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ABSTRACT

In this study, a pattern recognition system is developed for automatic
classification of the radar target signals. For feature extraction which is an
important subset of the pattern recognition system, a new method which is based
on periodogram power spectral density and intelligent classifier is proposed.
Artificial neural network and adaptive network based fuzzy inference system were
used as an intelligent classifier respectively. Radar signals were obtained from
pulse radar system for various targets. According to developed feature extraction
method, the classifier performances were evaluated with radar signals on the target
recognition.

Key Words: Radar target classification, power density, pulsed radar, pattern
recognition

DARBELI RADAR SISTEMLERINDE GELISTIRILEN PERIODOGRAM

CIKARIMLI AKILLI HEDEF TANIMA
OZET

Bu ¢aligmada, radar hedef isaretlerini siniflamak tizere akilli oOriintii tanima
sistemi gelistirilmistir. Oriintii tanimamn énemli bir kismu olan 6zellik ¢ikarma
icin periodogram gii¢ spektrum yogunlugu ve akilli siniflandirict temelli bir
yontem sunulmustur. Akilli simiflandirict olarak, yapay sinir ag1 ve uyarlamali
yapay sinir agi temelli bulanik ¢ikarim smiflandiricisi kullanilmistir. Radar
isaretleri, farkli hedefler i¢in darbeli radar sisteminden elde edilmistir. Her iki
siiflandiricinin basarimlari, gelistirilen 6zellik ¢ikarma ydntemine gore radar
isaretleri ile hedef tanimada degerlendirilmistir.

Anahtar Kelimeler: Radar hedef siniflandirma, gii¢ spektrumu, darbeli radar,
orlintli tanima

1. GIRIS 1. INTRODUCTION

Radar, hedef nesneleri bulmak, bunlarin hakkinda
cesitli parametrelere ulagmak igin kullanilan  bir
mikrodalga sistemidir (1). Sekil 1.de goriildiigi iizere,
basit bir radar; verici, alici, verici/alict antenler ve bir
belirtici igerir. Verici tarafindan bir radyo isareti iiretilir ve
verici anten tarafindan yayimlamr. Iletilen isaretin bir
boliimii yansitici bir nesneye veya hedefe carpar ve biitiin
yonlere dagilir. Isaretin bir boliimii hedeften radara dogru
geri yansitilir.

Radar is a microwave system for detecting objects and
determining their distance, or range (1). In practice, the
transmitter and receiver usually share the same antenna, as
shown in Figure 1. The antenna usually directs the signal
into a narrow beam which is systemically swept through
the region where targets are expected. The direction of the
target is determined by the direction the antenna is
pointing when the echo is received. The range of the target
is determined by the time taken for the radar signal to
travel to the target and back to the radar
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Figure 1. Simplified radar system
Sekil 1. Basit bir radar sisteminin blok diyagrami

Radar Doppler isaretleri ile geleneksel sekil analizi ve
yapay sinir ag1 ve uyarlamali ag tabanl bulanik ¢ikarim
sistemi yaklagimi kullanilarak hedef tanima ve siniflama
caligmalar1 yapilmaktadir (3-6). Bununla birlikte, radar
isaretlerine Oriintii tamima  uygulanarak erken uyan
sistemleri (7), diisiik genlikli radar isaretlerini iyilestirme
(8), radar isaretlerine isaret isleme yontemleri uygulayarak
analizi ve hedef tiiri tanima (9,10), modiile edilmis radar
isaretleri ile hedef tanima ve analizi (11-13), yansiyan
radar isaretleri ile ¢evre hakkinda bilgi edinme (14)
caligmalarina da literatiirde rastlanmaktadir.

Son yillarda saglanan gelismeler sonucu radarlarda ilgi,
kapsama alani i¢indeki hedeflerin varligini belirlemenin
yani sira hedefle ilgili 6zel bilgilerin ilave olarak elde
edilmesine kaymustir. Diger bir deyisle konum, hiz ve
toplam radar sagilma yiizeyi degerleri bir ¢cok uygulama
icin yeterli goriilmektedir. Bazi durumlarda hedef sinifi ve
hatta kimlik bilgisi ayrintist gerekmektedir (15). Bu
caligmada, hedef kimlik bilgisi i¢in 6nemli olan hedef tiirii
belirleme probleminin ¢6ziimii i¢in, etkili Oriintii tanima
sistemi gelistirilmistir.

1.1. Darbeli Radar Sistemleri

Radarim en ¢ok rastlanan tiirii darbeli radardir. Bu
radarlar ozellikle, hava trafik kontroliinde oldugu gibi,
belirli bir alandaki hedefleri bulmak ve bunlarin
mesafelerini belirlemek i¢in kullanilir. Darbeli radarda,
verici ¢ok kisa patlamalarla enerji iletir. Pek ¢ok tiir
darbeli radar sistemi mevcuttur. Hava savunma, hava
trafik kontrolii, marina ¢arpisma 6nleme sistemi, flize ve
atis kontrolil, uzay ara¢ radari ve meteoroloji radar1 bu
farkli tiplere birer 6rnektir.

Radars use Doppler frequency to extract target radial
velocity (range rate), as well as to distinguish between
moving and stationary targets or objects such as clutter (3-
6). The Doppler phenomenon describes the shift in the
center frequency of an incident waveform due to the target
motion with respect to the source of radiation (7-10).
Depending on the direction of the target’s motion this
frequency shift may be positive or negative. A wave from
incident on a target has equipages wave fronts separated

by)x,, the wavelength. A closing target will cause the
reflected equipages wave fronts to get closer to each other
(smaller wavelength). Alternatively, an opening or
receding target (moving away from the radar) will cause
the reflected equipages wave fronts to expand (larger
wavelength) (11-15).

