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Purpose. Artificial neural network has been successfully applied in such fields as pattern recognition, intelligent control,
combinatorial optimization and prediction. The integration of neural network and other traditional methods will promote the
continuous development of artificial intelligence and information processing technology. The research combined Orthogonal
Genetic Algorithm (OGA) and BP neural network. We have obtained an improved neural network-OGANet, which is helpful
and effective for optimizing feed-forward neural network weight.

Methodology. In order to resolve the defects of the traditional BP network learning method: the tendency to be trapped in
local extremum and low learning precision, we proposed a learning method to optimize BP neural network weight based on
orthogonal genetic algorithm, which not only exerts the non-linear mapping capacity of BP neural network, but also strength-
ens the BP neural network learning ability.

Findings. The fundamental artificial neural network and orthogonal genetic algorithm were introduced. Then, we obtained
the OGANet algorithm, and proved its effectiveness. The experimental result showed that the OGANet has high precision in
learning, fast convergence speed and shows better performance than other neural network learning methods.

Originality. We made a study of optimizing feed-forward neural network weight based on orthogonal genetic algorithm.
The analysis of the training results of the improved network has proved that the OGANet not only has fast training speed, but
also, to certain extent, overcomes the tendency to be trapped in local minimum, which is a shortcoming of traditional BP neu-
ral network.

Practical value. The non-linear and self-adaptive information processing capacity of the neural network overcomes the
defects of traditional artificial intelligence methods. This method effectively combines the advantages of genetic algorithm
and BP neural network and it gives an excellent compromise between the global search of orthogonal genetic algorithm and
the global development of BP network.

Keywords: orthogonal genetic algorithm, BP neural network, weight optimization, global search, local minimum, learn-

ing precision

Introduction. The structure and working mechanism of
artificial neural network (ANN) is on the background of the
organizational structure (the network of brain neurons) and
the activity rule of the brain and it reflects certain basic char-
acteristics of the brain [1]. By stimulating the neural network
behavior feature of the animal, it is the mathematical model,
which performs distributed parallel information processing.
As for the system complexity, such network adjusts the inter-
connecting relationship between numbers of nodes and atta-
ins the goal of information processing. In recent years, neural
networks have been developed in a more in-depth manner in
the way of stimulating human cognition; moreover, in com-
binations with fuzzy system, genetic algorithm, and evolutio-
nary mechanism, forms the computational intelligence and
becomes an important trend of artificial intelligence [2].
Psychologist and mathematical logician have proposed the
formalized mathematical description and network structure
method of neurons and proved that every single neuron can
implement the logic function, starting an era of the research
of artificial neural network. J.J. Hopfield, a physicist from
California Institute of Technology, has initiated new ap-
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proaches of neural network in associative memory and op-
timization computation and greatly propelled the research on
neural network [3]. The scholars such as Rumelhart have co-
me up with back propagation algorithm of multi-layer perce-
ptron, which has overcome the significant obstacles in the
continuous development of perceptron model. A lot of in-
depth pioneering work has greatly developed the model and
learning algorithm of neural network. BP (Back Propagation)
network was raised by the scientists' team, which was led by
Rinehart and McClelland. BP network is a multi-layer feed-
forward network trained by back propagation algorithm and
it is one of the most extensively-used neural network models
currently. BP network is the core of feedforward network and
it has been very widely applied. At present, in the practical
application of artificial neural network, 80-90% of artificial
neural network models use BP network and its variations [4].
Intelligent search algorithms include genetic algorithm, tabu
algorithm and simulated annealing algorithm. The genetic al-
gorithm is inspired by the biological evolution of genetic in-
heritance. In fact, it is an evolutionary computation, which, in
essence, is a self-adaptive machine learning method. Accord-
ing to the changes of genetic inheritance, the genetic algo-
rithm includes three operations: selection, crossover and mu-
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tation [5]. It is more highly-efficient than the blind search and
more universal than the algorithms for specific problems, in
other words, it is a solution pattern irrelevant to problems.
The traditional neural network training algorithms are slow
in convergence and easy to be trapped in local optimum. The
genetic algorithm has better global convergence performance
and it can be used to train the neural network parameters and
structure. Many researchers have brought form some impro-
ved genetic algorithms, but there are still some deficiencies
in them.

