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Abstract—This paper proposes the identification of a waterdvel
system using neurofuzzy. Modeling stage is one ohe most

The aim of this study is to use the neurofuzzy ASIFI
system to identify a real water level system anaddmpare

noteworthy parts in the design of a control systemin this study,
a water level system is modeled using ANFIS (Adapt-
Network-Based Fuzzy Inference System), which will é further
used to design and apply a proportional integral (B control to
this system. An input-output data is obtained fromthe real
system and then, this data is employed to create &NFIS model
of the system in the SIMULINK. Both results obtainedusing real
system and ANFIS model are compared. Model consisteies are
discussed and effectiveness of ANFIS modelling isted.

Keywords— ldentification, ANFIS, water level system, PI
controller, SIMULINK

I. INTRODUCTION

The design of control systems is currently drivgradarge
number of requirements posed by increasing conipetit
environmental requirements, energy and materidsarsd the
demand for robust, fault-tolerant systems.
considerations introduce extra needs for effecfivecess
modeling techniques [1].
designer has to follow one of two ways; the firaeas using
the knowledge of physics, chemistry, biology and tther
sciences to describe an equation of motion with tdais
laws, or electric circuits and motors with Ohm’drdbhoff's
or Lentz's laws depending on the plant of inter&stis is
generally referred to as mathematical modeling. $&eond
way requires the experimental data obtained bytiexcthe
plant, and measuring its response. This is callgstem
identification and is preferred in the cases wheeeplant or
process involves extremely complex physical phemamer
exhibits strong nonlinearities [2].

Neuro-fuzzy modelling has been recognized as a gdaive

tool which can facilitate the effective developmefntmodels
by combining information from different sources,cBuas
empirical models, heuristics and data. Neuro-fumzgdels
describe systems by means of fuzzy if-then rulpsesented
in a network structure, to which learning algorithiknown
from the area of artificial neural networks canapplied [1].
The most popular neurofuzzy system
architecture introduced by Jang. This structure wsed in
this work to model the water level system and ketaas a

These

For obtaining the moddige t

is the ANFI

the model found with real system by applying a préipnal
integrated controller to the same structures.

The rest of this paper is outlined as follow. Sattil gives
the description of water level system used in thagk. In
section 11, the ANFIS architecture is presentedcti®n IV
detailed the learning algorithm of ANFIS. The id&cation
of the water level system by using ANFIS and the®itrol
of both the real system and ANFIS model are preseir
section V. Section VI presents conclusions.

Il. DESCRIPTION OF WATER LEVEL SYSTEM

The system exploited consists of:
« High tank,
« Low tank (source of water),
. Differential pressure sensor,
« Pump motor to fill the high tank,

« Electronic board of acquisition adapts the sensor

voltage output to PIC ADC input.

- Power board formed by a serial chopper which taékes
PWM PIC output and supplies the pump motor [7].
The control is ensured by Matlab using a PIC 16H&8Yatd to

interface the system with PC.
This water level control system is nonlinear and described

by the following equation [8]:
oH 1 S
= ng - <+29H

S

gt (1)

With:

H: water level

Qe: input flow

S: tank base surface

s: output water surface

g: heaviness

To control the water level system the PIC 16F87arthdakes

the measure of level by using the signal given hg t

electronic board of acquisition and the numericug of this

analogical measure is sending to PC by the RS @32l port.

The control value is calculated by Matlab and istge PIC
6F877 board which converts this control value t8\&@M
gnal in the aim to control the transistor of deegial chopper.

The communication between Matlab and real systedoise

S-function block created in the SIMULINK of MaH.

black-box in the aim to observe the responses ® t

introduced inputs [3-6].
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adaptive nodes. The outputs of layer 1 are the yfuzz

— | | § | membership grades of the inputs, which are given by
[M[Nnuh-‘.l. 1 _ H _3 4
Frescure Oi - /'IAi (X)! I = ’ (2)
FERLOE l .
- Of = up,_,(y), 1=34 3)
tank where x is the input to node i, and Ai is the lirggic label
: A associated with this node function. UsualbAi(x) and
%_‘ uBi-2(y) are selected to be a Gaussian functionrgive the
—| PIC 16F877 expression below.
—]
=' | Board X—g 2
!. Hp () = ex {Tj @
1. I Low [PWM
ol | tank Where & and ¢; are, respectively, the deviation and center

pumps = ol e
T - ; | Serial choppe

parameters of the membership function.

