bar exiting the previous stand. Other-
wise, push or pull conditions would occur and loop might
be formed. The height of the formed loop could serve as
atension indicator. Maintaining a constant desired loop
height will be done by adjusting the motor speed ratiosand
will indicate no tension/compression status. The height of
theloop (H) is measured and compared to reference height
(Hy, indicating zero tension condition) to obtain a correc-
tion command for motor speed control unit. An exampleis
the implementation of the looper control in a 17 stand bar
mill in the Chapparrel Steel mill in Milwaukee by ASEA
[3]. A characteristic control problem is the introduction of
the disturbancesof different nature. These disturbancesare
caused by theincreasing use of low temperature heating of
dlabs, high-carbon steels, and high-speed rolling. Due to
increasing demand for high precision in thickness, width,
and crown of the strips, it is very important to develop a
high-performance and robust looper control.

In this paper, the potential of fuzzy controllers will be ex-

J. Fan
Quad Engineering Inc.
North York, Ontario, Canada M3B 2R2

Figure 1: Therolling mill with looper control.

amined and the issues on the application of fuzzy con-
trollers for looper control will be discussed. We were mo-
tivated to explore the application of fuzzy looper control
for the following reasons: (1) fuzzy controllers prove to
be robust to unmodeled dynamics and noises; (2) atypical
fuzzy control design does not require aformal model of the
plant or aninitial training set; and (3) sufficient knowledge
would be availablein the form of linguistic if-then rules by
interviewing amill operator.

Despite the enumerated advantages, a few problems might
arise when implementing a fuzzy logic controller (FLC).
The trandation of good linguistic rules depends on the
knowledge of the control expert. In many cases, redun-
dant or insufficient rules might be specified. Also, trans-
lation into fuzzy set theory is not formalized yet and ar-
bitrary choices concerning the shape or membership func-
tions or T-operators might be made. These uncertaintiesin
the design of a FLC usually resultsin a heuristic tuning to
overcometheinitial design errors[2]. Therefore, it isvery
important to have learning procedures which can tune the
system automatically. The automated FL C tuning was first
proposed by Procyk and Mamdani [5]. Most of the work
in automated FLC tuning has focused on neural nets [1].
However, these approaches lack sufficient generalization
and expressing capability of the acquired knowledge. Fur-
thermore, our experiments indicated long training effort.

In this paper, we will implement a self-tuning method
based on descent technique for tuning membership func-
tions of FLC. Both off-line and on-line tuning will be con-
sidered. Thiswill contributetowardsarapidly tunable FLC
framework for rolling mills. To the best knowledge of the
authors, thisis thefirst on-line tunable FL C framework for



the looper control in rolling mills. Different design issues
will be discussed and practical conclusionswill be derived.

2 Looper System Model

The plant isarolling mill with alooper for tension control
(Fig. 1). Thetension is caused by the difference between
the exit speed v, in stand one and the entry speed v, in
stand two. The speed difference results in the storage of
the strip length, which can be obtained from the integral of
speed difference:

L) = [for(0) - ea(o)ae ®
t
and the looper height is related to the storage length by

1
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Here o and 3 depend on the looper parameters and are de-
termined experimentally. For the simulation purposes, we
adopted o = 0.0001955567 and 5 = 0.028845145for L(t)

in mm. The Jacobian of the plant is then given by
OH(t) _  bus(t) —vi(#)

O(av) ~ 2/ED /LD + AP0l
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3 Design of Fuzzy Controller

The control structure of the looper systemis shown in Fig.
2. In this section, we will not consider any tuning aspect
and the focus will be on FLC. The process control can be
described as follows:

w(k) = [w1(k),z2(k)]" = [e(k)/Kin1, Ae(k)/Kin2]",

4
e(k) = y(k) —yr(k), Ae(k)=ce(k)—e(k—1), (5
y(k) = H(k), y.(k)=H.(k), (6)
u(k) = Avi(k) = Ulz1(k),v2(k)]- )

Here state vector x includes error e(k) and error change
Ae(k) asthetheinputsto the controller, and the controller
output u (k) is generated using Uz (k), z2(k)], nonlinear
mapping implemented using fuzzy logic. The input scal-
ing factorsare K;,,1 and K ;,,» respectively. Also, y(k) and
yr(k) are system output and reference command respec-
tively. In the following we describe how Uz 1 (k), z2 (k)]
isimplemented.

