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ABSTRACT	

Nowadays,	 virtually	 all	 spheres	 of	 human	 life	 including	 commerce,	 government,	

academics,	 hospitals,	 crime	 prevention,	 surveillance,	 engineering	 and	 historical	

research	use	information	as	images,	so	the	volume	of	digital	data	is	increasing	rapidly.	

These	images	and	their	data	are	categorized	and	stored	on	computers	and	the	problem	

appears	when	retrieving	these	images	from	storage	media.	Thus,	Content	based	image	

retrieval	 from	large	resources	has	become	an	area	of	wide	 interest	 in	recent	years.	 In	

this	paper	an	efficient	general‐purpose	CBIR	system	that	uses	color,	texture	and	shape	

as	 visual	 features	 to	 describe	 the	 content	 of	 an	 image	 is	 proposed.	 The	 main	

contribution	of	my	work	is	of	three	directions.	First,	 the	feature	vector	of	the	image	is	

extracted	by	calculating	the	color	coherence	vector	(CCV)	which	defines	degree	to	which	

pixels	 of	 that	 color	 are	 members	 of	 large	 similarly	 colored	 regions,	 discrete	 cosine	

transform	(DCT)	is	used	to	extract	texture	features,	which	expresses	a	finite	sequence	of	

data	points	in	terms	of	a	sum	of	cosine	functions	oscillating	at	different	frequencies	and	

edge	histogram	features	that	include	four	categories	is	used	as	shape	descriptors	which	

are	 invariant	 to	 rotation	 and	 scaling.	 Second,	 to	 speed	 up	 retrieval	 and	 similarity	

computation	of	the	proposed	system,	ant	colony	optimization	(ACO)	technique	is	used	

to	 optimize	 the	 features.	 Third,	 to	 improve	 the	 efficiency	 of	 the	 system,	 relevance	

feedback	using	support	vector	machine	(SVM)	is	used.	

KEYWORDS:	 Color	 correlogram,	 Gabor	 filter,	 Ant	 Colony	 Optimization	 (ACO),	 Edge	

histogram	descriptor,	Feature	Selection,	Support	vector	machine	(SVM).	
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1. INTRODUCTION	

The	 term	 content‐based	 image	 retrieval	

has	 since	 been	 widely	 used	 to	 describe	

the	process	of	 retrieving	desired	 images	

from	 a	 large	 collection	 on	 the	 basis	 of	

features	 (such	 as	 color,	 texture	 and	

shape)	 that	 can	 be	 automatically	

extracted	 from	 the	 images	 itself.	 Early	

techniques	were	 not	 generally	 based	 on	

visual	 features	 but	 on	 the	 textual	

annotation	 of	 images.	 In	 other	 words,	

images	 were	 first	 annotated	 with	 text	

and	 then	 searched	 using	 a	 text‐based	

approach	 from	 traditional	 database	

management	 systems.	 Since	

automatically	 generating	 descriptive	

texts	 for	 a	 wide	 spectrum	 of	 images	 is	

not	 feasible,	 most	 text‐based	 image	

retrieval	 systems	 require	 manual	

annotation	 of	 images.	 Obviously,	

annotating	 images	 manually	 is	 a	

cumbersome	 and	 expensive	 task	 for	

large	 image	 databases,	 and	 is	 often	

subjective,	 context‐sensitive	 and	

incomplete.	 So,	 researchers	 from	 the	

communities	 of	 computer	 vision,	

database	management,	human‐computer	

interface,	and	information	retrieval	were	

attracted	to	CBIR.	

Content‐based	 image	 retrieval	 uses	 the	

visual	contents	of	an	image	such	as	color,	

shape,	 texture,	 and	 spatial	 layout	 to	

represent	and	index	the	image.	In	typical	

content‐based	 image	 retrieval	 systems,	

the	 visual	 contents	 of	 the	 images	 in	 the	

database	are	extracted	and	described	by	

multi‐dimensional	 feature	 vectors.	 The	

feature	 vectors	 of	 the	 images	 in	 the	

database	 form	 a	 feature	 database.	 To	

retrieve	 images,	 users	 provide	 the	

retrieval	 system	 with	 example	 images	

and	 the	 system	 then	 changes	 these	

examples	into	its	internal	representation	

of	 feature	 vectors.	 The	 similarities	 or	

distances	between	the	feature	vectors	of	

the	 query	 example	 and	 those	 of	 the	

images	 in	 the	 database	 are	 then	

calculated	 and	 retrieval	 is	 performed	

with	 the	aid	of	an	 indexing	scheme.	The	

indexing	 scheme	 provides	 an	 efficient	

way	 to	 search	 for	 the	 image	 database.	

However,	 big	 challenge	 in	 CBIR	 is	 the	

semantic	 gap	 between	 the	 low	 level	

features	and	high	level	concepts.	In	order	

to	reduce	the	gap	between	the	 low	level	

features	 and	 high	 level	 concepts,	

relevance	 feedback	was	 introduced	 into	

CBIR.	 Recent	 retrieval	 systems	 have	

incorporated	 user’s	 relevance	 feedback	

to	modify	 the	 retrieval	 process	 in	 order	

to	 generate	 perceptually	 and	

semantically	 more	 meaningful	 retrieval	

results.	 Feature	 selection	 is	 also	 an	

important	step	in	retrieval	process,	since	

inclusion	 of	 redundant	 features	 often	
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degrade	 the	 retrieval	 both	 in	 speed	 and	

prediction	accuracy	[1].	This	is	known	as	

optimization.		

