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From the Technical Program Committee

Dear MED 04 participants,

[ welcome you to Kusadasi, host of this year's Mediterranean Conference on Control and
Automation - MED'04, the latest of a series of annual Conferences co-sponsored by the [EEE
Control Systems Society and the Mediterranean Control Association. I hope that the
Conference will be rewarding not only for its technical program but also Jor the opportunity
to forge personal relationships among colleagues in the Region.

During the past half century or so, Control and Automation has evolved into major discipline
that involves diverse fields from Industrial Automation to Robotics, all seeking solutions using
common Systems methodologies. The famous gap between theory and practice cannot but
close a little through technical Conferences like MED where colleagues from all over the
world converge even for a few intensive days to share ideas, knowledge and experience and
learn of research activities in the field in countries in the Region and further afield I like to
view MED'04 as a bazaar, an Eastern Mediterranean tradition, where ideas are traded,
research partners are found and lasting Jriendships are made over endless cups of sweet
Turkish coffee and tea ... while viewing the sunset over the Aegean.

This year's Mediterranean Conference on Control and Automation Conference follows in the
Jootsteps of earlier MED Conferences in nearby countries. Over 260 papers were submitted
to the Conference and some 170 will be presented. The Technical Program Committee and
the International Program Committee worked hard to assemble a technical program that
portrays the state of the art of our field. In addition to the Jour Plenary Sessions presented by
speakers of international renown, Jour Special Sessions that focus on current research
activity in our field have been programmed. The social events are but a sample of the
unexcelled hospitality of the host country General Chairman Okyay Kaynak.

it is indeed most gratifying that this year’s Conference has contributions from more than 45
countries from as far as the USA, Japan and China. In addition to providing a forum for
technical discussion, the Conference satisfies the equally weighted objective of exposing

participants from the various countries to the culture, traditions and history of the host
country.

On behalf of the
MED’04 Technical Program Committee

Robert E. King
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Frisch scheme—based algorithms for EIV identification

Roberto Diversi', Roberto Guidorzi', Umberto Soverin{'

"Universit'a di Bologna, lialy
In many practical situations the process data are affected by noise on both inputs and outputs. In these contexts, errors—in--
variables (EIV) models can be the best choice for identification purpases and several approaches based on these representation
are present in the literature. This work refers to one of these methods, the so—called dynamic Frisch scheme. In particular, two
different Frisch scheme— based al gorithms are analyzed and compared by means of Monte Carlo simulations,

Implementation of Identification Algorithms in Systems with Reduced Computational Resources

Anastasios Mourikis', Anthony Tzes'

"Universi!y of Patras, Greece
In this paper, the implementation of a classical identification technique with mediam computational complexity over a system
with limited computing capability, is addressed. As a testbed, the Frequency-Domain Least Mean Squares (FD-LMS) algorithm
[1] is implemented with fixed--point (finite wordlength) rather than floating--point routines. The fundamentaf issue of faster
sampling at a reduced wordlength, compared to the case of a slower sampling rate with increased accuracy (smaller roundoff
errors) is investigated in the ensuing simulation studies. This problem is typical in embedded systems (controllers) with limited
aumber crunching capabilities, where their computational power significantly Hmits the maximum number of operations
(multiplications and additions) that can be executed within a time interval. The results of this study point towards the need of
jointly eptimizing the sampling rate, the wordlength size and the complexity of the assumed flter {model} in system
identification cases.
Two MOESP Type Recursive Subspace Identification Algorithms

Catarina J. M. Delgado’, P. Lopes dos Santos', J.L. Martins de Carvalho!

'Instituto de Sistemas e Robotica - Porto, Portugal
In this paper two recursive algorithms are presented, based on MOESP type subspace identification. The main idea was to show
that subspace identification methods can be represented as sequences of least squares problems and implemented through
sequences of modified Householder algorithms. Therefore, it is possible to develop iterative algorithms with most of the

advantages of this kind of methods, and still improve the numerical efficiency, in order to deal with real-time applications and
minimize the computational burden.

Session Chairma

Adaptive Beam Controlling for Smart Antennas Using Autoregressive and Adaline Neural Network Modeling

Halil Yigit', Adnan Kavak', H. Metin Ertunc'

'Kocaeli University, Turkey
In Time Division Duplex (TDI?) mode wireless communications, downlink beamforming performance of a smart antenng
systemn at the base station can be degraded due to variation of spatial signature vectors of an antenna array especially in fast
fading scenarios. To mitigate this, downlink beams must be controlled by properly adjusting their weight vectors in response to
changing propagation dynamics. This can be achieved by modeling the spatial signature vectors in the uplink period and then
predicting them for the new mobile position in the downlink transmission period. In this paper, we show that linear prediction
of spatial signature vectors using autoregressive (AR) and ADALINE (ADAptive Linear NEuron} network modeling provide
certain level of performance improvement compared to conventional beamforming method under varying channel (mobile

speed) and filter (delay) order conditions. ADALINE structure outperforms AR modeling in terms of downlink SNR
improvement and relative error improvement.