This paper firstly introduces the fundamental principle of
artificial neural network and orthogonal genetic algorithm.
Then, based on the above research, it proposes the applica-
tion step of OGANet. Finally, the comparison of the network
output curve chart and the sample curve chart of two func-
tions trained by OGANet and proves the effectiveness of the
algorithm suggested by the authors.

Principle of artificial neural network. Artificial neu-
ron model. Make x, (¢) represent the input information recei-

ved by neuron j from neuron i at the time of t and o, (¢) the
output information of neuron j at the time of ¢, then the state

of neuron j can be expressed as

0,(0)= FIIY W (= )1-T)3

In the above formula, 7, is the synapse delay between the
input and output, 7', is the threshold of neuron j , w, is the sy-

napse link coefficient from neuroni to neuron j and f (0) is

the neuron transfer function [6].

BP neural network. Multi-layer BP network is a kind of
multi-layer neural network with three or more layers. Every
layer is comprised of certain neurons. The neurons in the left
and right layers are fully connected, meaning that every neu-
ron in the left layer is connected to every neuron in the right
layer while the upper and lower neurons are not connected.

The excitation mode (input vector) units in each source
node in the input layer of the multi-layer feed-forward neural
network of BP neural network model constitute the input sig-
nals used in the neurons (computation nodes) in the 2nd lay-
er. The output signal in the 2nd layer is the input of the 3rd
layer and the rest are similar to the above. The topology of
BP neu-ral network includes the input layer, the hidden layer,
and the output layer (Fig. 1).

Input Output

Fig .1. BP neural network model

The steps of BP learning algorithm are classified as fol-
lows:
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1. Initialize the input according to the network require-
ments and set the input variables and parameters. The input
and output are parallel analog signals.

2. Perform learning on the input sample with BP network
and conduct feed-forward computation on the input and out-
put signals of the neurons in every layer of BP network. The
input-output relationship of the network is determined by the
weight factor connecting various layers.

3. Calculate the error from the expected output and the
obtained actual output and judge whether it meets the requ-
irements.

4. Perform pattern classification on the samples to be re-
cognized with well-trained BP network. The more hidden la-
yers, the higher the network output precision.

Generally, BP network consists of more than one neuron
and is trained in the form of supervised learning. Its common
behavior not only depends on the features of every single
neuron, but it may also be determined by the interaction and
interconnection between the neurons. Without fixed algo-
rithm, the weight factor adjusts through the learning signal;
the damage of any weight factor will not have significant
influence on the network output. The enlargement of the lay-
ers can further decrease the error and improve the precision,
however, it will make the network more complicated and
subsequently increase the training time of the network
weight [7].

The basic idea of the orthogonal genetic algorithm.
The basic idea of the genetic algorithm starts from the initial
population and searches from the intermediate set of the so-
lutions instead of the single solution. It selects the individuals
with the natural rule of survival of the fittest. Searching string
set, it has a large covering range. It is good for global optimi-
zation and requires only such universal information as fitness
value and string encoding. In fact, the initial string set carries
lots of information, which is greatly irrelevant to the optimal
solution, and new generation of the population is produced
through the crossover and mutation. The optimal solution se-
arch is performed with random methods. The selection
shows the approximation towards the optimal solution, cros-
sover demonstrates the production of the optimal solution
while mutation indicates the coverage of the global optimal
solution. A generation by generation is evolved this way un-
til the goal is achieved [8].

Orthogonal experiment design method has been introdu-
ced in the genetic algorithm with multi-point orthogonal cro-
ssover operation to handle various function optimization pro-
blems. It arranges the exchange operation of the genetic al-
gorithm through the orthogonal table and selects the off-
spring individuals with big fitness into the next evolution.
The crossover operator randomly produces new offspring in-
dividuals near the selected parental individuals. These opera-
tions can be deemed as a sampling experiment. It accelerates
the convergence speed of the algorithm and guarantees the
diversity of the population. It not only effectively overcomes
the defects of the standard genetic algorithm, but also greatly
improves its computation speed, precision and the algorithm
stability [9].