In the second layer, the nodes are fixed nodesy Tdre
labelled withIT, which indicates that they perform as a simple
multiplier. The outputs of this layer can be repreed as:

OF = wy = pp (Nup (), 1=1,2 (5

which are called the firing strengths of the rules.

Fig. 1 Water level system

I1l. ANFIS STRUCTURE

ANFIS is a famous hybrid neuro-fuzzy network forch_ing In the third layer, the nodes are also fixed nodégy are
complex systems that was developed by Jang [3§ 3yBtem |apelied with N, which indicates that they playamalisation
is a useful neural network approach for the soiutiof role to the firing strengths from the previous laykhe
nonlinear functions and approximating problems [9]. outputs of this layer can be represented as:

The proposed neuro-fuzzy model of the ANFIS is dtitayier

neural network-based fuzzy system. Both neural od¢WNN) Oi3 =W = L, i=1.2 ©6)
and fuzzy logic (FL) are used in ANFIS architect[i8]. The wp + Wy '

system has an adaptive network functionally eqemato a \yhich are called the normalised firing strengths.

1st-order Sugeno fuzzy inference system [3]. Thé&I\uses |, the fourth layer, the nodes are adaptive nod@ike. output
a hybrid-learning rule, which combines back-prop@ga ot each node in this layer is simply the product tbé
gradient-descent and a least-squares algorithmetatify and ,ormalised firing strength and a first-order polgrial (for a

optimise the Sugeno system's signals. The fuzzsoreag iS _first-order Sugeno model). Thus, the outputs of thijer are
illustrated in Fig. 3(a), and the corresponding ASIF given by:

architecture of a first-order Sugeno fuzzy modethwiwo 4 — _ .

rules is presented in Fig. 3(b). The square nodesdaptive O = Wy f; = Wy( pyx+ quy+ g), 1=1,2 (7)
nodes, and the circular nodes are fixed nodes whggehe fifth layer, there is only one single fixedde labelled
parameters change during the training processsy$tem has jth x. This node performs the summation of all incoming

a total of five layers. In this connected structdhe input and sjgnals. Therefore, the overall output of the masigjiiven by:
output nodes represent the training and predictalties,

2

respectively. In the hidden layers, there are nddestioning f
as the membership functions (MFs) and rules. 2 Z Wi Ty
For simplicity, it is assumed that the fuzzy infeze system 05 = Z W f. = 4=1 .
has two inputsx andy, and one outpuf. For a first-order : 11 Wy + Wy »1=1,2 (8)

i i i=1
Sugeno fuzzy model, a common rule set with two Yuiz
then rules is defined as follows: It can be observed that there are two adaptiverdaye this

ANFIS architecture, which are the first and thertbhdayers.
In the first layer, there are two modifiable paraene {ai, ci},
which are related to the input membership functiofisese
parameters are called premise parameters. In tirvghftayer,
there are three modifiable parametens, {qi, ri}, which
pertain to the first-order polynomial. These parterse are
wherex andy are the inputs,Ai andB; are the fuzzy set§, is called consequent parameters [3][11].

the output within the fuzzy region specified by thezy rule.

pi, g andr; are the design parameters that are determined

during the training process. In the first layet,thé nodes are

Rule 1: If kis A)) and § is B,) then €, = poX + quy +r19)

Rule 2: If kis Ay) and § is By) then € = px + quy + 1)
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Fig.2. The S-Function block created in SIMULINK
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Fig. 3. (a) The reasoning scheme of ANFIS and ft® ANFIS architecture.

After rearrangement, the output can be expressed as

IV. LEARNING ALGORITHM OFANFIS f=(Wp+(Wyg+(W +(wx pr(wy ¢-( ¥ (12)
The task of the learning algorithm for this arctitee is to
tune all the modifiable parameters, namedy; €i} and {pi, qi,
ri}, to make the ANFIS output match the training datéhen
the premise parameteas andc; of the membership function
are fixed, the output of the ANFIS model can bettemi as:

which is a linear combination of the modifiable sequent
parameter, g, r1, P2, 02 andr,. The least-squares method
can be easily used to identify the optimal valuéshese
parameters. When the premise parameters are redt, fthe
search space becomes larger, and the convergentie of
f = Wy oo+ Wy f training becomes slower. A hybrid algorithm combgithe
Wy + W, 1 Wy + Wy 2 (9  least squares method and the gradient descent thetho
adopted to solve this problem. The hybrid algorithsn
composed of a forward pass and a backward passle@ke

Substituting Eg. (6) into Eq. (9) yields: squares method (forward pass) is used to optimise t
consequent parameters with fixed premise parameBarse
f=wf,+W,f, (10) the optimal consequent parameters are found, tokwaad

pass starts immediately. The gradient descent mdetho
(backward pass) is used to optimally adjust themgme

— + + )+ W parameters corresponding to the fuzzy sets in tiguti
f Wl( PLX* QY E) WZ( P2X G W 9 (1) domain. The output of the ANFIS is calculated byptying

Substituting the fuzzy if—then rules into Eqg. (li@pecomes:
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the consequent parameters found in the forward. pEss
output error is used to adapt the premise paramet&ng a
standard back-propagation algorithm. It has
demonstrated that this hybrid algorithm is highfficeent in
training the ANFIS [3][11].