Development of a Neural Control Program to Reduce Uncertainty in the Measurements of DC TV Resistive Dividers
Serhat Yilmaz', Hasan Dincer'

'Kocaeli University, Turkey
In this study, a control program devised for increasing precision in measurement of a resistive voltage divider system is
described, The system includes two controllers which are regulating the factors that cause to errors in measurement. Due the
system contains non-linear elements, a knowledge buzed control approach is suggested and used in the system to match the best
fitted controller outputs and inputs, Corporate neural training and neural control programs have been developed for covering
these requirements, Major aim of this paper is focused on development stages of the control program.
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DEVELOPMENT OF A NEURAL CONTROL PROGRAM TO REDUCE
UNCERTAINTY IN THE MEASUREMENTS OF DC HV RESISTIVE
DIVIDERS

Serhat YILMAZ

Kocaeli University, Faculty of Engineering,
Dept. of Electronics & Communications, Fzmit, Turkey
e-mail: serhaty(@kou.edu.tr

Abstract

In this study, a control program devised for increasing
precision in measurement of a resistive woltage divider
system is described. The system includes two controllers
which are regulating the factors that cause to errors in
measuremenl. Due the system contains non-linear
elements, a knowledge based control approach is
suggested and used in the system fo match the best fitted
controller outputs and inputs. Corporate neural training
and newral control programs have been developed for
covering these requirements. Major aim of this paper is
Jocused on development stages of the control program.

1. Inntroduction

Accurate measurements of DC voltages at values above
10V and calibrating other measurement devices are
achieved by standard voltage dividers, As to the effects of
self heating of the resistors, chaotic distribution of this
heat, leakage currents and corona effects are caused to
error in measurements. Uncertainties arisen from the last
two effects may be reduced by arrangements in design and
construction of voltage divider systems. However, the
self heating of the resistors and any vertical temperature
gradient along the resistor column are keeping to be the
1major error sources in precise measurements [1].

The temperature of such a system has to be kept in some
certain degree and temperature gradient should be
approximated to insignificant values, In this purpose, a dc
voltage divider system which includes a control process
to regulate these variables, is realised. The divider is
designed for precise measurements up to 5 kV. The
control process is consist of computer aided heat and heat
gradient controllers.

Hasan DINCER

Kocaell University, Electronics and Comm. Research

and Application Center-EHSAM , fzmit, Turkey
e-mail: hdincer@kou.edu.tr

Experimental observations indicates that, responses of the
plant to the control signals are not linear and depends on
several variables. Besides, complex structure of the
system’s heat dispersion (conduction and convection)
could affect performance of the control process.
Dependent and independent input variables and their
effects to the control process arc determined by these
observations. A suitable training set of inputs and outputs
is derived from the aclual abservation results. Parameters
of the controllers are trained by neural networks by means
of the training set. And afterwards, the trained networks
carried out the control process. In this purpose, neural
training and neural control programs are developed [2].
This paper describes the programs and gives briefly the
preparation stages, algorithm and experimental results of
the control program.

2. Structural features of the 5kV DC voltage
divider system

The divider’s features are given: Maximum input voltage
is 5 kV, total resistance ts 5 MQ and it is consist of 4x!
MO+0x100 KOQ+10x10KQ resistors [3]. Voltage division
ratio is 1 000:1 and the maximum output voltage is 5V.

ylider Tasie which eorstiing

¥ Divider

Fig.1. Heat controlled HV divider mechanism.




A closed mechanism which contains a pair of tanks is
used for heat control of DC HV Resistive Divider. A
pelyamide cylinder which conserves the resistive divider
is located in the left. An aluminium cooling tank which
removes the heat produced by the resistors, is located in
the right. The oil is used as a fluid heat convection
element between the tanks, by means of a circulation
pump.

The transmission tubes are isolated against the heat
transfer. The heat is absorbed from one side of the peltier
effect thermoeleciric elements to the other side and it is
removed to the outer ambience by the air forced cooling
fans [4].

3. Determining structure of the neural
controllers

In this application, two neural controllers are used. The
first determines current of the power supply which drives
the peltiers to fix temperature of the system while the
second adjusts speed of the circulation motor (0 reduce
TopperTiower heat gradient along the resistors column. The
training program, trains and tests the neural controller
parameters according to training and testing sets of inputs
and outputs. The control program carries out regulating
the sell heating and heat gradient errors during the control
process according to the trained control parameters.