1.1. Pulsed Radar System

In a pulsed radar system, short bursts of radio
frequency (RF) energy are generated for transmission.
This is usually accomplished by first generating a train
narrow, rectangular-shape pulses and using these to
amplitude-modulate a sinewave RF carrier. The pulsed RF
signal is transmitted by the antenna. If the signal strikes a
target, a portion of the signal will be reflected back to the
radar as an echo. The antenna captures the echo pulses
which are sent to the receiver. The received pulses are
then demodulated and converted to a video signal for
display.
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1.2. Oriintii Tamma

Oriintii tanima; aslinda bilimin, miihendisligin ve
ginlik hayatin genis bir alanindaki etkinlikleri
kapsamaktadir. Oriintii tanima askeri uygulamalarda uzun
ve saygin bir tarihe sahiptir (16,17). Bununla birlikte
gerekli veriyi (gorlintii ve isaret algilayicisi) elde etme
stireci uzun yillar, donanimin pahaliligindan dolay1 genis
uygulama alanini frenlemistir. Giiniimiiz teknolojisi ile,
giiclii otomatik Oriintii tanima sistemini tasarlamak ve test
etmek miimkiindiir.

Oriintii tanima su sekilde tamimlanabilir: Aralarinda
ortak Ozellik bulunan ve aralarinda bir iliski kurulabilen
karmasik isaret Orneklerini veya nesneleri bazi tespit
edilmis 6zellikler veya karakterler vasitasi ile tanimlama
veya siniflandirma olayidir (18,19).

Oriintii tanima igleminde kullanilan en yaygm blok
diyagram Sekil 2 'de gosterilmistir (18). Sistemin yapisi
iki 6nemli asamadan olusmaktadir: Ozellik ¢ikarma,
smiflandiric.  Siniflandirict  tasariminda  en  6nemli
gosterge dogru oOzellikleri se¢gmektir. Bagka bir deyisle
ileri Orliinti tamima tekniklerinde daha karmagsik
siiflandiric: tasarlamak yerine, daha iyi ozellik ¢tkarim
6n plandadir (19-20).

1.2. Pattern Recognition

Pattern recognition is the research area that studies the
operation and design of systems that recognize patterns in
data. It encloses subdisciplines like discriminant analysis,
feature extraction, error estimation, cluster analysis
(sometimes called as statistical pattern recognition),
grammatical inference and parsing (sometimes called
syntactical ~pattern recognition). These important
application areas are radar target recognition, image
analysis, character recognition, speech analysis, man and
machine diagnostics, person identification and industrial
inspection.

Pattern recognition as a field of study is developed
significantly in the 1960s. It was very much
interdisciplinary subject, covering developments in the
areas of statistics, engineering, artificial intelligence,
computer science, psychology and physiology, among
others (16-17). Some people entered the field with a real
problem to solve. The large numbers of applications,
ranging from the classical ones such as automatic
character recognition and medical diagnosis to the more
recent ones in data mining (such as credit scoring,
consumer sales analysis and credit card transaction
analysis), have attracted considerable research effort, with
many methods developed and advances made.

The ability to recognize patterns is fundamental to
computer vision. Here, term pattern refers to a quantitative
or structural description of an object. In general, one or
more descriptors form patterns. The pattern space
corresponds to a measurement or an observation space. A
pattern vector is referred to as an observation vector. A
pattern vector often contains redundant information;
hence, the pattern vector is mapped to a feature vector [14-
17]. Pattern recognition systems usually consider a
feature space onto which feature vectors are mapped first.
The feature vector is used to decide the class to which the
input sample belongs. The purpose of feature extraction is
to reduce data by retaining certain ‘“features” or
“properties” that distinguish input patterns(18-20).

Giris :
Dogal Ozellik .
Durl;mlar Algilayicilat Cikaric - Segici Siniflandiric glkls‘
: : anima
Input ! / ! Output:
N Perceptrons Feature Classifier
Sétl ltlra Extraction-Selection Recognition
atus

Figure 2. Pattern Recognition System.
Sekil 2. Oriintli Tanima Sistemi

2. GELISTIiRiLEN YONTEM

Oriintii tanima sisteminin bigimsel amaci, gercek giris
uzayindaki gozlemleri x e X = RM birkag siniftan
yeYs= {w(l),w(z),__,,w(m} birine ayirmaktir. Sinifsal
cikig karar uzayindaki her bir w® smifi temsil eder.
Sistemde Onemli olan ayrimin belirgin bir sekilde
gergeklesmesidir. Bunu saglayacak olan en onemli kisim
anahtar ozelliklerdir.

Bu ¢alismada gergek giris uzay1 olarak darbeli radar

2. DEVELOPED METHOD

In this study, pulsed radar Doppler signals were used as
real input space. An efficiency feature extraction method
was developed for six target objects which are shown in
Figure 3 to separate one from the others. Experimental
application was realized on having educational purpose
and multi function 9620/21 Model Lab-Volt radar
experiment set. Pulse echo signals were received to
computer media by using data accusation card has 1 Khz
sample frequency.
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isaretleri kullanilip, Sekil 3' de gosterilen alt1 adet hedef
nesnenin  birbirinden ayrimimi  keskin bir sekilde
saglayacak Ozellik secimi icin etkili bir 6zellik ¢ikarimi
yontemi gelistirilmistir. Deneysel uygulama, egitim amacglh
ve ¢ok fonksiyonlu 9620/21 Model Lab-Volt radar deney
seti iizerinde gergeklestirilmistir. Darbe eko isaretleri 1
KHz ornekleme frekansi ile data karti araciligiyla
bilgisayar ortamina alindu.

Darbeli Radar Sisteminin parametreleri agagidaki gibi
ayarlandz :
- Darbe genigligi : 1ns
- RF Osilator : 9.4 GHz
- Darbe Tekrar Frekansi (PRF) :216 Hz
- Sabit Hedef Mesafesi : 75 cm

Kullanilan oriintii tanima mekanizmasi ve hesaplama
semasi Sekil 4' de verilmistir. Goriilecegi lizere sistemin
6nem arz eden ve smiflayicinin dogrudan basarimini
etkileyen nokta 6zellik ¢ikarimudir.

e

a

L 2

Small metal plate /
Kiigiik metal plaka

Corner Reflector /
Koseli yansitici

Figure 3. Used Radar Targets
Sekil 3. Kullanilan radar hedefleri

]
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The pulsed radar system parameters were adjusted as
bellow:
- Pulse width: 1 ns
- RF oscillator: 9.4 GHz
- Pulse Repeat Frequency (PRF): 216 Hz
- Fixed Target Distance: 75 cm

The used pattern recognition mechanism and calculated
scheme which are given in Figure 2. We can see that the
feature extraction is the most important part of pattern
recognition system , and directly impresses
accomplishment of classifier.

