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Abstract—A model free adaptive control with estimated pseudo
partial derivative (PPD) is introduced by multi-input fuzzy rules
emulated network (MIiFREN) for a Conical tank system. The
Parameters adaptation scheme ensures a satisfactory settling
time. Human knowledge about the controlled plant is rearranged
to define the IF-THEN rules directly. Those fixed parameters are
designed according to guarantee the convergence related on the
controller performance. All adjustable parameters inside
MIFREN are tuned by the proposed on-line learning algorithm.
The simulation result demonstrate the performance of the
proposed controller for the system.

Index Terms—model free, fuzzy, on-line learning, pseudo partial
derivative.

I. INTRODUCTION

Model free adaptive control (MFAC) has been
continuously developed for several systems with unknown or
ill-defined model especially for a class of discrete-time
domain. Without any mathematic model of the plant, a
linearization concept based on pseudo-partial derivative (PPD)
is composed as the equivalent system. Due to the comparison
with other adaptive controllers, only real time measured data
of the controlled plant is necessary to establish MFAC. Unlike
model reference adaptive control based on neural networks,
the off-line tuning phase can be excluded because the time-
varying PPD can be tuned by real time measurement data
only.

In general, the control law has been determined by
PPD under some necessary constrains and the resetting
technique. It’s clear that the control system performance
depends on the accuracy of PPD estimation. The
compensation system based on an artificial neural network has
been discussed in by the additional of another control effort.
By using the on-off controller, the system dynamics can be
considered as the unknown system when the switching
sequence can be adapted by a feedback controller.

According to the controlled plant, in practice, PPD
seems like the system sensitivity which can be understood by
human knowledge related on input-output behavior. In this
work, this knowledge can be reformulated into IF-THEN rules
for an adaptive network called “multi-input fuzzy rule
emulated network” (MiFREN). The on-line adaptation is
developed to tune all adjustable parameters inside MiFREN.
Thus, the time variation of PPD can be directly estimated by
MiIFREN according to our proposed cost function. Moreover,
the resetting algorithm, which is needed for tuning PPD, can
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be relaxed in this work because of MiFREN’s property which
is directly related on the change of input respectively to the
plant’s output. All fixed parameters are designed to guarantee
the convergence which can affect the performance of
controller.

Il. CONICAL TANK
2.1 Modeling and System description

In this level process the tank is conical shape in
which the level of liquid is desired to maintain at a constant
value .This is achieved by controlling the input flow into the
tank. The control variable is the level in a tank and the
manipulated variable is the inflow to the tank. Conical tank is
non-linear in nature because of its varying cross-sectional
area. For industries using non-linear processes the
controller design is a challenging task, because majority
of the control theory deals with linear process. Many
industries use proportional controller (PI) and proportional
integral  derivative controller because of its simple
structure and easy tuning. They are perfect control for linear
process. Tuning of the controller is setting the proportional,
integral and derivative constant to get the best control of the
process. The conical tank is highly non-linear. But stability of
the system may be affected.
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Fig 2.1: Conical Tank
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2.2 Plant Model for simulation purpose

Q - Flow rate of the inlet stream

Qo - Flow rate of the outlet stream

R - Maximum radius of the conical
tank

r - Radius of the conical tank at steady
state

H - Maximum height of the conical
tank

h - Height of the conical tank at steady
state

The mathematical modelling of the system should be
obtained using the process parameters.

According to mass balance equation,
Accumulation = Input- Output,

dh
AE=0-0, U

Area,A=m?=n (RH—h)z (2)

So that the tank model becomes,

T =1~ Bl ()

dt

Where and are parameters defined by,
H\2
a=1/n(3) 4)

B = ca (5)

Here, Q is the inlet flow rate, the manipulated variable. This
process model has two types of nonlinear functions: Qh?, a
product of two functions, and h™¥2 These two functions have to
be linearized. Linearization is the process by which a
nonlinear system is approximated to a linear process
model. The most popular technique for obtaining the
linear approximation is based on Taylor series expansions
of the nonlinear aspects of the process model.

The linearization of f (h, Q) =Qh proceeds as follows,

af(h —hy)  af(Q — Qs
f(h, Q) = (b, Q) + T (Qan}

+ higher order terms

Ignore the higher order terms,

5
h=3/2 = h7*?% —3/2h_%(h — h) (6)
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.. — pht/2 .
Under steady state condition, Qs = Bhs"™ Now introduce
the variables y= (h-hs) and u = (Q-Qs). The approximate linear
model is obtained as,

0.5638

G(s) =———
) = g0as +1

I1l. CONTROL SYSTEM DESIGN

3.1 Fuzzy Control System

A fuzzy control systemis acontrol system based
on fuzzy logic—a mathematical system that
analyzes analog input values in terms of logical variables that
take on continuous values between 0 and 1, in contrast to
classical or digital logic, which operates on discrete values of
either 1 or O (true or false, respectively).

