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IpakTnyeckasi 3HAYUMOCTB. J[oka3aHa S(PHeKTHBHOCTH
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Hrst. OHa TTO3BOIIIET OOXOMUTHCS O3 OOJIBIIIOTO KOJIMYECTBA
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JIOEMKOCTb 3KCIIEPUMEHTOB U MOBbIIIACT 3)PEKTHBHOCTb.
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Purpose. The purpose of image feature classification is to divide an image into several meaningful regions according to
certain features, making these features the same or similar in a certain region but significantly different in different regions. In
this paper, we will investigate the role of neural network and particle swarm optimization (PSO) in the image feature classifi-

cation.

Methodology. We propose the image feature classification method that combines PSO with neural network. BP neural
network has been extensively applied in feature classification and it can classify specific objects or features through early
learning, however, BP neural network algorithm also has many defects, including slow convergence speed and easiness to be
trapped in local optimum. PSO optimized neural network fully exhibits its global search ability and parallel operation ability.

Findings. Firstly, we take the gray image with specific object as the object to be segmented, study the samples with PSO
neural network and get the training network. Secondly, we take the pixel matrix of the image as the input vector and put in the
well-trained network for classification. Finally, the image feature classification can be realized.

Originality. We made a study of image feature classification based on the particle swarm optimization neural network.
We discussed the theory of image feature classification, basic principles of PSO and neural network.

Practical value. We have also conducted the simulation experiment to confirm that the method suggested in this paper is
a feasible one. We have proved that it has higher convergence speed and stronger robustness. Through the highly-efficient
processing, this method can obtain important information and achieve excellent effect when used in the segmentation of the

objects in complicated scenes.

Keywords: gray image, feature classification, particle swarm optimization, BP, neural network, segmentation

Introduction. Image feature classification is one of
the basic questions of image processing and computer vi-
sion, and it has gained more and more attention in the
field of image analysis and processing in recent years.
Due to gray scale, frequency spectrum, texture and so on,
posed in images, it becomes a complex task to be solved
[1]. Image segmentation, object separation, feature ex-
traction and parameter measurement will transfer the
original image into a more abstract and compact form,
making it possible for high-level analysis and under-
standing. Image feature classification is the foundation of
image understanding and recognition and the research on
image feature classification has always been a research
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hotspot of digital image processing techniques, and it is
also a key step of image analysis [2].

Image feature classification serves as a connecting
link in the image engineering and it lies between the low-
and high-level processing. Although foreign scholars
have made extensive research on the techniques of image
feature classification, it is still very difficult to find a re-
liable image feature classification method. Every seg-
mentation algorithm performs the segmentation by using
certain specific characteristics of the image. The algo-
rithm suitable for the segmentation of a certain kind of
image may not be able to do the segmentation on another
kind or it is possible that different segmentation methods
are required in segmenting different regions of the same
image [3]. Many current techniques are not fit for real-
time or approximate real-time processing. So far, an in-
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creasing number of scholars have begun to apply such re-
search achievements as intelligent algorithm theory, neu-
ral network, fuzzy theory and wavelet transform theory
into the image feature classification, thus bringing ad-
vanced image feature classification techniques, which in-
tegrate specific mathematical methods into being. This
paper considers image feature classification as a kind of
classification problem. With such advantages as self-
organization and intelligence, PSO optimized neural net-
work fully exhibits its global search ability and parallel
operation ability, classifies and recognizes the image
pixels at the tiny cost, realizes the segmentation and im-
proves the performance of image feature classification.

This paper firstly introduces the theory of image fea-
ture classification and then it analyzes the basic princi-
ples of PSO and neural network. After that, it designs an
image feature classification method based on the opti-
mized neural network of PSO. Finally, it proves that the
method of this paper works through the analysis and
summarization of the experimental simulation.

Image feature classification. Definition of image
feature classification. The purpose of the classification
of image features is to divide an image into several
meaningful regions according to certain features (i.e.
gray scale, frequency spectrum and texture), making the-
se features the same or similar in a certain region but sig-
nificantly different in different regions. Image feature
classification shall include the following characteristics:

(1) Different separated regions have similarity to-
wards certain feature (i.e. grayscale and texture) and the
regions are interconnected without too many holes.