\\"\
N\

Plexsiglass plate/
Pleksiglass plaka

Cylinder /
Silindir
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Figure 4. Developed pattern recognition system for detecting of radar signals
Sekil 4. Radar isaretlerinin ayrimi igin gelistirilen Oriintii tanima sistemi

2.1. Ozellik Cikarimi

Ozellik ¢ikarma oriintii tammanm en Snemli kismi
olup, bir anlamda dogru Oriinti siniflandirmanin
anahtaridir. Isaretten 6zellik ¢ikarmanin ii¢ ana amaci;
siniflama siiresini azaltarak smiflandiricinin basarimini
artirmak, islenecek bilgi miktarin1 en aza indirmek ve
tanima sisteminin gilivenirliligini saglamaktir. Cikarilan
oOzelliklerin ~ sistemdeki  kontrolsiiz ~ parametrelerden
etkilenmemesi, kararli olmasi ile saglanacaktir. Boylece
ozellikler genellestirilebilir ve sistemin dogru karar verme
giivenirliligi  artirilabilir  (20). Kararsiz  isaretlerin
ozelliklerinin ¢ikarimu ile ilgilenildiginde, 6zellik ¢ikarimi
icin genelde zaman ve frekans bolgesinin bilesimi ile
ilgilenilir. Bodylece hem gegici ve hem de frekans
degisimlerini igeren tanimlayici bilgiler ¢ikarilabilir.

Burada 6zellik ¢ikarimi i¢in radar deney setinden elde
edilen farkli her bir hedefe ait Doppler isaretine normalize
islemi uygulanmistir (Denklem 1). Daha sonra buradan
elde edilen sonug isaretine periodogram denilen ve isaretin
ayrik zaman Fourier doniisimii alindiktan sonra bulunan
sonucun genliginin karesini elde etmeye yonelik bir gii¢
spektral yogunluk (PSD) yontemi uygulanmistir. Bu
peridogram yonteminde kullanilan ayrik zaman Fourier
doniisiim denklemi asagida Denklem 2’ de verilmistir (21-
22).

2.1. Feature Extraction

The feature extraction is the most important part of
pattern recognition and correct pattern classification key.
The purposes of the feature extraction from signals both
raise the accomplishment of classifier and reduce the
classification time. The other advantages are reduce the
processed data to minimum level, and prove safe of
recognition system. Therefore extracted features isn’t
impressed from uncontrolled parameters in system, the
extracted features should be determined (19-20). Thus, the
features may be generalized and security of systems may
be raised. Features extraction of unstable signals is
commonly interested in composition of the time-frequency
region. Thus, definitely data which includes both transient
alteration and frequency alteration can be extracted from
radar Doppler signals. In preceding studies, the stochastic
modeling methods, namely, AR(p) and ARMA(p,q) have
been applied for the classification of radar returns. They
are historically well known for resolving the spectral
peaks of a short data record, but this only cannot be the
basis for classification. The amount of clutter spectral
spread is a good indication of the source of clutter.

In there, firstly the normalized process was applied to
each of Doppler signals which to be obtained from radar
experiment set for all targets (Equation 1). Secondly, the
Periodogram was applied to be obtained from there result
signals. The Periodogram is to obtain square of amplitude
of result which to be obtained after is get discrete time
Fourier transform of signal. The Periodogram method is a
Power Spectral Density (PSD) method. Used discrete time
Fourier transform equation in this Periodogram method is
given below at Equation 2 (21-22).
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y(m) (1]

x(n+1) ==
2 y(n)
n=0

2
IS

N-1 -
X(k+1)= X x(n+1)e [2]
n=0

Burada y(n)= ayrik zamanli isaret,

N= 6rnek sayist (bu uygulama i¢in 512 &rnek alinmustir.),
n= 0rnek sayac1 (n=1,...... ,N)

x(nt+1)= ayrik zamanli isaretin Denklem
normalize edilmis hali,

X(n+1)= ayrik zamanl igaretin Fourier doniisiimii alinmig
halidir.

1’e gore

Buradan elde edilen ayrik fourier doniisiimiiniin mutlak
degerinin karesi alinarak bu sonug, drnek sayisina boliiniir
ve gii¢ spektral yogunlugu (PSD) elde edilir (Denklem 3).

PSD = i\X(k + 1)\2 (3]
N

150
Kiigiik metal plaka
100 Small metal plaque
50
0 "
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» 4000 ‘
= E Pleksiglass plaka
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o &
< 2000
0
0 200 400 600
6000 :
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y(n) (1]

x(n+1) =

> y(n)
n=0

N-I -i3%)
Xk+D= Y x(n+1e [2]
n=0
Where y(n)= discrete time signal,
N= example number (512 examples were taken for this
application ),
n= example index (n=1,...... ,N)
x(n+1)= According to Equation 1, normalized state of
discrete time signal.
X(n+1)= Fourier transform of the discrete time signal.

Firstly, square of absolute value of obtained discrete
Fourier transform is divided to example number. Thus
PSD is obtained (Equation 3).