3.1. Building the structure of NN which trains
parameters of the temperature controller

The first neural controlier adjusts cooling rate of the
peltier according to E and 1, where;

Inpult Layer

flidden Layer

Output Layer
Fig.2. Structure of NN used for the temperature control.

E : Error between the real and the required temp. values

1. : Cooling efficiency of the peltiers which depends on
motor speed which is represented by the motor voltage

{(MV) and Ty-T, (Temperature difference between hot and
cold side of the peltier cooling elements).

The relation between inputs (n, = f (MV, Ty-T,) , E) and

control output (PV: Peltier Voltage) is derived from
experimental results [2] and they are represented by a set
of sample inputs and their malching outputs, called
training set. Due the system contains 3 inputs and 1
output, structure of the network is selected in (3x6x1)
form as shown in Figure.2

3.2. Building the structure of NN which trains
parameters of the gradient controller

Similarly, the second neural controller drives the voltage
that adjusts the motor speed according to Topper-Tiower heat
gradient and its derivative, to reduce the temperature
gradient which occurs along the resistor column. The
training set of the gradient controller is also derived from
experimental results. Training process aims to maich the
best fitting between the inputs (Typpe-Tiower
A (Typper-Thowed a0d control output (MVY. Structure of the
second network is selected in (2x4x1) form as shown in

Figure.3

Tupper-Tlowver
MV

A{TupperTtorer

Input Layer Hidden Layer Qutput Layer
Fig.3. Structure of the NN used in the Typo-Tioy vertical

temperature gradient control,
3.3. Methodology of the training program

Controller parameters are weights of connections between
the neurones and their threshold values. Methods and
training steps of the network weights are identical for
both controllers. The weights are updated according to
back propagation method during the training stage. The
method depends on minimising a cost function of errors,
by means of iterative evaluating gradient descents of the
function versus each weight. A coefficient matrix consist
of weights is updated along the iterations (Eq.1)

w; (next ) = w; ( previous ) + Aw,.;.r {1}

L}

Aw] =m8/}" ot 2)




3 iM represents delta value of the (i"™) neurone in the next

(k+1"™ layer. Delta values contain information about
changes in the cost function according to total inputs of
each neurone, Its’ formulation is varied in the program
with respect to its” location whether it is in hidden layer or
in output layer.

oif represents output of the (") neurone in the current

(k™ fayer. It contains information about effects of weights
to total inputs of neurones in the following layer[5].

4, Programs developed for the system

The training and the control programs are prepared in
Delphi 5.0 [6]. The first program trains, tests and stores
optimum conirel parameters. The next program loads and
uses these parameters during the conirol process.

4,1. Training Program

The training program and its' flow chart is considered in
details in reference[7] After the (training process
initialises, desired training outputs are graphed in the
order of sample sequence number (Figure.4, upper left).
Actual outputs may be graphed together by means of
option buttons. In the lower left side, actual outputs of the
NN for the subsequent iterations are shown. Error of the
set is represented by a cost function as shown in the right.
Error reduces parallel to progression of {raining epochs.

1 HH T raagy Gragid - R S
S auht Qe P VOV . i it KOEROST e peoa et

0t o fa SoL O
Eo 1 pa o DAL
b & £ S e

¥ el 2k et o ey . MR e 2 5
PRI canE el B

“ o
D
i
EXY
£

aiararay rrae peysaes B3 s

AR AR AR P N AR A N
Eangli Ko

Pk Veage B 30V ORI herastons Orspid nta

IR WR A YN E YRR
Sauy, :

Fig.4. Graphs of the training NN for heat control

Parameters of (rained network, such as weights and
thresholds, number of neurones, layers are saved to file.

4.2. Neural Control Program and Control Results

The control program is prepared due to the characteristics
and structures of the controllers described above. Main

menu interface of prepared neural control program is
shown in Figure.5. Under title “Analog 1/0 Card Reporis”,
reporls are given about the situation of ADC card. The
menu also reports dates and starting time of the
experiments. Title “Control Information”™ represents the
knowledge about conirols of both peltier cooling rate and
motor speed.
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Fig 5. Neural contro} interface

Fig. 6 reporls the average temperature (Bq.3) of the

cylinder tank in the left side of the system, versus time.

7o D * Do 3
- T

The dashed line represents the required temperature value,

called set value. The box in the left shows the temperature

value which belongs te current sampling time. The box in

the right stores previous values by | minute intervals.
They are recorded to a file while the program is closed.
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Fig 6. Average temperature value of the fluid in the tank .

These data are used to calculate the transient state criteria
such as max. overshoot, delay , settling and rise times etc.



The second controller which regulates the motor speed
keeps the TypperTiower heat gradient close to zero as shown
in Figure.7.
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Fig 7. Upper-Lower heat gradient.