V. SIMULATIONS

This section presents the simulation results ofppsed
ANFIS model for the water level system and its oointin

order to obtain an input—output data set, an imgath set
which represents the changes of the control of ptenpion
for 200 samples is plotted in Fig.4. The maximumsien is
5V and equal to 255 as a numerical value. This tinpu
applied to the system and the corresponding ligeikl

outputs are obtained and plotted in Fig 5. The marn water
level in the tank is 27 cm converted to 5V by thectonic
board of acquisition and 5V is also equal to a mizaévalue
of 255.

200 T T T T

The system is modelled as a MISO system having timguts
u(k-1),y(k-1), y(k-2) and one output y(k). u(k)tle input and

be#fk) is the output.

Each input variable is represented by 2 membeffsinigtions.
The membership functions for this Takagi-Sugenozyuz
model are chosen as a Gaussian function. The oytptit
data is processed by ANFIS and hence the proposei@Ins
obtained. Below in Fig.6, the outputs of real watevel
system and ANFIS models are plotted for compariSdre
two curves are similar to the training input datad ahe
ANFIS model can be used as a model to the readsysthe
time axes for simulation results are plotted imtgiof discrete
index number. Fig.7 shows the actual differencavben the
real water level system and the ANFIS model ouiutach
sample. This error is between -3 and 3 then itoissiered
very small compared to the maximum value which5§ and
this comparison prove the effectiveness of the mode

input pump tension
=] o
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T
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Fig. 4. The input pump tension curve
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Fig. 5. The output water level system
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Fig. 6. Responses of the ANFIS model and theweaggr level system to the training input data
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Fig. 7. Error between the real water level syséemh ANFIS model for the training input

200

To compare the effectiveness of the model, therpatars of Matlab and in SIMULINK a subsystem block is constad
ANFIS model premises and consequences are takentfre formed the ANFIS model of system and given in tle&:
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Fig. 8. The internal architecture of the subsy&e®NFIS model created in the SIMULINK

The subsystem bloc described in the Fig 8 is usethé applied in the same structures to the real sysiewh the
closed loop control given in the Fig 9 replacing 8t+function ANFIS model. The structure of this controller iz by the
of the real systemA proportional integral controller Pl is Fig 10.
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Fig. 9. The closed loop control of The ANFIS moikeSIMULINK

198



PC
Typewriter
198


Te kp

Ti Te

o >

In

Te

=1

_l—-*

Ot

Froportionnelq

=1

¥

=

Intégrald

Fropotdionnel2

Driscrete
Transfer Fon

Fig. 10. The structure of PI controller used

The parameters of the PI controller are chosen as:

The responses of the real water level system andrI8N

kp=1.9 , Ti=42 , Te=1s, set-point=120 (representsvel of model by applied the PI controller is given in fig 11 below.

13 cm)

160 T T T T

0 | | | | |

water level eystem output
— ANFIS model output -

il 40 ] it} 100

120 140 160 180 200

Fig. 11. The responses of real system and ANFI&efnaf Pl controller

Figure 11 shows that the two curves have the s@metime
about 50s and the curve of the real system respmesents a
short overshoot compared to the ANFIS model respohs [1]
the steady state the two curves converges to theosd.
In conclusion we can prove the effectiveness of ANFIS [2]
model used to model the water level system.
3
V. CONCLUSIONS =
In this work, a neurofuzzy ANFIS system has beerdus 4]
the identification of a real water level system. iAput-output
data of the system is exploited to have the pamrmeif an [5]
ANFIS structure which model the real system. A ggb=m (6]
bloc representing the ANFIS model is created in SINNK
and a PI controller is applied to the real systad ANFIS [7]
model. The experimental results proves the effeatss of
ANFIS in identification of nonlinear system like ethwater
level system used in this study and gives a simédaponse in i8]
terms of rise time and convergence to the set gmintpared

to the real system response. o]

[10]

[11]
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