The orthogonal design is a common method in experi-
ment design and its basic tool is the orthogonal table, which
is a kind of mathematical table constructed by combinational
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mathematical theory according to the idea of equilibrium dis-
tribution. The equilibrium distribution is the core of the or-
thogonal table.

For a group of given training sample sets
U =[u,u,,...,u,]e R™" ,u,is theith sample. Assume that

S, e R™ is the orthogonal reconstruction coefficient of u;, and

the ith element is 0. Calculate every orthogonal reconstructi-
on coefficient through orthogonal projection.

min | s, |;
a;

S.t.

u, —Us,

_ T
,<&l=es, .

Here, ¢ is the threshold value of the orthogonal reconst-
ruction error. In order to maintain the orthogonal reconstruc-
tion relationship among the training samples in the exchange
space, the orthogonal reconstruction projection defines the

minimum error objective function in the projection space,
namely

n 2
min Z"vrui - vTUsi" ,
A
stV'UUTy =1.

The purpose of the iterative orthogonal reconstruction
projection is to find a group of orthogonal projection matrix-
es, which can maintain the orthogonal reconstruction relati-
onship of the original samples. The matrix vectors are in a
pair wise orthogonal relationship and they do not change the
constraint conditions of the original orthogonal reconstructi-
on. Because the constraint conditions are quite complicated,
the iteration is needed to obtain every projection vector [10].
The procedures of the orthogonal genetic algorithm are pre-
sented in Fig. 2.

Perform encoding operation, segment the feasible solution space [1,u] into s
sub-spaces and perform crossover operation in the sub-space

l

Generate the initial population through orthogonal table and
calculate the fitness D

l

Extract the individuals from the initial population to build an interim
population at certain probability and perform crossover operation of SCO
on every pair of individuals

l

Any individual in the interim population participates in the mutation
operation at the probability of P,, and generate new population

l

Select the individual with the best fitness from the new
population and enter the next-generation population

Meet the termination conditions?

No

Fig. 2. The procedures of the orthogonal genetic algorithm

Neural network weight training based on the orthog-
onal genetic algorithm (OGA). The OGANet can converge
to a global optimal solution and it has strong robustness. The
integration of the OGANet and a feed-forward neural net-
work can not only exert the non-linear mapping capacity of
BP neural network but also make the BP neural network have
fast convergence speed and strong learning ability.

The entire process of OGA is the same as that of the tradi-
tional genetic algorithm and the only difference is that this
algorithm uses orthogonal design to produce the initial popu-
lation and the offspring individuals produced by the crosso-
ver operators.

Step I: In the computational experiment, the parameter
selection of the mixed algorithm is as follows: population si-
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ze is P =60 , the number of individual to have the operation
isO=0.1P, the selection probability of optimal individual is
g = 0.2, the crossover probability is p, = 0.80 and the muta-
tion probability is p, =0.03 . Since the optimization comple-
xity of every test function is different, the optimization ter-
mination condition for mixed algorithms of different functi-
ons is also different. The algorithm terminates when the cur-
rent number of iterations / reaches the evolutional genera-
tion L .

Step 2: As for the input position of every weight in the
offspring chromosome, produce NP mutation individuals

v, vh) through the mutation operators of GA weight.

The mutation operator randomly selects a value at the proba-
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bility of P, in the initial probability distribution and then adds

it with the weight of that input position.

Step 3: As for the input position of every weight in the
offspring chromosome, the mutation operator randomly
selects several crossover positions from the two parental
chromosomes and produces NP crossover individuals
w™ul? ... ul through mixed crossover methods. Calculate

the corresponding fitness value of every crossover individual
(weight vector). Perform crossover operation on the genera-
tion of the chromosome in the crossover position, in this
way; the offspring chromosome will have the gene of two
parental generations.