PSD = i\X(k + 1)\2 (3]
N
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Figure 5. PSDs of fixed targets for obtained Doppler signals of radar targets
Sekil 5. Duran hedeflerin darbeli radar isaretlerinin periodogram yontemine gére gii¢ spektral yogunluklar

Sekil 5’de bu ¢alismada kullanilan her bir hedefin
periodogram  giic  spektral  yogunlugu  yontemi
uygulanmast sonucunda elde edilen giic spektrum
yogunluklart verilmistir. Bu gii¢ spektral yogunluklari,
Boliim 2’de 6zellikleri verilen deney setinden elde edilen
Doppler isaretlerinin Denklem 1°de gosterildigi gibi
normalize islemine tabi tutulmasindan sonra periodogram
giic spektral yogunluk yonteminin uygulanmas: ile
bulunmustur. Radar deney setinden elde edilen darbeli

The PSDs of fixed targets for obtained Doppler signals
of radar targets are given in Figure 5. These PSDs were
found after Equation 1-3. For obtain these PSDs, firstly
the normalized process was applied to each of Doppler
signals which to be obtained from radar experiment set for
all targets (Equation 1). Secondly, the Periodogram was
applied to be obtained from there result signals. The
Periodogram is to obtain square of amplitude of result
which to be obtained after is get discrete time Fourier
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radar isaret Oriintiisii (Doppler) isaretlerinden biri Sekil
6’da goriilmektedir.

transform of signal. One of the obtained Doppler signals
from radar experimental set is given at Figure 6.

0
5+ g
~ %10 |
= 2
TS
g
©2
15 - i
20t i
_25 L L L L L L L L L
0 50 100 150 200_ 250 300 350 400 450 500
Ornek sayisi
Sample number
Figure 6. Doppler signal of the plexiglass plaque target.
Sekil 6. Pleksiglass plaka hedefine ait darbeli radar isaret oriintiisii (doppler isareti).
3.SINIFLANDIRMA 3. CLASSIFICATION

Bu ¢alismada sirastyla yapay sinir aglar1 ve uyarlamali
ag tabanli bulanik ¢ikarim sistemi siniflandiricilan
kullanilarak hedef tanima yapabilmek i¢in Boliim 2.1°de
gosterilen Ozellik ¢itkarim yontemi kullanilarak oriintii
tanima giris uzay1 elde edilmistir.

3.1.Yapay Sinir Ag1 Simiflandiricisi

Yapay sinir aglar1 biyolojik beyin hiicresinden
geligtirilmis  olup, Orlintii tamimada ¢ok kuvvetli
siiflandiricilardir. En yaygin ve en giiglii tanimlayici
yapay sinir ag1, cok katmanli ileri beslemeli ag olup, tim
yapay sinir ag1 uygulamalarmin %90'mimi kaplamaktadir
(17). Yapay sinir aglar asagidaki karakteristiklere sahip
paralel bilgi isleme yapilaridir :

- Biyolojik bir nérondan esinlenerek matematiksel
modeli ortaya konmustur.

- Birbirine baglanan ¢ok genis
elemanlarindan olusur.

- Baglanti agirliklari ile bilgiyi tutar.

- Bir islem elamani giris uyarilarina dinamik olarak
tepki verebilir ve tepki tamamen yerel bilgilere
baghidir (ilgili islem elemanimi etkileyen baglantilar
ve baglant1 agirliklari yoluyla gelen giris isareti).

- Egitim verisi ile ayarlanan baglantt agirliklart
sayesinde Ogrenme, hatirlama ve genelleme
yeteneklerine sahiptir.

sayidaki islem

Bu iistiin o6zellikleri, yapay sinir aglarmim karmasik
problemleri ¢dzebilme yetenegini gostermektedir (23-26).
Sekil 7' de biyolojik nérondan esinlenerek ortaya konmus

In this study, the classification for target recognition
was done by using obtained features from Section 2.1 with
Artificial Neural Networks (ANN) classifier and Adaptive
Network Based Fuzzy Inference System (ANFIS)
classifier respectively. For this purpose, by using the
feature extraction method showed in Section 2.1 was
obtained input space of pattern recognition.

3.1. Artificial Neural Networks

Neural networks (NNs) have been used to model the
human vision system. They are biologically inspired and
contain a large number of simple processing elements that
perform in a manner analogous to the most elementary
functions of neurons. Neural networks learn by
experience, generalize from previous experiences to new
ones, and can make decisions. Neural elements of a human
brain have a computing speed of a few milliseconds,
whereas the computing speed of electronic circuits is on
the order of microseconds. The NNs are parallel process
elements which has characteristic in below.

- A NN is a mathematical model of a biological
neuron.

- A NN has very process elements which are related
another.

- A NN keeps knowledge with connection weights.

Neural network models provide an alternative approach
to implementing enhancement techniques. A simple
process element of the NNs is given in Figure 7. Output of
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islem elamanmin basit bir matematiksel modeli
verilmigtir. Bu modelde i islem elemaninin ¢ikisi
Denklem (4) de verilmistir.

—

m 4
yit+1)=a jélwij xj(t)—ei

Burada a(.) etkinlestirme fonksiyonu, 6, ise i. islem
elemaninin  esik degeridir. Islem elemanlarimin  bilgi
islemeleri iki kisimdan olusur : giris ve ¢ikis. Bir islem
eleman: disardan almis oldugu x; giris bilgilerini bagli
bulunduklar1 w;; agirhiklan tizerinden birlestirerek bir net
degeri tiretir. 7. islem elemaninin net degeri Denklem (5)
ile hesaplanir.

m
fiéneti:jglwij Xj_ei [5]

Her bir iglem elemanmin ikinci siireci, net degerini bir
a(.) etkinlestirme fonksiyonundan gegirerek ¢ikis degerini
bulmaktir. Etkinlestirme fonksiyonlari islem elemanlarinin
¢ok genis araliktaki ¢ikisini belli araliklara ¢ekmektedir.
Boylece her bir islem elemaninin tepkisi yumusak
olmaktadir ve baglanti agirliklarinin degisimlerinin de
daha kiiciik degerlerde olmasi saglanir. Dolayisiyla yapay
sinir agmin egitimi sirasinda, hata degisiminin iraksamasi
engellenerek kararliliga ulasmasina yardimer olunur.
Yapay sinir ag modelleri ve 6grenme algoritmalari daha
detayli olarak (19) kaynaginda bulunabilir.

Girigler / Inputs
X

Wi
Agirliklar / /
Weights \

Figure 7. The mathematical model of neuron
Sekil-7. Bir nron hiicresinin matematiksel modeli

Gelistirilen yontemin siniflandirict agamasi igin ilk
once, cok katmanli ileri beslemeli yapay sinir ag:
kullanilmigtir. Sekil 8' de kullanilan siniflandiricinin giris
cikig ikilisi goriilmektedir.