(2) Similar regions are greatly different in the fea-
tures on which threshold segmentation is based.

(3) There is a clear-cut boundary between the regions.

The mathematical form of image feature classifica-
tion is defined as follows: A4 is the image, g means having

similar characteristics and image feature classification
decomposes A inton, namely7i,i=1,2,3,...,n, which
meet the following conditions:

(l)gTi = AT, AT, =®,Vi, j,i#j-

2) Vi, j=12...,n,g(Ti) =Ture .

) Vi, j# j,g(TiUTj) = Falase .

Condition (1) shows that the segmented regions need
to cover the entire image, but different regions do not
overlap with each other, Condition (2) suggests that eve-
ry region has similar property and Condition (3) indicates
that the neighboring two regions cannot be merged as
one region due to different properties. If the constraints
to maintain regional connectivity are canceled, the divi-
sion of the pixel set is called pixel classification and eve-
ry pixel set is a Class [4].

Image feature classification methods based on
a threshold. Tmage thresholding segmentation is a tradi-
tional and commonly-used image feature classification
method and it is especially suitable for the images with
object and background occupying different grayscale
ranges because of its simple realization, little computa-
tion and stable performance. The boundary of a system is
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a threshold, its numeral value is called threshold value
and the “threshold value” command of the image is to
convert a gray or colored image into black-and-white im-
age with high contrast. The command of “threshold val-
ue” is of great significant to determine the brightest and
the darkest regions. The purpose of image thresholding is
the divide the pixel sets according to the grayscale and
every sub-set forms a corresponding region to the real
scenery. Every region has the same property while the
neighborhood region has a similar property. Such divi-
sion can be realized by selecting one or more thresholds
starting from the grayscale.

Thresholding method is a common image feature
classification method which splits the interested objec-
tive from the background of the image. Assume that the
original image is /(x,y) and the threshold method deter-

T,,(N>1)in the
image /(x,y) according to certain rules. Classify the im-

mines several threshold value 7,,7,,...,

age features into several parts with these thresholds and
the segmented image can be represented as follows

L, i Iey)>T,

Ly, if Ty, <I1(x,y)<T, (1)
R(x,y) = :
LTSI <T,

L, if I(x,y)<T,

Here,L,,L,, -, L, are the grayscale of the resulting im-

age. If N =2, the segmentation steps above are also called
the image binarization based on thresholding method. The
selection of threshold is determined according to the spe-
cific questions. As for the given image, the optimal thresh-
old can be determined by analyzing the histogram. For ex-
ample, when the histogram lies in two peaks, the midpoint
of the two peaks is selected as the optimal threshold [5].

It is especially suitable for the image the object and
background of which occupy different grayscale ranges. It
can greatly compress the amount of data and significant
simplifies the analysis and processing steps. In the specific
implementation of thresholding segmentation, the selec-
tion of local segmentation threshold is usually realized by
controlling the selection range of threshold, namely to di-
vide the original image into smaller images and segment
every smaller image with different thresholds according to
the local characteristics of the image [6]. Thresholds are
divided into global threshold, local threshold, and dynamic
threshold.

(1) Global threshold: This threshold depends on the
image grayscale and it is only related to the characteristics
of the pixels of every image.

(2) Local threshold: This threshold relies on the image
grayscale and certain local characteristics of the neighbor-
hood, namely it is related to the characteristics of a local
region.

(3) Dynamic threshold: This threshold is determined
by the space coordinate, which means that the threshold is
related to the coordinate.

Description of particle swarm optimization. Similar
to other evolutionary algorithms, PSO also uses the concepts
such as swarm and evolution and it searches the optimal so-
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lution in the complicated space through the collaboration
and competition among the individuals. PSO generates the
initial population, namely randomly initializes a group of
particles in the space of feasible solutions. Every particle
may be a feasible solution to the optimization problem and a
fitness value is determine by the object function. PSO con-
siders every individual as a particle with no volume and
weight in an n-dimensional search space. Every particle
moves in the solution space and its direction and distance
are determined by a speed. Generally, the particle will move
by following the current optimal particle and get the optimal
solution through search generation by generation. In every
generation, the particle will track two extremums: one is the
optimal solution ppest it has found and the other is the op-

timal solution gpest the entire population has found.