2. METHODOLOGY	

The	 algorithm	 design	 involves	 the	

following	steps:	

1 Feature	extraction	

2 Feature	set	optimization	using	ant	

colony	optimization	

3 Image	 retrieval	 using	 optimized	

features	

4 Relevance	feedback	

	
Figure	1:	Architecture	of	the	proposed	method	

	

3. FEATURE	EXTRACTION	

3.1 	COLOR	COHERENCE	VECTOR	

Color	coherence	vector	measures	can	be	

used	 to	 differentiate	 images	 based	 on	

their	 features	 of	 color.	 Once	 calculated,	

these	values	provide	a	measurement	 for	

color	 similarity	 between	 images.	 Color	

histogram	 does	 not	 consider	 the	 spatial	

information	of	pixels.	This	may	result	 in	

similar	 color	 distribution	 for	 different	

images.	 Color	 coherence	 vector	

addresses	 this	 problem.	 In	 CCV	 each	

histogram	 bin	 is	 partitioned	 into	 two	

types:	 coherent	 and	 incoherent.	 Pixel	

value	 belongs	 to	 a	 large	 informally	

colored	 region	 falls	 into	 coherent	 type.	

Otherwise	 it	 falls	 into	 incoherent	 type.	

Due	to	its	additional	spatial	information,	

it	 has	 been	 shown	 that	 CCV	 provides	

better	 retrieval	 results	 than	 the	 color	

histogram,	 especially	 for	 those	 images	

which	 have	 either	mostly	 uniform	 color	

or	mostly	texture	regions	[4].	

The	 initial	 stage	 in	 computing	 a	 CCV	 is	

similar	 to	 the	 computation	 of	 a	 color	

histogram.	 We	 first	 blur	 the	 image	

slightly	 by	 replacing	 pixel	 values	 with	

the	 average	 value	 in	 a	 small	 local	

neighborhood	(currently	 including	 the	8	

adjacent	 pixels).	 This	 eliminates	 small	

variations	 between	 neighboring	 pixels.	

We	 then	 discretize	 the	 colorspace,	 such	

that	there	are	only	n	distinct	colors	in	the	

image.	

The	 next	 step	 is	 to	 classify	 the	 pixels	

within	 a	 given	 color	 bucket	 as	 either	

coherent	or	incoherent.	A	coherent	pixel	

is	 part	 of	 a	 large	 group	 of	 pixels	 of	 the	

same	 color,	while	 an	 incoherent	 pixel	 is	

not.	 We	 determine	 the	 pixel	 groups	 by	

computing	 connected	 components.	 A	
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connected	component	C	is	a	maximal	set	

of	 pixels	 such	 that	 for	 any	 two	 pixels	

Cpp , ,	 there	 is	a	path	 in	C	between	p	

and	 p .	 (Formally,	 a	 path	 in	 C	 is	 a	

sequence	 of	 pixels	 ppppp n  ,....., 21 	

such	that	each	pixel	pi	is	in	C	and	any	two	

sequential	pixels	pi,	pi+1	are	 adjacent	 to	

each	other.	We	consider	two	pixels	to	be	

adjacent	 if	 one	 pixel	 is	 among	 the	 eight	

closest	 neighbors	 of	 the	 other;	 in	 other	

words,	 we	 include	 diagonal	 neighbors.)	

Note	 that	 we	 only	 compute	 connected	

components	 within	 a	 given	 discretized	

color	 bucket.	 This	 effectively	 segments	

the	 image	 based	 on	 the	 discretized	

colorspace.	

Connected	components	can	be	computed	

in	 linear	 time	 (see,	 for	 example,	 [20]).	

When	 this	 is	 complete,	 each	 pixel	 will	

belong	 to	 exactly	 one	 connected	

component.	 We	 classify	 pixels	 as	 either	

coherent	or	incoherent	depending	on	the	

size	 in	 pixels	 of	 its	 connected	

component.	A	pixel	is	coherent	if	the	size	

of	 its	 connected	 component	 exceeds	 a	

fixed	 value	 T;	 otherwise,	 the	 pixel	 is	

incoherent.	

For	a	given	discretized	color,	some	of	the	

pixels	 with	 that	 color	 will	 be	 coherent	

and	 some	will	 be	 incoherent.	 Let	us	 call	

the	 number	 of	 coherent	 pixels	 of	 the	 jth	

discretized	 color	 j 	 and	 the	 number	 of	

incoherent	 pixels j .	 Clearly,	 the	 total	

number	 of	 pixels	 with	 that	 color	 is	

jj   and	 so	 a	 color	 histogram	 would	

summarize	an	image	as	

nn   ,.......11 	

Instead,	 for	 each	 color	 we	 compute	 the	

pair	

 jj  , 	

which	we	will	call	the	coherence	pair	for	

the	 jth	 color.	The	 color	 coherence	vector	

for	the	image	consists	of	

   nn  ,,........, 11 	

This	 is	 a	 vector	 of	 coherence	 pairs,	 one	

for	each	discretized	color.	