Therealization of thefunction U [z (k), z2(k)] isbased on
a fuzzy logic method and consists of three stages: fuzzi-
fication, decision making fuzzy logic, and defuzzification.
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Figure 2: The structure of the lopper control system.
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Figure 3: Membership functionsfor the state variables: (a)
1 = e, (b) 2o = Ae. Thedomainsfor both variables have
been normalizedto [-1, 1].

The process of fuzzification transforms the inputs x4 (k)
and z- (k) into the setting of linguistic variables which
maybe viewed as labels of a fuzzy set. In this work, the
following linguistic variables were used for e, and Ae re-
spectively:

L., ={NB,NS,PS,PB}, L., ={N,Z,P}. (8)

Here the meaning of each variable should be clear from its
mnemonic; NB (Negative Big), NS (Negative Small), N
(Negative), Z (Zero), P (Positive), PS (Positive Small), and
PB (Positive Big). The membership functions of theinputs
to the controller (Fig. 3) were al assumed to be triangu-
lar. The fuzzy partitioning of the Fig. 3 has been based
on normalization and choosing scaling factors by inspect-
ing the operation range. The scaling factor is based on the
expert knowledge and can be rapidly adjusted by means of
afew trials. For each input z1 and z-, we assign numbers
pa;, (z1) and pa,,(z2) using membership functions A
and A;» associated with L., and L, respectively. These
numbers will be used for fuzzy decision making which is
described next.

Associated with the fuzzy logic decision process is a set
of fuzzy rules R = {R1, R2, R3, -+, R12}. Therules are
givenin Fig. 4, wherethevaluesin bracketsindicate Mam-
dani rules. A singleton rule will have aform of:

Rulei: If 1 iSlil and T2 iSliQ,then U = wj.
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Figure 4: Fuzzy rule-base.

Herel;; € L,,,andl;» € L,, areset of linguistic terms at-
tached to 1, and z» respectively. Also, w; isarea number
associated with the singleton controller which is a special
case of Takagi-Sugeno controller [7] with all coefficients
of higher order equal to zero. Fuzzy rules were devel-
oped heuristically to facilitate the shaping of the looper’s
response and to simplify tuning of the controller. If adif-
ferent response is desired for a particular range of input
variables, then only afew fuzzy rules would need to be al-
tered. Theahility to modify the controlled responselocally,
whilenot significantly atering the global response, isan at-
tractivefeature of fuzzy control, in particular fromlearning
point of view. The isosceles triangles, used for the mem-
bership functions, could be characterized by their center
and width. For instance, membership function 4 ;; could
be expressed by its center a;; and thewidth b;;. Therefore,
the grade of membership for A;;, denoted by 1. 4,;, could
be obtained from

paglae)=1- 28]y ()

ij

Given a pair of e(k) and Ae(k), each relevant rule first
assigns pa,, (x1(k)) and pa,, (z2(k)). Thenavaueis as-
signed using the production t-norm defined as follow:

pi(wy (k), 22(k)) = pay (21(k)) - pas, (z2(k))  (10)

for thei?” rule. This processis repeated for all the relevant
rules.

Basically, defuzzification is a mapping from a space of
fuzzy control action defined over a universe of discourse
into a space of non-fuzzy control actions. Several methods
of defuzzification can be considered. The defuzzification
process considered here takes a form of Takagi-Sugeno
output value computation method, given by:

u(k) — U[:L’l(k),l'z(k)] = K,u Z?:l llfi(ﬂfl( ) ( ))

where K ,,,; isascaling factor, and w; isarea number as-
sociated with the consequent part of the rule (or the center

Yoim pi(wa (k), w2 (k)
(11)

of relevant membership function of the output in Mamdani
rule-base).

4 Tuning Algorithm

Tuning FLC is avery difficult task as it has more parame-
ters to be tuned than its non-fuzzy counterparts. It is pos-
sibleto tunerules, operators, and/or membership functions
(MFs). In thiswork, we will focus on MF tuning for better
performance. We initially focused on conventional multi-
layer perceptron using backpropagation agorithm [6] for
tuning MFs. However, the results were not encouraging
with respect to convergence and speed of tuning. There-
fore, we focused on descent methods [4]. The tuning al-
gorithm presented hereisrelatively simple and fast for on-
line tuning. The objective function to be minimized is de-

fined as: )
E(k) =5 > _ly(k) — ] (12)
k

with y (k) as the system output in the k" instance. It can
be easily shown that the learning rules can be expressed as:

aij(k + 1) = Qjj (k‘) — ke aa(f]((kk)) (13)
bis (s + 1) = big (k) — Ky gfj ((’Z)) (14)
wilk+1) = wilk) ko o (5

ow; (k)
where k,, ky, and k,, are learning coefficients. The gradi-
ents in equations (13), (14), and (15) can be derived using
equations (9) to (11).