Step 4: After calculating the fitness of each individual,
select the individual with bigger fitness and pass genetically
to the next generation to make the solution closer and closer
to the optimal solution space. Produce NP individuals of
next-generation weight vector, namely w/*',w!",...,w} . The
selection probability of each individual is in proportion to its
fit-ness. The selection probability P, to the individual with the

fitness £ of is
F = k N
2F
1=1

Here, N is the population size. In the practical learning,
the individual with the maximum fitness is passed genetical-
ly to the next generation.

Step 5: Make/=1/+1, turn to Step 2 and keep training
the weight, otherwise, the result is the individual of the max-
imum fitness and determine the initial connection weight and
threshold of BP neural network.

Step 6: Train BP neural network, output the global error
of the result calculated through feed-forward propagation, ju-
dge whether it reaches the established precision. If it does, te-
rminate the network training.

Step 7: If it fails to reach the established precision, turn to
Step 6 until BP neural network is converged or until the algo-
rithm has performed the given maximum number of iterati-
ons L , end the operation and output the calculation result.

Training result and analysis. In order to evaluate the
performance of the hybrid training algorithm OGANet in op-
timizing the weight and threshold of feed-forward neural net-
work, we tested the function curve simulation recognition
problems with the data from the neural network learning da-
tabase.

The test functions are as follows

sin(5x)

y=hHx)= =

,x€(0,16] ;

2

y=Lf(x)= [1—7cos(3x2)]exp[—xzj,x e[-5,5].

The parameters are set as follows: the population size
is NP =60, the maximum number of iterations is L . Both
the scale factor " and the crossover probabilit CR use ran-
dom parameters, namely F =0.6+rand(0,1)x0.15;CR=0.5+
+rand(0,1)x0.2 . Here, rand(0,1)is the random number
within (0, 1).
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In the training, all the test problems use 3-level feed-for-
ward neural network. The neurons in the hidden layer use
Sigmoid excitation function (logsig) and the neurons in the
output layer adopt linear excitation function (purelin). The
test operation results of the above 2 functions are indicated in
Fig. 3, 4 where x axis represents the input vector and the y
axis is the output vector.

015 T T T T T T

—8—(x1)
OGANet

Fig. 3. The comparison between the sample curve of func-
tion f,(x) and the training curve of OGANet

Fig. 4. The comparison between the sample curve of func-
tio f,(x) and the training curve of OGANet

It can be seen that in the 30 independent trainings, the op-
timization performance of OGANet is excellent. As for the 2
function test problems, the mean square error of the training
results of OGANet is smaller. The training result of OGANet
algorithm is very close to the actual curve of this function.

Conclusion. In order to resolve the defects of the traditi-
onal BP network learning method: the tendency to be trapped
in local extremum and the low learning precision, we propo-
sed a learning method to optimize BP neural network weight
based on the orthogonal genetic algorithm. This method effe-
cttively combines the advantages of the genetic algorithm
and BP network, and it gives an excellent compromise be-
tween the global search of the orthogonal genetic algorithm
and the global development of BP network. The experime-
ntal result has shown that the method has high learning pre-
cision, fast convergence speed and shows better performance
than other neural network learning methods.
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Merta. IlITy4na HelipoHHa Mepeka YCIIIITHO 3aCTOCOBY-
€THCA B TAKUX OONIACTSIX SIK PO3IMi3HABAaHHS 00pa3iB, IHTEIIEK-
TyaJIbHE YIpPaBIiHHS, KOMOIHATOpHA ONTHUMI3allisl Ta TPO-
rHo3yBaHHs. CriiJibHe BUKOPHUCTaHHS HEHMPOHHUX MEpEeX i3
TpaJULIHHIMK METOJJaMI CHPHSATHME TOJIbILIOMY PO3BHT-
Ky TEXHOJIOTiH MITYYHOTO iHTENEeKTy Ta 00poOku iHdopma-
wii. YV nociimKeHHi OyH MOEHAHI OPTOTOHAJIEHHI TCHETH-
gaui anroput™ (OGA) Ta HaBYaHHS HEHPOHHHUX MEpPex Me-
TOJIOM 3BOPOTHOTO TONIMPEHHs NMOMIIKK. OTprMaHa Mo-
mdikoBana Heiiponna mepexxa OGANet, 1110 eeKTHBHO 3a-
CTOCOBYETBCSl JUIsI ONTHMI3allil Bard HEHPOHHUX MEpEeK
TIPSIMOT'O MOIIMPEHHSL.