Fuzzy logic is widely used in machine control. The
term "fuzzy" refers to the fact that the logic involved can deal
with concepts that cannot be expressed as "true" or "false™ but
rather as "partially true". Although alternative approaches such
as genetic algorithms and neural networks can perform just as
well as fuzzy logic in many cases, fuzzy logic has the
advantage that the solution to the problem can be cast in terms
that human operators can understand, so that their experience
can be used in the design of the controller. This makes it easier
to mechanize tasks that are already successfully performed by
humans.

Fuzzy logic was first proposed by “Lotfi A.
Zadeh” of the University of California at Berkeley in a 1965
paper. He elaborated on his ideas in a 1973 paper that
introduced the concept of "linguistic variables", which equates
to a variable defined as a fuzzy set. Other research followed,
with the first industrial application, a cement kiln built in
Denmark, coming on line in 1975.

The input variables in a fuzzy control system are in
general mapped by sets of membership functions similar to
this, known as "fuzzy sets". The process of converting a crisp
input value to a fuzzy value is called "fuzzification". A control
system may also have various types of switch, or "ON-OFF",
inputs along with its analog inputs, and such switch inputs of
course will always have a truth value equal to either 1 or 0, but
the scheme can deal with them as simplified fuzzy functions
that happen to be either one value or another.

3.2 Problem Foundation

In this work, the nonlinear system for a class of
discrete time domain can be described by,
,U(k - nu)):

y(k + 1) - f(y(k)a e ay(k - n’?;’)Su(k)’ e

where y(k) € R and u(k) € R denote as the time index k system
output and input, respectively with the unknown order ny, and
n.. The non-linear function f(.) is definitely unknown.
According to the conventional MFAC algorithms, those
following assumptions are stated.

Assumption 1: The partial derivatives of f(.) are continuous
with respect to the control u(k).
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Assumption 2: The non-linear system described in the
equation above is generalized Lipschitz. That means the
positive constant Imust be defined when,

| Ay(k+1) | < 1] Auk) |, when Ay(k+1) = y(k+1) — y(k) and
Au(k) = u(k) — u(k-1).

According to those upper assumptions, the following
lemma can be obtained.
Lemma 1: The non-linear system satisfied assumption 1 and 2
with | Au(k) | # 0 for time index k, can be transformed into the
equivalent compact form dynamic linearization (CFDL) as,
Ay(k+1) = §(k) Au(k), 2)
where ¢(k) denotes the pseudo partial derivative (PPD).
The parameter PPD can be estimated by several learning
algorithm such as the modified projection. On the other hand,
in this work, PPD is determined by the adaptation network
MiIFREN which can be operated under the human knowledge
according to the controlled plant.

3.3 Control Law

Let the cost function be defined as,

J(u(k)) = [r(k+1) = y(k+ D]+ Nu(k) —u(k—1)]*, 3)
when A is a designed weighting constant. By using (1), the
cost function can be rewritten as,

J(u(k)) = [r(k +1) — y(k) — (k) Au(k)]? + N[Au(k)]*.

(4)

Differentiating (4) with respect to u(k),
dJ(u(k) . o . .
Ty = A+ D)= y(RIR() + 22%(R)Au(k)

+2)Au(k). (3)
Let %)—l = (, thus

O(R)[r(k +1) —y(k)]

The idea control law can be obtained as,
w(k) = u(k— 1) 4 2WrE+D —y®)] o

A+ ®2(k)
In practice, the output y(k) can be measured but ¢(k) cannot
be directly determined because of the unknown non-linear
system f(.). To rgalize this control law, ¢(k) will be estimated
by MiFREN as P (%) thus the control effort can be generated
by,

SRk +1) —yk)]
A+ D2(k) ’

when p is a step-size constant. Both p and A are designed

parameter which can be given by the following lemma to

guarantee the convergence of u(k). Before the proof of control

effort boundary, the following assumption is necessary.