Yapay sinir aginin secilen parametreleri :

Katman sayisi : 3

Katmanlardaki (giris, ara, ¢ikig) néron sayisi : 512, 25, 6
Ogrenme algoritmasi: Uyarlamali &grenme oranli geri-
yaymim

Ogrenme oran : 0.8

Momentum katsayisi : 0.98

Toplam mutlak hata : 0.000005

Etkinlestirme fonksiyonu : Tanjant sigmoid.

g
i

iy, process element at this simple model is given Equation
4.

m
y(t+1) = a(jélwij Xj(t) - Gij [4]

In there, a(.) is activation function, 6; is threshold
value of iy process element. Knowledge processes of
process element compose from two parts: input and
output. output of iy, process element is calculated with
Equation 5 (19).

Cikislar /
Outputs

Esik /
Threshold

Firstly, multi layer neural network was used for
classification stage of the developed method (20-25).
Input-output of the used classification is showed at Figure
8.

The selected parameters of used artificial neural
network:
Layer number: 3

Neuron number of Layers (input, hidden, output): 512,
25,6
Learning algorithm: Adaptive learning rate back

propagation

Learning rate: 0.8

Momentum coefficient: 0.98

Mean square error: 0.000005
Activation Function: Tangent sigmoid.
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Figure 8. Pair of output-input of classification system
Sekil-8. Smiflandirict sisteminin giris/gikis ikilisi

Burada karar uzayi; kiigliik metal plaka, biiylik metal
plaka, pleksiglass plaka, koseli yansitici, kiire ve silindir
hedeflerinden olugmaktadir. Sekil 6' da gosterilen darbeli
radar alicisindan elde edilen isaretlere gelistirilen 6zellik
cikarma algoritmasi uygulanmustir. Elde edilen &zellikler
yapay sinir agina uygulanarak smiflandiricinin egitimi
saglanmigtir. Bir Oriinti  tanima  siiflandiricisindan
beklenen, 6zellik uzaymdaki her bir gurup ozellik icin
ayrim  fonksiyonlarin1  olusturmasidir  (27-29). Bu
baglamda, her bir hedef nesne i¢in kullanilan 1 adet isaret
Ortintiisii ile smiflandirict test edilmis olup, gelistirilen
yontem ile elde edilen Ozelliklerin yapay sinir agi

siniflandiricis1  tarafindan  dogru  bir sekilde ayirt
edilebilmelerinin  ortalama yiizdeleri Cizelge 1'de
verilmigtir. Yapay sinir agmin hedef tanimadaki

basariminin yiizde olarak hesaplanmasinda her bir hedef
icin 100 adet giriiltili test verisi kullanilmistir. Bu
giirtiltiilii test verilerini elde etmek amaciyla Gauss beyaz
guriiltiisit kullanilmigtir. Bu giirtiltii denklemi Denklem
6’da verilmistir.

o [6]

c= | —————
G\Z,\, IOSNR/IO

Burada, c¢ giriltii 6lgekleme sabiti, O 3 sinyal

varyansi, O i,
oranidir. Bu denklem kullanilarak Gauss beyaz giiriiltii
elde etmek amaciyla SNR orami swrasiyla 1, 2, 3, 4
seklinde degistirilmistir. Elde edilen giiriiltiilii test verileri
sirastyla kullanilan yapay sinir aglari ve uyarlamali ag
tabanli  bulanik ¢ikarim sistemi  siiflandiricilarinin
siniflandirma basarimlarini denemek amactyla
kullanilmugtir.

giiriltii varyansi, SNR sinyal / giiriiltii

Hundred noisy test data for each of target were used for
target recognition achievement of used neural network.
Gauss white noise (Equation 6) was used for obtain these
noisy test data. SNR ratios of this Gauss white noises were
changed 1, 2, 3, 4 respectively (25-26). Outputs of this
artificial neural network classifier formed from a decision
space = {small metal plaque, large metal plaque, Plexiglas
plaque, corner reflector, sphere, cylinder} that represents
six numbers different real radar targets.

2

Y [6]
G\2)v10§NR/10
2 .. . 2 . . .
There, G is signal variance, G, is noise variance,

SNR is signal / noise ratio, ¢ is noise scale constant (27-
29). The obtained classification performance results of the
ANN classifier are given on Table 1.
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Table 1. Achievement of ANN classifier (%)
Cizelge 1. Yapay Sinir Ag1 Smiflandiricinin Basarimi (%)

Target Type/
Hedef Nesne

Biiyiik Metal

Kiigiik Metal
Plaka

Plaka
Large metal

Small metal
plaque/

plaque/

Plexiglas
plaque/
Pleksiglass
Plaka

reflector/
Kaoseli Yansiticl
Sphere/
Cylinder/
Silindir

Corner
Kiire

Small metal plaque/
Kiiciik Metal Plaka

Nl
[os)
—

Large metal plaque/
Biiyiik Metal Plaka

—_
o
~

Plexiglas plaque/
Pleksiglass Plaka

Corner reflector/
Kaoseli Yansitici

Sphere/
Kiire

97 1

Cylinder/
Silindir

96

3.2. Uyarlamah Ag Tabanh Bulamik Cikarim Sistemi
Siniflandiricisi

ANFIS (Adaptive Network Based Fuzzy Inference
System)’in, yapisinda hem yapay sinir aglari hem de
bulanik mantik kullanilir (30-32). Yapt bakimindan
ANFIS, bulanik ¢ikarim sistemindeki eger-ise kurallar1 ve
giris ¢ikis bilgi ¢iftlerinden olusur. Ancak sistem
egitiminde yapay sinir ag1  Ogrenme algoritmalari
kullanilir. Burada ANFIS yapisint basit bir sekilde
anlatabilmek i¢in 6rnek olarak iki girisli ve tek ¢ikish bir
ANFIS yapist verilmistir. Bu ANFIS yapist asagida da
goriildiigi gibi 5 katmandan olugmaktadir. Burada x ve y
giris, z ise ¢ikis olarak almirsa temel kural yapist su
sekilde yazilabilir:

Eger x A; vey B, ise fl =pxtqyt+r

Burada p, q ve r lineer ¢ikis parametreleridir. A; ve B;
ANFIS’in giris {iyelik fonksiyonlaridir. iki girisli ve bir
cikish  bir ANFIS’in  temel yapis1 Sekil 9°da
goriilmektedir. Bu yapi, 5 katman ve 9 adet eger-ise kurali
kullanilarak olusturulmustur:

1.Katman: Bu katmandaki hiicre sayis, iki giris ve bu iki
girisin her birine ii¢ {yelik fonksiyonu tanimlandigina
gore alt1 adettir (i=6’dir). Buna gore,
O4,i=1ai(x), i=1,2,3 icin Oy =gis(y), i=4,5,6 igin [8]
Burada x ve y girislerdir. Bu katmanin ¢ikis1 kurallarin
varsayim (eger) kisimlarinin iiyelik fonksiyonlarina olan
iiyelik  dereceleridir. Kullanilan iiyelik fonksiyonu
Denklem 9°da verilmistir. Buradan da goriildiigi gibi
iyelik fonksiyonu olarak Gauss iiyelik fonksiyonu
kullanilmigtir.
MO i5(Y)= exp((—(x; —¢;)(a;)%) [9]
Burada, x ve y giris, ¢; Gauss lyelik fonksiyonu

merkezi ve a; Gauss iiyelik fonksiyonu genisligini ifade
eder.

3.2. Adaptive-Network-Based Fuzzy Inference System

Both artificial neural network and fuzzy logic are used
in ANFIS's architecture . ANFIS is consisted of if-then
rules and couples of input-output, for ANFIS (Adaptive-
Network-Based Fuzzy Inference System ) training is used
learning algorithms of neural network (30-32).

For simplicity, we assume the fuzzy inference system
under consideration has two inputs (x and y) and one
output (z). For a first order Sugeno fuzzy model, a typical
rule set with base fuzzy if-then rules can be expressed as

IfxAjveyBjthen f; =p;x+qy+y

Where, p, r, q are linear output parameters. The
ANFIS’s architecture which has two inputs and one output
is showed in Figure 9. This architecture is formed by using
five layer and nine if-then rules:

Layer-1: Every node i in this layer is a square node with a
node function.

O1,=1ai(x), for i=1,2,3 - Oy =pp;s(y), fori=4,5,6 [8]

Where x and y are inputs to node i, and A;, B; are
linguistic label associated with this node function. In order
words, O;; is the membership function of A; and B
Usually we choose pai(x) and pgi(y) to be bell-shaped
with maximum equal to 1 and minimum equal to 0, such
as

M), 183(0)= exp(—(x; — ¢;) /(a;))7) [9]

Where a;, c; is the parameter set. These parameters in this
layer are referred to as premise parameters.
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2. Katman: Burada kurallarin kesinlik dereceleri cebirsel
carpim kullanilarak bulunur (Denklem 10).

02,i=wi=HAi(X)*HBi(Y)a i=1,2,3,....,9 [10]

Buradaki O; sembolii ise her bir katman ¢ikislarini
gostermektedir.

3. Katman: Burada kurallarin normalizasyon islemi
yapilmaktadir (Denklem 11).

O3= W, =w/(wWitwyt....+wg),  i=1,2,3,.....9 [11]

4. Katman: Bu katmanda normalize edilmis her bir kural
kendine ait ¢ikis fonksiyonu ile ¢arpilir (Denklem 12).

Oy = W, *fi=w*(px+qy+1) [12]

Buradaki p, q ve r lineer parametreleri
parametreleri olarak adlandirtlir.

sonug

5. Katman: 4. Katman ¢ikiglarinin toplanarak ANFIS
cikisinin sayisal degerinin bulundugu kisimdir.

Layer-2: Every note in this layer is a circle node labelled

IT which multiplies the incoming signals and sends the
product out. For instance,

02= wi= pai(X)-peia(y),  i=1,2,3,....,9 [10]

Each node output represents the firing strength of a rule.
(In fact, other T-norm operators that performs generalized
AND can be used as the node function in this layer).

Layer-3: Every node in this layer is a circle node labelled
N. The i node calculates the ratio of the i rules firing
strength to the sum of all rule’s firing strengths:

O3 = W, =wi/(witwyt...twe),  i=1,2,3,.....9 [11]

Layer-4: Every node i in this layer is a square node with a
node function

O4,i= Wl f1= Wi'(piX + qiy + ri)’ i=1’2’35' . "59 [12]

Where, wi is the output of layer 3, and {pi, qi, ri} is the
parameter set. Parameters in this layer will be referred to
as consequent parameters.

Layer-5: The single node in this layer is a circle node
labelled >

summation of all incoming signals:

that computes the overall output as the

Os =toplam ¢ikis = 2w [13]
DW= Os = overall output = 2wk [13]
i PR Wi =<
i - Sw
Sekil 9’da iki girisli ve tek c¢ikish ANFIS’in 5 adet i
katmani verilmistir.
4. Katman
Layer-4
2.Katman 3.Katman v
Layer-2 Layer-3
1.Katman er er Xy
5.Katman

Figure 9. ANFIS architecture of 2-inputs and 9-rules.
Sekil 9. 2 girisli 9 kuralli bir ANFIS smiflandirici yapisi
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Bu 5 katmandan olusan bir ANFIS siniflandiricisinin
kullanimi Sekil 10°da goriilmektedir. 10.
Boliim 2’de ayrintilari verilen 6zellik ¢ikarma yontemi
ile elde edilen egitim verileri ANFIS siniflandiricinin
girisine verilmistir. ANFIS’in ¢ikigina ise Bolim 2.1°de
yapay sinir aglar1 simiflandiricisi ¢ikisina da verilen Karar

Using of ANFIS in this application is showed at Figure

Uzayr = {Kiigiik metal plaka, Biiyiikk metal plaka,
Pleksiglass plaka, Koseli yansitici, Kiire, Silindir}
verilmigtir.  Sekil 10’da ise ANFIS smiflandiric1 ile

siniflandirma blok diyagrami goriilmektedir.