Metoauka. 3 METOIO YCYHEHHSI HEJIOMIKIB TPaHIIIHO-
TO HaBYaHHSA HEHPOHHMX MEpPEX METOJOM 3BOPOTHOTO IIO-
IIUPEHHST TIOMMIIKH, @ CaMe CXMJIBHOCTI 0 TOIAJaHHsA B
“HmacTKy” JOKAITFHOTO ONTHMYMY Ta HU3BKOI TOYHOCTI HaB-
YaHHsI, 3ITPOIIOHOBAHO METO/] HaBUaHHS Ha OCHOBI OGA-aI-
TOPHUTMA, 1110 ONTUMI3Y€e Bary HEHpPOHHOI Mepesxi, HaBUYSHOT
METOJIOM 3BOPOTHOTO TIOLIMPEHHS TOMIJIKY. BiH mo3utuBHO
BIUTHBAE HA 3[]ATHOCTI HENIHIIHOTO KapTyBaHH i TIOKpaIye
HABYCHICTH PO3ITITHYTHX HEHPOHHUX MEPEXK.
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Pe3ysabTaTu. by noeanani 6a3oBa mry4yHa HelipoHHA
MeperKa Ta OpTOrOHAJIbHUH reHeTnuHui anroputM. OTprMa-
HO OGANet-aJITOpUTM 1 ITiATBEpIPKEHA HOTO e(heKTHBHICT.
Pesynbrar excniepumeHTy nokasas, 110 OGANet Mae BUCOKY
TOYHICTh HABYAHHS, MIBUAKY 30DKHICTH 1 ITepeBepIIye iHIT
METO/IM HaBYAHHS HEHPOHHHUX MEPEX 32 MPOLYKTUBHICTIO.

HaykoBa nHoBu3Ha. OOrpyHTOBaHA ONTHMI3AIlis Baru
HEHUPOHHMX MEPEXkK IMPSMOrO MOIIMPEHHS], 10 IPYHTYETHCS
Ha OGA-airopuTMi. AHaji3 pe3yJsibTaTiB HaBYaHHS MOKpa-
I1IEHOT HEHPOHHOT Mepexi MiATBEp/AUB, 110 OGANet He JHIe
Mae€ BEJMKY MBUAKICTh HABYAHHS, alle i JIoNIae, y AesIKill Mi-
P, TaKWii HEMOMIK TPAJUIIIHOTO HaBUYaHHS HEHPOHHWX Me-
PEX METOJJOM 3BOPOTHOTO TOIIMUPEHHS TOMUIIKH, SK CXMITb-
HICTB JI0 MTOTIAJIAaHHS B “TIACTKY’ JIOKATLHOTO ONTUMYMY.

IpakTiyna 3HAYUMICTh. 3/1i0HICTH PO3IVISIHYTOI HEli-
POHHOI MEpeski JI0 HEHIHHOI caMOperyIboBaHOT 00pOOKH
iH(opMaIlii JTO3BOJISIOTH 370JIATH HEIONIKH TPaIHIIIHHAX
METOJIB IUTY4YHOro iHTenekTy. JlaHmii meron edexTUBHO
TIOEIHY€E TEPEBark IeHETUYHOTO ANMTOPUTMY Ta HABYAHHS
HEHPOHHNX MEPEX METOIOM 3BOPOTHOTO MOLINPEHHS TOMH-
JIKH, TIPOTIOHYE TAPHIHA KOMIIPOMIC MDK TTI00aIbHIM TIOIITY-
KOM OPTOTOHAJILHOTO T€HETHYHOIO ITOPUTMY Ta HaBYaH-
HSIM HEHPOHHOT Mepexi.