Assume that in D-dimensional search space, there are
m particles forming a group, the position of the ith parti-
cle is represented asx, =(x,,x,,...,x,)in D-dimensional

space, the best position (with the best fitness) the ith par-
ticle has passed is marked asP. =(p,,p,,,..., p,,)and the

flying speed of every particle is

l/i = (vil’vi27""viD)9
i=1,2,...m. In the entire group, the best positions which all
particles have passed are p =(p,.p,,....,p,,) and the par-

ticles of every generation will update their own speeds and
positions according to the following formulas:

Vig =WV 1 (D — X)) F 601 (pgd =X4)> (2)
Xia = Xig ¥ Vi + 3)

Here, w is the inertia weight, ¢, and c, are learning factors
and 7 and 7, are random numbers within [0,1]. The inertia

weight w describes the influence the speed of the particle in
the last generation has on that of the current generation. To
control its value can adjust the global and local optimization
abilities of PSO [7].

Basic principle of BP neural network. BP (Back Prop-
agation) network is a multi-layer feed forward network and
it is one of the most extensively used neural network models
at present. BP network can learn and save plenty of input-
output mode mapping relations without revealing the math-
ematical equation, which describes such relation in advance.
Its learning rule is to use the steepest descent method, which
keeps adjusting the weight and threshold of the network
through back propagation so as to minimize the sum of the
squared network error [8]. The topological structure of BP
neural network model includes: the input layer, the hidden
layer and the output layer, as indicated in fig. 1.

A standard BP network model is consisted of three
neuron layers: the input layer, the hidden layer and the
output layer (from left to right). Neuron is the most fun-
damental component of neural network. The neighboring
neurons are fully-connected, that is to say, every neuron of
the next layer is fully connected with every neuron of the
current layer and the neurons of the same layer are also
fully connected [9]. BP neurons are similar to other neu-
rons and the difference is that the transmission function of
BP neurons are non-linear functions. The commonly used
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functions include logsig and tan-sig and some output layer
may select linear function like purelin.

Fig. 1. BP network model

Image feature classification based on PSO neural
network. The training sample in the simulation experi-
ment of this paper is one-dimensional vector of P=[0:1:255]
and it represents the 256 grayscale of the image. The object
sample of this experiment is a 256x1 matrix with 1-100 as 0
and 101-256 as 1. The main parameters of this experiment
is as follows: the maximum number of network training is
5000, the maximum number of generations is 200, the
number of individuals is 30, the number of independent
variables of the fitness function is 5 and the fitness limit is
0.00001. The construction process of PSO neural network is
indicated as fig. 2.

Put the above input samples and object samples into
the built BP neural network and PSO neural network re-
spectively and get the following results.

Through the comparison of fig. 3, 4, it can be seen
that BP neural network has numerous trainings, long
training time and it is difficult to converge to the mini-
mum error. Its trainings are as many trainings as 5000 and
its error is only converge to 0.01, which is far away from
0.00001, therefore, it is obvious that BP neural network is
low in training and learning efficiency and its operating
time is low. On the contrary, PSO neural network can
converge to the preset minimum error after only 180
trainings. Through this simulation experiment, it can be
seen that PSO algorithm can greatly optimize the perfor-
mance of neural network, find the optimal solution at a
shorter time and resolve the problems in a faster and
more accurate manner [10].

Experimental simulation and analysis. The image
feature classification method based on the neural network
of PSO mainly includes two parts: the first is to conduct
learning training on the samples with PSO neural net-
work, the second is image feature classification, and its
main steps are as follows:

(1) After determining the object to be segmented, ab-
stract the samples of various classes as the initial training
samples of the neural network.