F Dl aphey o B ©7 070t

Hperseant reotoels

-

W oe

=1

5

i«

t:

m

Lo

DI

'

LU

6

o

.

B

5

r

w Jfk\

. H

T T i s N L AT
(LN ] b ﬁiﬂi‘iﬁi\;ﬁ @ &R Fa oA M OB W WM th'ﬁ“ﬂ“’mi?t},

Fig.8. Measurement uncertainty sourced by the heat

Similarly, measurement uncertainty which is sourced by
the heat is graphed as shown in Fig.8. It represents bounds
of uncertainty that c¢ould be occurred by the changes in
resistor values caused by heat according to their thermal
coefficients. It is a square cost function derived from
combination of TyT,y, heat gradient and Typper-Tiowe heat
gradient (Shown in Figure.6 and Figure.7 respectively ).
Here, max. overshoot is 4ppm and rise time is 38 min.

4,.2.1.Graphs and Data about Temp, in Certain Points

In this section, temperature data acquired from upper and
lower sensors, from the sensors located to hot and cold
side of the peltier elements, from the sensor which is
plunged in the liquid inside the cooling tank, and the data
acquired from the ambient is graphed versus time. These
graphs are used to observe the delay times and the effects
of peltier control voltage in various points.
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Fig.9. Upper temperature of the tank which resistors exist

In the temperature graph which belongs to  the upper
sensor, it is shown that ripples are greater than the lower
one. Self heating of the resistors in the cylinder tank
warms the liquid. Warmer liquid is arisen upwards of the
cylinder tank by means of natural convection. Cooler
liquid in the cooling tank is subjected to a forced
convection in opposite direction by means of the
circulation motor. First conflicting is occurred and caused
to a turbulence on the point where upper sensor is located.
T,-T. is used for calculating cooling efficiency of peltiers.

Fig.10. Lower Temperature of the tank which resistors exist

Cold side sensors are located to a position on surface of
the tank which is close to cold side of peltiers, Along a
certain transient time, peltiers rapidly cool body of the
cooling tank. That’s why, in the transient time, a rapid
decrease in the temperature is observed. Then, the cooling
is spreaded 1o the liquid in the tank. Refer to the
temperature difference between the cooling tank and the
liquid, temperature of the cold side begins to rising until
it settles around a certain stable degree which is close to
degree of the liquid shown in Fig.13. After settling to an




equilibrium state, cold side temperatures of the peltiers
varies according to conirol voltage for directing
temperature of the liquid (shown in Fig.13) to a desired
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Fig.11. Cold side of the peltier in the left of cooling tank.

temperature (Fig.11). Hot side of a peltier is deviated
refer to control voltage as shown Fig.12.
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Fig.13. Temperature of liquid in the cooling tank

Fig.14, indicates temperature of the outer ambience which
is an independent input variable that effects the control
process by changing T, [8] , consequently 7, .
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Fig.14. Temperature of the outer ambience
4.2.2. Graphs and Data about the Control Process

Input values of the controllers are derived and graphed by
means of the temperature data described in the previous
section. For example the error data which is an input of
the neural temperature controller is derived from
temperature difference between set value and actual value
of the average temperature as shown in Fig.15. Similarly,
Upper-Lower Heat Gradient data which is an input of the
neural vertical gradient controller is derived from
temperature  difference between upper and lower
temperatures of the cylinder tank in the left (Fig.7).
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Fig.15. Temperature difference between set value and actual
value of the average temperature

The corresponding control output values are graphed in
Tig.16 and Fig.17 respectively. They are the voltages
applied to peltiers and to motor,
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Fig.16. Neural control voltage applied to peltiers.

Control voltage, applied to peltiers follows a decreasing
trend in general, parallel to reduction in the error.
Appropriate control voltage is also determined by NN
control parameters which are trained according to
consideration of the other input variables.
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Fig.17. Neural control voltage applied to motor

Reason of non-linear and discontinuous transitions in the
vollage is originated by this non linear character of the
tratning set.

In initialisation, a Typper-Tiower error trend is shown in
positive direction which proves the natural convection
(Figure.7) . Motor control signal shown in Figure.17,
prevents further increase and in addition it reduces the
CITOf.

5. Conclusions

In this study, a neural control program which has been
devised for carrying out of temperature and vertical
temperature gradient control processes is considered. The
controllers reduce uncertainty of the system. The

temperature controlier has fixed the temperature arround
the required value. The gradient controller has kept the
temperature gradient close to zero.

Another investigation that concentrates on the neural
training program together with the control program and
their algorithms in details may strengthen expressions of
this study. Different control approaches may be suggested
for the system or performance comparison with the other
methods [9,10] may be considered in the future works.

Acknowledgement: Authors thanks t Hasan KARABAY,
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