KurouoBi ciioBa: opmoeonanvhuii eenemuyunuii  aneo-
PUMM, HABYAHHSL HEUPOHHUX MEPEC MEMOOOM 360PONHO20
NOWIUPEHHsT NOMUIKY, ONMUMI3ayis 6azu, 2100AILHULL No-
LYK, IOKATIbHUL MIHIMYM, IMOYHICIb HAGUAHHS

Hens. MckyccTBeHHAsT HEHMPOHHAS CETh YCHEIIHO MpH-
MEHsIeTCS B TaKMX OOJIACTSX Kak pacrio3HaBaHWe o0pasos,
MHTEJUICKTYaIbHOE YIpaBJIeHNe, KOMOMHATOPHAS OITUMH-
3amus W TporHozupoBanue. COBMECTHOE HCIOIBb30BaHHE
HEUPOHHBIX CETEH ¢ TPAIUITMOHHBIMU METOIaMU OYyJIET CII0-
coOCTBOBaTh JATbHEHIIEMY Pa3BUTHIO TEXHOJIOTUH HCKyC-
CTBEHHOI'0 MHTEJUIEKTa M 00paboTku uH(popMaiwu. B wmc-
CJICZIOBAaHUN OBUITM COBMEILICHBI OPTOTOHAJIBHBIN TeHEeTHYe-
ckuit anroput™ (OGA) 1 00y4eHre HeHPOHHBIX CeTel MeTo-
JIOM 00paTHoro pactipocTpaHeHust ommoOkn. [Tomydena mo-
mudurmpoBanHas HeiiporHas cetb OGANet, kotopast a¢de-
KTUBHO ITIPUMEHSIETCS Ul ONTUMU3AIMK Beca HEHPOHHBIX
ceTel MPSIMOTO PaCTIPOCTPAHEHMUSI.

Metonuka. C 1embio ycTpaHeHHs: HEAOCTATKOB Tpajiu-
IIMOHHOTO 00Yy4YeHHsI HEHPOHHBIX CETeH METOI0M 00paTHOroO
pacrpocTpaHeHHs OMIMOKH, @ IMEHHO CKJIIOHHOCTH K TIOma-
JTAHUIO B “JIOBYIIKY  JIOKAIFHOTO ONTUMYyMa M HH3KOW TOU-
HOCTH OOYYeHUs, TPEJIOKEH METOJ OOYYeHHs Ha OCHOBE
OGA-airoputMa, ONTUMHU3UPYIONINI BeC HEUPOHHOM CeTH,
0Oy4YEeHHOH MEeTOJIOM O0paTHOrO PacHpOCTPAHEHHs OIIHO-
k1. OH HOJIOKHUTENNBHO BIMSET Ha CIOCOOHOCTH HEJIMHEHHO-
TO KapTUPOBAHMS U YITydIlIaeT 00y4aeMOCTh paccMaTpuBac-
MBIX HEUPOHHBIX CETEH.

Pe3yabTaThl. B coBMeIIeHsI 6a30Basi HCKYCCTBEH-
Hasl HEMPOHHAS! CETh U OPTOrOHAJIbHBII FEHETUYECKUI aJlro-
purm. ITomyuen OGANet-aaroput™M U IHOATBEPXKICHA €r0
s¢dexTuBHOCTh. Pe3ynbrar 3KCIEpUMEHTa TOKa3al, 4TO
OGANet MMeeT BBICOKYIO TOYHOCTH OOYYeHUs, OBICTPYIO
CXOIMMOCTh ¥ TIPEBOCXOUT IPOYME METOIBI OOydYeHHUs
HEHPOHHBIX CETEH 10 MPOM3BOIUTEILHOCTH.