ANFIS
siniflandirici
ANFIS
classifier

x(t) ————»

v3
=

y(®)

71

Figure 10. Block diagram of the classification with ANFIS classifier
Sekil 10. ANFIS Siniflandirici ile Smiflandirma Blok Diyagranm

Girig egitim verileri ile egitilen ANFIS siniflandirict
Bolim 2.1°de yapay sinir agi smiflandiricisinin  test
edildigi, her bir hedef i¢in Denklem 7 kullanilarak elde
edilen 100 adet giiriiltiilii test verisi ile test edilerek
siniflandirma performans: yiizde olarak belirlenmistir.
Elde edilen sonuglar Cizelge 2’de verilmistir.

Table 2. Achievement of ANFIS classifier (%)
Cizelge 2. ANFIS Siniflandiricinin Bagarimi (%)

Hundred noisy test data for each of target were used for
target recognition achievement of used ANFIS. Gauss
white noise (Equation 6) was used for obtain these noisy
test data. SNR ratios of this Gauss white noises were
changed 1, 2, 3, 4 respectively (25-26). Outputs of this
artificial neural network classifier formed from a decision
space = {small metal plaque, large metal plaque, Plexiglas
plaque, corner reflector, sphere, cylinder} that represents
six numbers different real radar targets. The obtained
classification performance results of the ANFIS classifier
are given on Table 2.

Target Type/
Hedef Nesne

Biiyiik Metal

Kiiciik Metal
Plaka

Plaka
Large metal

Small metal
plaque/

plaque/

Plexiglas
plaque/
Pleksiglass
Plaka
reflector/
Koseli Yansiticl
Sphere/
Cylinder/
Silindir

Corner
Kiire

Small metal plaque/

Kiiciik Metal Plaka 100

Large metal plaque/
Biiyiik Metal Plaka

Plexiglas plaque/
Pleksiglass Plaka

Corner reflector/
Koseli Yansitici

Sphere/
Kiire

- - 100 1

Cylinder/ B
Silindir

- - - 99

4. SONUC VE DEGERLENDIRME

Geligtirilen ozellik ¢ikarma yontemi, darbeli radar
isaretlerine uygulanarak %100 dogru bir sekilde ayrim
fonksiyonlarmin olusmas: sirasiyla yapay sinir agr ve
uyarlamali ag tabanli bulamk g¢ikarim  sistemi
siniflandiricilar araciligr ile saglanmistir. Ayrica Cizelge

4. RESULTS AND CONCLUSIONS

Improved feature extraction method was applied to
pulsed radar signals, and clear differences among
differentiation percents. These signs have been described
how the extracted from natural inputs are effective and
powerful. The differentiation function at the decision
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1 ve Cizelge 2’de de goriilebilecegi iizere, ayrim
fonksiyonlart arasinda oldukc¢a belirgin farklar oldugu
tanima yiizdelerinden anlagilmaktadir. Bu gostergeler
dogal giriglerden ¢ikarilan ozelliklerin ne kadar etkili ve
gicli oldugunu betimlemektedir. Yine sistemin karar
uzaymdaki ayrim fonksiyonlarinin ¢ok belirgin olusu,
ozellik vektorii igin secilen 6zelliklerin bagka bir igleme
gerek kalmadan sistemi en iyi bir bigimde 6zetledigini ve
secilen ozelliklerin giivenirliliginin ispat1 olmakla birlikte
siniflandirici olarak yapay sinir aginin veya uyarlamali ag
tabanli bulanik ¢ikarim sisteminin kullanimi sisteme
ogrenme ve Ogrendiklerinden karar ¢ikarma 6zelligi
katmaktadir. Bununla  birlikte yapay sinir ag1
smiflandiricisi ile uyarlamali ag tabanli bulanik g¢ikarim
sistemi siniflandiricisi arasindaki en biiyiik farkin yapi
bakimindan yapay sinir ag1 smiflandiricisina gére daha
karmasik olan uyarlamali ag tabanli bulanik ¢ikarim
sistemi simniflandiricisinin egitim asamasinin yapay sinir
ag1t siniflandiricist egitimine gore biraz daha yavas
oldugudur. Buna karsin tanima performanst bakimindan
Cizelge 1 ve Cizelge 2’den de goriilebilecegi gibi
ANFIS’in YSA (Yapay Sinir A§1) ’ya gore ¢ok az bir
ustiinliigiinden soz edilebilir. Bu ydntemler sayesinde
gerceklestirilebilecek basit yapili akilli tani sistemleri, ¢ok
genis bir sahada uygulama alani bulabilir.

Ilerde bu alanda yapilabilecek cahigmalarda, 6zellik
cikarimina c¢evre ve giiriiltiiden daha az etkilenen kararli
bir yapt kazandirllmasiyla, radar sistemlerinde hedef
kimligi hakkinda bilgi edinme g¢alismalar1 pratik sartlar
altinda kullanilabilecektir.

KAYNAKLAR/ REFERENCES

space of the system is very clear.

Therefore the features which are selected for feature
vector is summarized very well without using another
operations, and yet it proves the reliability of the selected
features as a classifier, the use of ANFIS add the features
of the learning and the reaching a decision to the system.
However the most important difference between ANN
classifier and ANFIS classifier is that the training stage of
the ANFIS system classifier is shower than the ANN
classifier. However from the point of the view of
recognition performance, we can mention just a little
superiority of ANFIS than ANN classifier (Table 1 and
Table 2). In this way the basic built intelligent diagnosis
systems are used in a very big area.

At the future studying about this area, if one can be
acquired a structure about feature extraction which is less
effected from the environment and noise, the effort of the
getting information from the at the practical conditions
may be used at the radar system about the target identify.

1. Ahern]J., Delisle G. Y., etc. Radar, Lab-Volt Ltd., vol. 1, Canada, (1989).

2. Madrid JJ. M., Corredera J. R. C, Vela G. M., “A neural network approach to Doppler-based target

classification”, Radar 92. International Conference, Brighton, England , 450453, (1992).