Assumption 3: The direction of ‘i’(k:' or signﬁ{‘i’ [k:'} is

wk)=ulk—1)+p

unknown but it doesn’t change as sign {q’ [h’}:sign
{2k — 1)1,

Lemma 2: According to assumption 2 and the MiFREN’s
property, the maximum of ® (k) must be existed as
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®rr, Yk € N and both parameters p and A are designed
by following this relation,

2X
0 << p << = s (&)
N
thus, the control effort from (8) is bounded.
Model Free Adaptive Control
Set point
Y(k) CONTROL
LAW
(k)
u(k)
FUZZY LOGIC Output
CONTROLLER VAWVE | CQFELC‘?L
(MIFREN)
Au(k-1)
Ay(k)
| 77 |

Fig 3.1: Model Free Adaptive Control

The diagram above shows the basic working of the
system created. The on-line data from the plant are fed to the
Control Law. The Fuzzy Logic Control (MiFREN) provides
its output to the Control Law as well using the data from the
plant. Finally, the control u(k) is generated from the Control
Law and provided as input to the Valve. The Valve in turn
controls the Conical tank so as to reach the desired set point.

3.4 MiFREN for pseudo partial derivative
3.4.1 PPD based on MiFREN

MIiFREN is an adaptive network which can be
operated by human knowledge in the format of IF-THEN
rules. The design of IF-THEN rules is also a key of the
performance. The knowledge based on the controlled plant is
roughly necessary. The relation can be rearranged as,

oy - Ay(k)
ok) = Au(k —1)’
when Au(k) # 0.

According to the upper relation, we can define some example
IF-THEN rules as following:
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o IF Ay(k) is Positive Large and Au(k — 1) is Positive
Large THEN <I>(k] should be Positive small,

o IF Ay(k) is Positive Large and Au(k — 1) is Positive
small THEN @(k] should be Positive Large,

o IF Ay(k) is Negative Large and Au(k — 1) is Positive
Large THEN @ (k) should be Negative small,

’ ...,

o IF Ay(k) is Negative Large and Au(k—1) is Negative
small THEN ‘i)(k] should be Positive Large,

o IF Ay(k) is Negative Large and Au(k - 1) is Negative
Large THEN @(k] should be Positive small.

With this implementation, unlike the conventional algorithms

to determine'i-’(li-';', the sign of 'i'“-') is directly determined
by those IF-THEN rules. To simplify, those IF-THEN rules
can be defined by Table 1.

Ay(k)
PL | PS | AZ | NS | NL || Au(k-1)
Py | Ps | Ci1i [ Nig | Noy PL
Py | Pz | Ci2 [ Ni7 | Nao PS
£3 £g 13 | €18 | €23 AZ
Ng | Nog | Ciq | Prg | Py NS
N5 | Nio | Ci5 | Poo | Pos NL

Table 1: IF-THEN Rules

The linguistic variables PL, PS, AZ, NS and NL denote as
Positive Large, Positive Small, Almost Zero, Negative Small
and Negative Large, respectively. In this case, the number of
IF-THEN rules is 25 and the relation the THEN-part can be
given by other linguistic variable. The variables P, C and N
stand for Positive, Close to zero and Negative, respectively.

Unlike the conventional technique, when Au nearly
reaches to zero or stays in the range to AZ-membership
function, the designed parameter e3=eg= €13= €14 = €x3= €,
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The Fuzzy rules were created according to the PPD relation
mentioned above. Two input variables were defined: “del-y”
and “delpreventrleffrt”. One output variable was defined:
“valve”. All the variables were given 5 membership functions
each: NL, NS, ZERO, PS and PL. The Fuzzy rules are:

1. If (deky is PL) and (delpreventrieffrt is PL) then
2. If (dely is PL) and (delpreventrieffrt is PS) then
3. If (deky is PL) and (delpreventrieffrt is NS) then
4. If (dely is PL) and (delpreventrieffrt is NL) then (valve is NS) (1)
5. If (deky is PS) and (delprevcntrieffrt is PL) then (valve is PL) (1)
( )
( )
( )
(

—_

valve is PS) (1)
valve is PL) (1)
valve is NL) (1)

I p—

6. If (dely is PS) and (delpreventrieffrt is PS) then (valve is NL) (1)
7. 1f (deky is PS) and (delpreventrieffrt is NS) then (valve is NS) (1)