Hayunasa HoBu3Ha. O00OCHOBaHAa ONTHMH3AIMS Beca
HEMPOHHBIX CETEH NMPSIMOTO PacIIpOCTPAaHEHUsl, OCHOBBIBAIO-

137




IHPOPMALINHI TEXHONOTIi, CACTEMHUA AHANI3 TA KEPYBAHHA

mrasicst Ha OGA-ainroputMe. AHAIM3 Pe3yNIbTaTOB 00y4IeHUS
YIIy4IIEHHOI HEUPOHHOH ceTu moATBepAmI, uto OGANet He
TOJIKO UMEET OOJIBIIYI0 CKOPOCTh O0YUEHHsI, HO U TPEOJI0-
JIEBAET, B HEKOTOPOM CTETIeHH, TAKOH HEIO0CTAaTOK TPaJIHIIH-
OHHOTO OOy4eHHUsI HEHPOHHBIX CeTell METOJIOM OOPaTHOro
pacrpocTpaHeHus OLIMOKH, KaK CKIIOHHOCTB K TIONa/IaHHIO B
“JIOBYIIKY” JIOKQJILHOTO ONITUMYMa.

IIpakrnueckass 3HauMMocTh. CrocOOHOCTH paccMart-
pHUBacMON HEWPOHHOM CETH K HEJIMHEHHON CaMOperysiupy-
romieiics 00paboTke MH(GOPMAIMH TO3BOJIOT MPEOIONICTh
HEJIOCTaTKH TPaJHIOHHBIX METOJIOB MCKYCCTBEHHOTO HH-
temiekta. JlanHbiii MmeTo/1 3 (HEKTHBHO COBMEIACT IPEUMY-
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Purpose. With the scientific and technological development as well as the plenty of image information and ex-
change, the edge detection and automatic identification of the target image have become increasingly intensive. Its prac-
tical application problems have raised higher and higher requirements on the image edge detection techniques. The re-
search deals with the problems of detecting the ideal edges and determining every parameter of this algorithm.

Methodology. We combined Ant Colony Algorithm (ACA) and Differential Evolution Algorithm (DE) and used it
in the image edge detection. By analyzing the convergence time and optimization capacity of these two algorithms, we
found the best method to combine and apply them to the image edge detection.

Findings. We found a way of image edge detection based on ACA and DE. We firstly made a theoretical analysis of
image edge detection and found the best combination point of ACA and DE according to their own features. Mainly, it
integrated these two algorithms according to the set conditions and included the operating steps of DE in the early phase

of image processing followed by the operations of ACA.

Originality. We made a study of image edge detection based on the hybrid ant colony algorithm. We discussed how
to detect the ideal edges of an image based on ACA and DE. The research on this aspect has not been found at present.

Practical value. We integrate these two algorithms to extract the complete edge contour in order to make the de-
tected edges continuous and the edge localization accurate. The experimental result shows that the hybrid algorithm not
only enhances the adaptive ability and capacity of global optimization but also has excellent edge detection effect,

greatly reducing the computation workload and time.

Keywords: image edge detection, differential evolution, ant colony algorithm, convergence time, optimization ca-

pacity, best combination point

Introduction. The edge is the most fundamental image
feature and it contains most of the image information. The
research of human visual system demonstrates that the image
edge is of particular importance since an object can be identi-
fied by only a few rough contours, which are the image edg-
es [1]. Edge detection techniques have been extensively ap-
plied in such image analysis and processing field as feature
description and image segmentation and it has become a re-
search hotspot in the image processing and analysis technol-
ogy. Generally, the image recognition and classification
techniques include the following phases: image pre-pro-
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cessing, image edge detection, feature extraction and auto-
matic classifier design, among which, the contents and
methods of edge detection are extremely important. In prac-
tice, the background, the views, the lighting and the size may
interrupt edge detection; therefore, it is a significant problem
in application research how to extract the feature parameters
with excellent edge detection performance and few noise in-
terruptions [2].

As the preliminary phase of vision, image edge detection
has a long research history where new theories and methods
keep emerging, stressing the importance of the image edge
detection research. Together with the development of com-
puter vision and image processing techniques, it is badly in
need to make some breakthroughs in the early vision stage
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