(2) Train PSO neural network. This is an extremely
important step because it manifests the differences from
the traditional segmentation algorithms and it is a learn-
ing and training process. Through continuous learning
and training, it enhances the understanding of PSO neural
network on the segmentation problem and it can natural-
ly separate different classes.
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Encode the weight and threshold of the network select the form of
PSO operation and determine the PSO parameters

v

Initialize the population and the population size is N

[
v

Obtain the weights and thresholds of N groups of network and generate
N networks with the same network structure

v

Calculate the network error of the generated network the smaller the
error, the bigger the fitness

v

Perform PSO operations according to the fitness evaluation select the
parameters and generate a new generation of population

Whether to terminate or not

Decode and restore as the corresponding weight and threshold to the
network and get the PSO neural network model

v

Give the prelimarily obtained weight and threshold to the network and
conduct simulation

End

Fig. 2. Flowchart of BP neural network optimization by PSO
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Fig. 3. BP neural network training chart
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Fig. 4. PSO network training chart
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(3) Read the image, get its pixel matrix and obtain the
input vector by conducting dimensionality reduction on
the matrix.

(4) Train the input vector by using the well-trained PSO
neural network and the final output vector is the classifica-
tion result of the image. Every sample to be classified is a
corresponding pixel point/ in the image 7, send this

sample into the PSO neural network psonn for classifica-
tion, get an output value O, and classify the pixels accord-

ing to this out-put value.

O, = psonn(l;) ; 4
U,0, 204 5)
71G,0,<06 "

Here,U is the objective region, Gis the background
region and / is the segmented image.

(5) Restore the classification result from one-
dimensional vector array into image matrix form and
show the segmentation result.

In order to verify the effectiveness of this algorithm,
this paper makes comparison experiment between PSO
neural network method and Otsu method with Matlab
test image as the object. The computer used in this exper-
iment is configured as follows: CPU is Intel (R) Core
(TM) i5 CPU@1.40GHz, internal memory is 4G, operating
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system is Windows7 and the programming environment
is 64-bit MATLAB R2012a. The comparison of the image
feature classification effects is indicated as fig. 5.

It can be seen from fig.5 that the segmented result of
Otsu method is just the outline of the objective and
some features in the region can’t be extracted while that
of PSO neural network is obviously much better. It per-

forms well in the objective outline and the regional de-
tails, it makes uniform segmented image regions and
accurate boundary shape and it balances the segmenta-
tion accuracy and the preservation of the image details
well. Therefore, it has higher segmentation accuracy
and better segmentation result compared with Otsu

method.

®6

a

9}

Fig. 5. Image feature classification effect comparison: a — Original image; b — PSO neural network; ¢ — Otsu method

Conclusion. Image feature classification is to esti-
mate the segmented feature graph of the image to be pro-
cessed. Through the description of the segmentation re-
sult, the relating information contained in the image can
be understood. This paper has proposed an image feature
classification method based on PSO optimized neural
network. To design the weight and threshold with PSO
can avoid such shortcomings that BP algorithm is easy to
be trapped in a local minimum, it has slow training
speed, its error function must be derivable and its error is
big and greatly improve the learning performance of the
network. The simulation experiment proves that PSO
neural network has an excellent effect and it is a feasible
image feature classification method.
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Merta. O3HakoBa kiacuikaris 300paKeHHs HAaIlpaB-
JIeHa Ha PO3JiNeHHs 300pakeHHs Ha JeKijbka iHpopMma-
THBHUX JIIISHOK 3a IIEBHOIO O3HAKOIO, €UHO0 ab0 CXO0-
KOO TSl YaCTHH 300pa)keHHS BCEPEINHI OHIET TUISTHKH,
1 10 3HAYHO BIJPI3HSETHCS JUIsL PI3HUX JUISTHOK 300pa-
KEeHHsI. Y poOOTI MM BUBYMMO POJIb HEHPOHHOI MepeKi
Ta METOJy POI0 YacTOK 3a O3HAKOBOI Kiacudikamii 30-
OpakeHHSI.