—_

8. If (dely is PS) and (delprevcntrieffrt is NL) then (valve is NL) (1)
9. If (deky is NS) and (delpreventrieffrt is PL) then (valve is NL) (1)
10. If (deky is NS) and (delpreventrieffrt is PS) then (valve is PL) (1)
11. If (deky is NS) and (delpreventrieffrt is NS) then (valve is PS) (1)
12. If (deky is NS) and (delpreventrieffrt is NL) then (valve is PL) (1
13. If (deky is NL) and (delpreventrieffrt is PL) then (valve is NS)
14. If (deky is NL) and (delpreventrieffrt is PS) then (valve is NL)
15. If (deky is NL) and (delpreventrieffrt is NS) then (valve is PL)
16. If (deky is NL) and (delpreventrieffrt is NL) then (valve is PS)
17.If (deky is ZERO) and (delpreventrieffrt is PL) then (valve is NS) (1)
18. If (deky is ZERQ) and (delpreventrieffrt is PS) then (valve is NL) (1)
19. If (deky is ZERO) and (delpreventrieffrt is ZERO) then (valve is ZERO) (1)
20. If (deky is ZERO) and (delpreventrieffrt is NS) then (valve is PL) (1)
21. If (deky is ZERO) and (delpreventrieffrt is NL) then (valve is PS) (1)
22 If (deky is PL) and (delpreventrieffrt is ZERQ) then (valve is PL) (1)
23, If (deky is PS) and (delprevcentrieffrt is ZERO) then (valve is PS) (1)
24, If (deky is NS) and (delpreventrieffrt is ZERO) then (valve is NS) (1)
25, If (deky is NL) and (delpreventrieffrt is ZERO) then (valve is NL) (1)

(
(
(
(

)
1)
1)
1)
1)
)

Fig 3.2: IF-THEN Rules

According to those IF-THEN rules, the network architecture
of MiFREN can be constructed as shown below:
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Fig 3.3: The structure of MiFREN

Layer 1: Each input in this layer is sent to the corresponding
nodes in the next layer directly. Thus there is no computation
in this layer.

Layer 2: This is called the input membership function (MF)
layer. Each node in this layer contains a membership function
corresponding to one linguistic level (e.g. negative, nearly
zero, etc.). The output at the i-th node for the input is denoted
by P,

Layer 3: This layer corresponds to the fuzzy inference. The
number of nodes in this layer is r" nodes. The output signal at
each node in the layer is calculated as,

-f;' = H Hagi )
i=1

Layer 4: This layer may be considered as a defuzzification
step. It is called the Linear Consequence (LC) layer. There are
also r" nodes in this layer.

Layer 5: The structure of this layer is similar to the output
layer of an artificial neural network with unity weight. The
output of the MIFREN,

PPD or &(k) can be obtained by
25
(k) = " Fi(Ay(k), Au(k - 1))3;
i=1

“By” is a Linear Consequence (LC) parameter for THEN-part
linguistic variables. The Function F(.) is the i" rule relation
determined by membership functions related on the i" rule.
For example, according to Table 1, we have Fy(k)
Hec(Ay(k)pp(Au(k-1)) at  rule # 1, Fie(k)
MUns(Ay(K))up(Au(k-1)) at rule # 16 and Fx(K)
MnL(Ay(K))pnL(Au(k-1)) at rule # 25.

3.4.2 Parameters Adaptation
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The on-line learning algorithm will be applied in this
work for LC parameters. Thus, the estimated PPD can be
rewritten by,

B(k) =S Fi(k)B:(k),
i—1

i—
when Bi(k) denotes the LC parameter for the i"" rule at time

Gindex k. To tune this parameter, the cost function </ (¥ (%))

can be given as the following,
J@E) = S[Ay(k) — B(k) Aulk — 1)
+3[B(k) — @k — 1],

where vy is defined as a small positive constant. Determining
the derivative with respect to B;(k), we obtain,

0J(®(k)) 0J(®(k)) 0®(k)
95; (k) ad(k) 0Bi(k)
= [y + AuP(k — 1)]®(k) — vd(k — 1)

~Ay(k)Aulk — 1)} Fi(k).
According to Gradient Search, the tuning law can be defined
by,
3k i g OT(2(R))
31(k -+ ].) e 3;{}&) ??'SW’

where, ng is the learning rate which can be designed as a small
positive constant. By using the above two equations, the
tuning law can be formulated as,

Bilk+1) = Bi(k) = ns[[y + Au(k — 1)]d(k)
bk — 1) — Ay(k)Aulk — 1)} Fi(k).

The designed paramters y and ng can effect to the convergence
of .

IV. SIMULATION RESULTS AND DISCUSSIONS

4.1 MATLAB
MATLAB (matrix laboratory) is a multi-
paradigm numerical ~ computing environment  and fourth-

generation programming language. Developed by MathWorks,
MATLAB allows matrix manipulations, plotting
of functions and data, implementation of algorithms, creation
of user interfaces, and interfacing with programs written in
other languages, including C, C++, Java, Fortran and Python.