OE(k) pi(@1(k), z2(k))

Oa;;(k) - S i (k) o (k) ¥, (16)
OE(k) _  pilzi(k),aa(k) o

k)~ Sy e (B 2 A0
8E(k) _ /Li(x ( .

dwi k) S e ZJk (18)

U o= Y Jie(k)(wi(k)

k

—y(k))san(z; (k) — as;(k))

2
i () pay, (x5 ()’ (19)
= — 1 — pa,, (z(k))
T, = ij Jee(k) (w; (k) — y(k)) b (O (23 (R)) (20)



Here J, = (22); is the Jacobian. The summation ",
is for off-line learning which uses the summation of mea-
surements at the discrete instances after the end of control
cycle. No summation ), is required in the above equa-
tions for on-line learning. In our simulations, we will use

discrete linearized Jacobian instead of (3), defined as

y(k) —y(k - 1)

T = ) Zule = 1) 2D
or its sgn defined by:
1 if Jg>0
on(Jk) = { 0 otherlz/vise. (22)

The training procedure works as follows:

step 1. Initiate the inference rules and membership func-
tions.

step 2. Caculatey, x1, and x5 using (2) and (4)-(6).
step 3. Calculate Jacobian using (3), or (21), or (22).

step 4. Update the membership functions and singleton
values using (12) to (18).

step 5. Calculate the control output using (7). Go to Step
2.

5 Simulation Results

Simulations were run to verify the effectiveness of the pro-
posed method. The simulation parameters were chosen to
be: v, (0) = 7000 mmV/s, v, = 7000 mm/s, H,. = 200 mm,
AH(0) =50 mm, and AT = 0.05s. The learning coeffi-
cients were determined after experiments. k, = k; = 0.1,
kw = 0.01 for off-line tuning, and k£, = k;, = 0.002,
kw = 0.005 for on-line tuning. The scaling factors were
chosento be: K1 = 60, K2 = 10, and K,y = 50. It
was observed that input-output scaling has a drastic effect
on the control performance. We will leave the presenta-
tion of these results to another publication for the sake of
brevity. The initial values of [a, b] for the membership
functions of e were: NB: [-1.00, 1.20]; NS: [-0.40, 1.00];
PS: [0.40, 1.00]; PB: [1.00, 1.20]; and those for Ae were:
N: [-0.95, 2.00]; Z: [0.00, 2.00]; P: [0.95, 2.00]. Both
Mamdani and singleton type rules were examined and in-
dicated similar performances. For brevity singleton rules
are demonstrated in these simulations. Also the initia val-
ues of output singletons (w, - wi2) were: [1.00, 0.70, 0.55,
0.3.0, 0.55, 0.30, -0.10, -0.35, -0.10, -0.35, -0.70, -1.00].

Theresultsare shownin Figs. 5to 10. The dotted and solid
line represent the responses of fuzzy logic control without

tuning (FLC) and with tuning (TFL C) respectively. Several
cases were studied under different conditions as follows.
(C1) Off-line learning, Jacobian model.

(C2) On-linelearning, Jacobian model.

(C3) On-linelearning, linearized Jacobian model.

(C4) On-linelearning, Jacobian sign model.

Off-line vs on-line learning. For the off-line learning,
the parameters of the membership functions are tuned after
each control cycle, while in on-line learning, the parame-
ters are tuned after each time step. The results are shown
in Figs. 5-6 which indicate lower errors when the control
istuned. Also, it is shown that off-line learning provides
lower undershoots than on-line learning. As it might be
expected, most of the changes affect the neighborhood of
the Zero membership functions. For instance, in (C1) the
tuned values of [a, b] were: NS: [-0.44, 0.98], PS: [0.05,
0.94] for e; and and N: [-0.93, 2.00], Z: [-0.93, 2.00] for
Ae. For the same case, noticeable changes in output sin-
gletonswas only for wg which changed to 0.33. Similarly,
in (C2) the tuned values of [a, b] were: NS: [-0.40, 0.99],
PS: [0.39, 1.00] for e. However, the changes in singleton
values were more dominant than (C1). That is. wo - wy
changed to 0.69, 0.51, and 0.27, and w 7, wg were tuned to:
-0.19, and -0.36 respectively.
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Figure 5: Comparison of step responseswith FLC (dotted)
and TFLC (solid) under (C1).