Metoauka. 3anponoHOBAaHO METOJ[ O3HAKOBOI Kia-
cudikarii 300paxxeHHsl, 0 00'€IHy€E METO/ PO YaCTOK
Ta HeHpoHHY Mepexy. HelipoHHa Mepexa 31 3BOPOTHHM
NOIIMPEHHSIM TOMHJIKH LIMPOKO 3aCTOCOBYETHCS JUIS
03HAKOBOI Kiacudikaiii Ta Moxe Ki1acu]pikyBaTu KOHK-
peTHi 00'ekTH 200 BIACTUBOCTI 3aBISIKH JIETKiil HABYCHO-
cti. Ilporte, anroput™ HEHPOHHOT Mepexi 31 3BOPOTHUM
MOLIMPEHHSIM MTOMHUIIKA Ma€e 0arato HeIOJIIKIB, BKIIOYa-
FOYU TOBUIbHY 30DKHICTH 1 CXHMJIBHICTH 10 MOMAJaHHS B
[IaCTKy JIOKaJIbHOro ontuMmymy. HeliponHa mepexa, om-
THUMIi30BaHa METOJIOM POIO YaCTOK, IEMOHCTPYE 37aTHOC-
Ti MOLIYKY IO BCil 00MacTi Ta po3mapajeroBaHHIO 00-
YHCIICHb.

PesyabTaTn. Crioyatky ajs cerMeHTauii 3acTOCOBY-
BaJIN IIBTOHOBE 300pakKEHHS MEBHOTO 00'€KTy (y BiATIH-
Kax ciporo), BUBYAJIM 3pa3KH 3a JOTIOMOTOI0 HEHpPOHHOT
Mepexi, ONTUMI30BaHOT METOJOM pOI0 YacTOK, H OTpH-
MyBaJH 3aci® HaB9aHHS Mepexi. Jlami, B AKOCTi BUXiTHO-
TO BEKTOpa, MpuiiMaacs MiKcelbHa MaTPHUILI 300pakeH-
HSI Ta TOMillaacs 10 HABYCHOI HEUPOHHOT Mepexi Juis
knacudikamii. TakuM 4yrHOM 3MiliCHIOBaNlacsi 03HAKOBA
KJacudikaris 300pakeHHsI.

HaykoBa nHoBu3HA. BuBueHa o3HakoBa kiacugika-
1ist 300pakeHHs, 3aCHOBaHA Ha HEMPOHHIN Mepexi, orm-
THUMIi30BaHii METOZOM pOI0 YacToK. Po3risiHyTa Teopis
03HaKoBOI KiacH(ikaiii 300payKCHHsI, OCHOBHI ITPHUHIIH-
IT1 METO/1y POIO YaCTOK I HEHPOHHOT MEPEexKi.

IpakTnyna 3naunmicTh. [IpoBeneHoO excriepuMeHT
3 MOJICJIIOBaHHS 3 METOIO IMiITBEPDKEHHS 3/1iHCHEHHOCTI
METOoJly, BHKJaJaeHoro y crarrti. JloBegeHo, 1o Meron
XapaKTepU3yeThCsl MIBHJIILIOI 30DKHICTIO Ta OLIBIIOI0
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MOMMJIKOCTIMKICTIO. 3aBJSIKM BUCOKIH e(eKTHBHOCTI
OTO METOJy MOXKHa OTPUMYBAaTH BaXIUBY iH(opMa-
IiF0 Ta JIOCATATH BIAMIHHUX PE3YJIbTATIB IPU CETMCHTA-
1ii 00'€KTIB y CKIIQJHUX CIICHAX.

KawuoBi cioBa: 300pasicenns y @iominkax cipoeo,
03HAK0BA KAACUDIKAYLT MEMOOOM POIO HACMOK, 360POMHE
NOWUPEHHSI NOMUWIKU, HEUPOHHA MEPENCA, Ce2MEeHMayis

Hean. INpusnakoBas kiaccudukaims H300payKeHUS
HaIpaBJICHa Ha pa3JielieHne N300pakeHNs Ha HECKOJIBKO
n(pOpPMATUBHBIX YYACTKOB 10 OTPE/ICIICHHOMY IIPU3HAKY,
€IMHOMY HJIM CXOXKeMY JJIsl YacTeil M300paKeHus! BHYT-
pPY OJHOTO y4yacTKa, M 3HAYUTEIBHO OTIHNYAIOIEMYCS
JUISL pa3HbIX Y4acTKOB M300paxxeHusi. B pabore Mbl u3y-
YUM pOJIb HEHPOHHOHM CETH M MeToJa posi YacTHIl NpH
MIPU3HAKOBOW KJIacCU(UKALIUKI N300paKEHHMSI.