Although MATLAB is intended primarily for
numerical computing, an  optional toolbox  uses
the MuPAD symbolic engine, allowing access to symbolic
computing capabilities. An additional package, Simulink, adds
graphical  multi-domain  simulation  and Model-Based
Design for dynamic and embedded systems.

MATLAB can call functions and subroutines written
in the C programming language or Fortran. A wrapper
function is created allowing MATLAB data types to be passed
and returned. The dynamically loadable object files created by
compiling such functions are termed "MEX-files"
(for MATLAB executable).
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Libraries written in Perl, Java, ActiveX or .NET can
be directly called from MATLAB, and many MATLAB
libraries (for example XML or SQL support) are implemented
as wrappers around Java or ActiveX libraries. Calling
MATLAB from Java is more complicated, but can be done
with a2 MATLAB toolbox which is sold separately
by MathWorks, or using an undocumented mechanism called
JMI (Java-to-MATLAB Interface), (which should not be
confused with the unrelated Java Metadata Interface that is
also called JMI).

As alternatives to the MuPAD based Symbolic Math
Toolbox available from MathWorks, MATLAB can be
connected to Maple or Mathematica. Libraries also exist to
import and export MathML.

4.2 Fuzzy Control Logic

Simulation using Fuzzy is done using MATLAB as shown in
the figure below:

Poda! Gyt Eea) Data St Data Store
Wite Memary

Fig 4.1: Simulation Design

The diagram above shows the Simulation design. It
includes the Control Law calculation and a part of the
Parameters adaptation. A PID controller is used with the
system just for comparison with the ‘System response using
Fuzzy’. A part of the calculation for parameters adaptation is
given to Data Store Write block for transferring the values
from here to the subsystem for further calculation.

4.2.1 Modifications within Fuzzy block

The default Fuzzy wizard of the Fuzzy logic block in Simulink
was modified to a MiFREN network.
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Fig 4.2: Modified Fuzzy Block

So as to implement the MiFREN network within the
Fuzzy system, the masked subsystem of the Fuzzy block in
Simulink had to be modified. The subsystem shown above
was present within the “Fiz Wizard”. Since 25 rules were
given to the block, there were 25 lines present. Each output
from the rule block was taken, defuzzified separately,
demuxed and then used in calculation to obtain the correct
value of the weight, B;. Finally, all the B values were summed
and given to the output.

4.2.2 Subsystem created for Parameters Adaptation

The system below is a part of the Tuning law for the
convergence of f.

Fig 4.3: Subsystem for Parameters Adaptation
The above subsystem was created to implement the

equation for the convergence of the parameter, B which is
given by,
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Bilk+1) =

Bi(k) = s [y + Au?(k — )] (k)

was satisfactory. Also, the system response using PID was
shown for comparison. The response using Fuzzy showed no

~y®(k — 1) — Ay(k)Au(k — 1)) F (O

Repeated iterations as in the equation resulted in a
singularity error. Hence, a limited number of iterations were
performed so as to implement the equation. A Data Store
Memory block from Simulink was used to transfer values
from the model to the Fuzzy subsystem.

4.2.3 System Response (Fuzzy vs PID)
Sefpaint
= fumy

-

Lewv el (s

ﬂ | |
: 0 ]
T f2t]

Fig 4.4: System Response (Fuzzy vs PID)

The graph above shows the comparison of the
System response using Fuzzy vs PID controller. The Set-point
here given is 50 cm. As it can be seen above, the Fuzzy
response has no oscillations compared that of PID controller.

4.3 PERFORMACE ANALYSIS

The response from the system using Fuzzy Logic
System showed better results. In comparison to the response
from the system using PID controller, the output using
MiFREN network had no oscillations with settling time almost
equal to that of the system with PID.

V. CONCLUSION AND FUTURE WORK

The MATLAB program was designed and simulated
for the Conical Tank system using Fuzzy Logic Controller.
The first phase was to develop the Control Law for the
generation of PPD (Partial Pseudo Derivative). After
implementing the control law within the design, the default
Fuzzy logic within the Fuzzy block from Simulink was
modified to make it a MiFREN network. The second phase
was to create the Parameters adaptation design. In order to
proceed with the adaptation, a subsystem was created and
added to the MiFREN network. The response from the system
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As for the Future work for this project, Neural-Fuzzy
network can be used to perfect the response from the system.
Also, the number of Fuzzy rules can be increased to obtain
better results.
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