3. Swiatnicki Z., Semklo R., “The artificial intelligence tools utilization in radar signal processing”, 12th International
Conference on Microwaves and Radar (MIKON '98), Vol. 3, Krakow, Poland, 799 —803, (1998).
Jakubiak A., Arabas J., Grabczak K., etc., “Radar clutter classification using Kohonen neural network”, Radar 97
(Conf. Publ. No. 449), Edinburgh , UK, 185 —188, (1997).

5. Tang B., Jiang W., Ke Y., “Radar signal classification by projection onto wavelet packet subspaces”, CIE
International Conference of Radar Proceedings, Beijing, China, 124—126, (1996).

6.  Beastall W. D.,” Recognition of radar signals by neural network”, First IEE International Conference on Artificial
Neural Networks, (Conf. Publ. No. 313), London, UK, 139-142, (1989).

7. Application of pattern recognition techniques for early warning radar, Nasa Technical Reports, AD-A299735, Mar
29, (1995).

8.  Guangyi C., “Applications of wavelet transforms in pattern recognition and de-noising”, Concordia University
(Canada), (1999).

9. Sowelam S.M., Tewfik A.H., “Waveform selection in radar target classification”, IEEE Transactions on
Information Theory, Vol. 46, 1014 —1029, (2000).

10. Kempen L.V., Sahli H., Nyssen E., etc., “Signal processing and pattern recognition methods for radar AP mine

detection and identification”, Second International Conference on the Detection of Abandoned Land Mines,
(Conf. Publ. No. 458), Edinburg, UK, 81-85, (1998).

271



272 G.U. J. Sci., 18(2):259-272 (2005)/ Engin AVCI* Ibrahim TURKOGLU, Mustafa POYRAZ

11. Noone G.P., “A neural approach to automatic pulse repetition interval modulation recognition”, Information
Decision and Control, IDC 99 Proceedings, Adelaide, Australia, 213-218, (1999).

12. Zyweck A., Bogner R.E, “Radar target recognition using range profiles”, IEEE International Conference on
Acoustics, Speech, and Signal Processing, ICASSP-94., vol. 2, Adelaide, Australia, I1/373 -11/376, (1994).

13.  Roome S.J.,”Classification of radar signals in modulation domain”, Electronics Letters, vol.28, 704 —705, (1992).

14. LiuJ., Gao S., Luo Z.Q., etc., “The minimum description length criterion applied to emitter number detection and
pulse classification, Statistical Signal and Array Processing”, Proceedings., Ninth IEEE SP Workshop, Portland,
Oregon, USA, 172 —175, (1998).

15. Richards M. A., Fundamentals of Radar Signal Processing, Georgia Institute of Technology, (2000).

16.  Ahern J., Delisle G. Y., etc. Radar, Lab-Volt Ltd., vol. 2, Canada, (1990).

17. Rothe H., Approaches to Pattern Recognition, Advanced Pattern Recognition Techniques, NATO-RTO Lecture
Series 214, Lisbon Portugal, 1-1, 1-29. (1998).

18. Duda R.O., Hart P.E., “Pattern Classification and Scene Analysis”, Stanford Research Institute, (1989).
19. Bishop C.M., Neural Networks for Pattern Recognition, Clarendon Press, Oxford, (1996).

20. Kil D.H., Shin F.B.,”Pattern Recognition and Prediction with Applications to Signal Characterization”, AIP Press,
USA, (1996).

21. Turkoglu, 1., “Automatic Target Distance Recognition by Using Continuous Wave Radar Doppler Signals and
Artificial Neural Networks”, DAUM, 1, 80-87, Elazig, (2002).

22. Turkoglu, I., “An Intelligent Pattern Recognition for Non-stationary Signals Based on The Time — Frequency
Entropies”, PhD Thesis, Firat University Graduate School of Natural and Applied Sciences, Elazig, 40-47, (2002).

23. Percival D. B., Walden A. T., “Spectral analysis for physical applications:Multitaper and conventional univariate
techniques”, Cambridge University Press., New York (1993).

24. LinC. T, Lee C.S.G., “Neural Fuzzy Systems”, Prentice-Hall, (1996).
25. Zurada, M.J., “Introduction to Artificial Neural Systems”, West Publishing Company Inc., New York, (1992).
26. Turkoglu, 1., Arslan A., “Power spectrum of the AR model and feature extraction method based on artificial neural
network for target classification”, Gazi University, Technical Education Faculty, Journal of Polytechnic , 5(2) , 121-

127, May, (2002).

27. Kara 8., “Doppler cihazi ve autoregresif spektral analiz metoduyla mitral ve trikiispit kapaklardaki kan akisinin
incelenmesi”, Doktora tezi, Erciyes Universitesi Fen Bilimleri Enstittisu, 15-20, (1994).

28. Yiiksel M. E., “Ultrasonik Doppler Isaretlerinin Bilgisayar Destekli Analizi”, Y. Lisans tezi, Erciyes Universitesi Fen
Bilimleri Enstitusl, 25-43, (1993).

29. Turkoglu I., Arslan A., “Optimisation of the Performance of Neural Network Based Pattern Recognition Classifiers
with Distributed Systems”, |IEEE Computer Society, International Conference on Parallel and Distributed
Systems (ICPADS’2001), ,Kyong Ju, Korea, 379-382 (2001).

30. Kosko, B., Neural Networks and Fuzzy Systems, A Dynamical Systems Approach, Englewood Ciffs., NJ: Prentice
Hall, (1991).

31. Jang,J. S. R,, Sun, C. T., “Neuro-Fuzzy Modeling and Control”, Proceedings of the IEEE, vol. 83, No. 3, (1995).
32. Jang, J. S. R., May., “ANFIS: Adaptive network-based fuzzy inference systems”, IEEE Trans. Syst., Man. and
Cybern., vol. 23, 665-685., (1993).

Received/ Gelis Tarihi: 09.12.2003  Accepted/Kabul Tarihi: 22.10.2004