Effect of plant Jacobian. The plant Jacobian affects the
tuning algorithm. Dueto the difficulty of providing true Ja-
cobian, approximations of Jacobian are used. A linearized
model of the plant Jacobian (21) could provide an easy-
to-calculate approximation. Also, in order to improve the
stability of the system, we examined the sign of linearized
Jacobian (22) for parameter tuning. The results are shown
in Figs. 6 to 8. It was concluded that the sign of linearized
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Figure 6: Comparison of step responseswith FLC (dotted)
and TFLC (solid) under (C2).

Jacobian could also provide good performance.
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Figure 7: Comparison of step responseswith FLC (dotted)
and TFLC (solid) under (C3).

Disturbance rejection. To study the effectiveness of the
proposed system in disturbance rejection, a step distur-
bance in setting of exit speed of strip in stand one (v,) was
introduced at t+ = 3 sec. Asitisshownin Fig. 9, tuned
controller was capable of canceling the drop caused by the
disturbance. A comparison with commonly used PID con-
trol was also made. The PID gains have been tuned to give
optimum response: Kp = Kp = 5, K; = 1. When the
plant parameters o and 3 were changed by 20% and 45%
respectively, PID control became unstable (Fig. 10). How-
ever, Fuzzy control demonstrated a steady performance.
Self-tuning was achieved using a Singleton-based control
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Figure 8: Comparison of step responseswith FLC (dotted)
and TFLC (solid) under (C4).

with on-line tuning. Finally, inspection of Fig. 10 shows
that self-tuning Fuzzy control, in comparison with PID and
Fuzzy controls, provides lower steady-state error and sta-
ble behavior.
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6 Conclusions

In this paper, a fuzzy logic controller was proposed for
looper control of rolling mills. The proposed system in-
corporated a learning algorithm for fine-tuning member-
ship functions and singleton outputs. The effectiveness of
the proposed system was verified by the simulation results.



B

E

<]

% Fuzzy Tuning

= Fuzzy

f=y

[}

= p— T

= ~

Q.

S . . . . .
- 1 15 2 25 3
Q Time (s)

IS
£ 50
—
>
° T

[}

[}

(=8

2]
£

[}

2

S -100 . . . . .
S 0 0.5 1 15 2 25 3

Time (s)

Figure 10: Comparison of the performances of PID, FLC,
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It was shown that the proposed system is more robust to
parameter uncertainties and noises, when compared with
classical PID control law. The incorporated tuning algo-
rithm had the advantage of high-speed learning capability,
yet it was effective for improving the control performance.
Several practical issues were discussed and conclusions
were made regarding different design options. Among
them were: off-line vs. on-line tuning, and different Ja-
cobian approximations.

Acknowledgments

Thisresearch wasfinancially supported by Quad Engineer-
ing Inc. Also, we would like to thank the useful discus-
sions and assistance of Leon Winitsky, Richard Li, Jalal
Biglou, and Mark Pinkusfrom Quad Engineering. The sec-
ond author was al so supported by anindustrial research fel-
lowship from Natural Sciences and Engineering Research
Council of Canada.

References

[1] R. Jang, “Self-learning fuzzy controllers based on
temporal back propagation,” |EEE Trans. Neural
Networks, vol. 3, pp. 714-723, Sep. 1992.

[2] R.Kruse, J. Gebhardt, and F. Klaonn, Foundations
of Fuzzy Systems. Wiley, Chichester, 1994.

[3] A.Neilson, and E. Koebe, “Microprocessor control
system for bar mill revamp at Chapparrel Stedl,”
Iron and Steel Engineer, pp. 56-59, Apr. 1983.

[4]

(5]

6]

[7]

H. Nomura, |I. Hayashi, N. Wakami, “A learn-
ing method of fuzzy inference rules by descent
method,” Proc. |IEEE Int. Conf. on Fuzzy Systems,
1992, pp. 203-210, San Diego, CA.

T. J. Procyk and E. H. Mamdani, “A linguistic self-
organizing process controller,” Automatica, vol.
15, pp. 15-30, 1979.

D. E. Rumelhart, G. E. Hinton, and R. J. Williams,
“Learning representations by back-propagation er-
rors,” in Parallel Distributed Processing: Explo-
rations in the Microstructure of Cognition. Foun-
dations, D. E. Rumelhart and J. L. McClelland,
Eds., vol. 1, MIT Press, Cambridge, MA, 1986.

T. Takagi and M. Sugeno, “Fuzzy identification of
systems and its applications to modeling and con-
trol,” IEEE Trans. Systems, Man, and Cybernetics,
vol. 15, no. 1, 1985, pp. 116-132.