Metoauka. Ilpennoxen MeToJ NMPU3HAKOBOM Kiac-
cU(UKAK H300paXKEeHUsI, OOBEIUHAIOMNNA METON posi
YacTHIl M HeHpoHHyIo ceTh. Heliponnas cetb ¢ oOpat-
HBIM PacHpOCTPAaHEHUEM OIIMOKM IIMPOKO MPUMEHSETCS
JUT TIPU3HAKOBOHM KIIaCCH(UKAIIMN M MOXKET KIacCu(u-
IIMPOBATh KOHKPETHBIE OOBEKTHI MM CBOMCTBA Oiaroja-
ps nérkoit ooyuaemoctu. OJJHAKO, aJrOPUTM HEHPOHHOU
CeTn ¢ OOpaTHBIM PACIPOCTPAHEHHEM OLIMOKH HMeEeT
MHOTO HEJOCTATKOB, BKJIIOYas MEIUICHHYIO CXOJMMOCTh
Y CKJIOHHOCTb K TIOTIaJJaHUIO B JIOBYIIKY JIOKaJIBHOTO OII-
tuMyMa. HelipoHHast ceTb, ONTUMH3UPOBaHHAsT METOJIOM
posi YacTul], AEMOHCTPHPYET CHOCOOHOCTH MOHWCKa IO
Bcelt 00I1acTH M pacriapauIeIMBaHUI0 BEIYHCICHUH.

PesyabTarnl. CHavanma ajis CErMEHTAlWH HPUMEHSIIN
TIOJTYTOHOBOE M300pakeHNE OTIPEACIICHHOTO 00heKTa (B OT-
TEHKaxX Ceporo), U3y4alii 00pasiibl C MOMOILbIO HEHPOHHOM
CETH, ONITUMHU3UPOBAHHON METOIOM POSI YaCTHII, U MOJTyda-
JIM cpesIcTBO 00y4eHus cetu. [lanee, B Ka4eCTBE UCXOHOTO
BEKTOpA, IIPUHAMAJIACh MTUKCEIbHAsI MaTpULa H300pasKEeHHs
W ToMeniaiiach B 00y4YeHHYIO HEHPOHHYIO CeTh UIsl Kilac-
cu¢ukarmy. Takum 00pazoM NPOM3BOAMIIACH TIPU3HAKOBAs
KiaccH(UKaIys N300paskKeHusI.

Hayunasi HoBu3Ha. M3yueHa mpu3HAKOBas KIIacCH-
(ukanus n300pakeHNs, OCHOBAaHHAS Ha HEHPOHHOH ce-
TH, ONITUMU3UPOBAHHOM METOOM posi yacTul. PaccmoT-
peHa Teopusi TPU3HAKOBOM KiIacCH(UKAINU H300pa-
JKEHUs, OCHOBHBIC TIPUHIMIIBI METOJA POSl YacTUIl U
HEWPOHHOM ceTu.

IIpakrnueckas 3HayuMocTb. llpoBeneH skcnepu-
MEHT 0 MOJICIMPOBAHHIO C LIEJbIO MOATBEPIKACHUS OCY-
HIECTBUMOCTH METO/Ia, U3JI0KEHHOT0 B cTaThe. J{okazaHo,
YTO METOJI XapaKTepusyercsi Oosiee OBICTPON CXOAUMO-
CTBIO U OOJBIIEH OIMIMOKOCTOMKOCTBIO. biaromapst BbICO-
KO 3((PEKTHBHOCTH 3TOr0 METOAa MOXHO IOJydYaTh
BOKHYIO MH(OPMAIIMIO U JOCTHIaTh OTJIMYHBIX Pe3yJIbTa-
TOB IIPU CETMEHTAIMN OOBEKTOB B CIOKHBIX CIIEHAX.

KioueBbie ciioBa: uzobpasicenue 6 ommenkax cepo-
20, NPUHAKOBASL KNACCUPUKAYUU MEMOOOM POs 4aACUY,
obpamnoe pacnpocmpanenue ouwuoKu, HeliporHnas cemo,
ceamenmayus

Pexomenoosano oo nybrikayii 0okm. mexH. HAyK
B.B. I'namywenxom. Jlama Ha0X00d#CeHHA PYKONUCY
15.10.14.

ISSN 2071-2227, HaykoBun BicHuK HI'Y, 2015, N2 5