3.2 	DISCRETE	COSINE	TRANSFORM	

Like	 any	 Fourier‐related	 transform,	

discrete	 cosine	 transforms	 (DCTs)	

express	a	function	or	a	signal	in	terms	of	

a	 sum	 of	 sinusoids	 with	 different	

frequencies	 and	 amplitudes.	 Like	 the	

discrete	Fourier	transforms	(DFT),	a	DCT	

operates	on	a	function	at	a	finite	number	

of	 discrete	 data	 points.	 The	 obvious	

distinction	between	 a	DCT	 and	 a	DFT	 is	

that	 the	 former	 uses	 only	 cosine	

functions,	 while	 the	 latter	 uses	 both	

cosines	and	sines	(in	the	form	of	complex	
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exponentials).	 It	 is	 a	 separable	 linear	

transformation;	 that	 is,	 the	 two‐

dimensional	transform	is	equivalent	to	a	

one	dimensional	DCT	performed	along	a	

single	 dimension	 followed	 by	 a	 one‐

dimensional	DCT	in	the	other	dimension	

[3].	
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Where	 c(m),c(n)=
2

1
	 for	 m=n=0;	

c(m),c(n)=1	otherwise	

For	full	2‐Dimensional	DCT	for	an	 NN  	

image	 the	 number	 of	 multiplications	

required	 are	 N2(2N)	 and	 number	 of	

additions	 required	 are	 N2(2N‐2).	 The	

DCT	 coefficients	 of	 an	 image	 tend	

themselves	as	a	new	feature,	which	have	

the	 ability	 to	 represent	 the	 regularity,	

complexity	and	some	texture	features	of	

an	image	and	it	can	be	directly	applied	to	

image	 data	 in	 the	 compressed	 domain	

[12]	This	may	be	a	way	to	solve	the	large	

storage	 space	 problem	 and	 the	

computational	complexity	of	the	existing	

methods.	

The	 method	 of	 image	 search	 and	

retrieval	 proposed	 here	 mainly	 focuses	

on	the	generation	of	the	feature	vector	of	

search	 based	 on	 the	 image	 transform	

generated	 by	 the	 discrete	 cosine	

transform	(DCT).	 	Steps	of	the	algorithm	

are	given	below.	

Step1:	Resize	the	image	into	desired	size	

(in	 this	 project	 images	 are	 resized	 to	

256×256).	

Step2:	 Extract	 Red,	 Green	 and	 Blue	

components	of	the	color	image.	

Step3:	 Divide	 the	 each	 component	 of	

color	 image	 into	 16	 sub	 images	 (each	

size	64×64).	

Step4:	 Apply	 the	 Transform	 DCT	 on	

individual	 color	 planes	 of	 sub‐image	 to	

extract	feature	vector	

Step3:	 The	 left	 topmost	 component	 (DC	

term)	 of	 DCT	 of	 each	 color	 components	

i.e.	 R,	 G	 and	 B	 of	 each	 sub	 image	 are	

taken	 as	 a	 image	 feature	 and	 stored	 in	

feature	vector.	

Therefore	 a	 total	 of	 3	 features	 are	

extracted	for	each	sub‐image.	Since	there	

are	16	sub‐images,	so	a	total	of	16×3=48.	

3.3 	EDGE	HISTOGRAM	

Shape	is	known	to	play	an	important	role	

in	 human	 recognition	 and	 perception	

and	 object	 shape	 features	 provide	 a	

powerful	 clue	 to	 object	 identity	 [5].	

Humans	 can	 recognize	 objects	 solely	

from	 their	 shapes.	 Edge	 is	 local	 shape	

feature	and	it	captures	the	general	shape	

information	 in	 the	 image.	 Since	 edges	

play	 an	 important	 role	 for	 image	

perception,	 it	 is	 frequently	 used	 as	 a	
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feature	descriptor	 in	 image	 retrieval	 [6]	

[7].	 The	 edge	 histogram	 descriptor	 is	

such	 an	 example;	 which	 represents	 the	

spatial	distribution	of	 five	types,	namely	

four	 directional	 edges,	 one	 non	

directional.	 These	 five	 types	 of	 edges	

evolve	from	the	color	distribution	within	

the	 edges;	more	 precisely	 it	 can	be	 said	

that	these	edges	immerse	from	the	color	

distribution	 of	 pixels	 and	 from	 an	

internal	feature	of	edge	shape	descriptor.	

To	 detect	 the	 edge	 strength,	 filter	

coefficients	shown	in	Fig	2	were	applied.	

Edge	 blocks	 that	 have	 density	 greater	

than	a	given	threshold	are	selected.	

1	 ‐1	

1	 ‐1	

	

1	 1	

‐1	 ‐1	

	

2 	 0	

0	 ‐ 2 	

	

0	 2 	

‐ 2 	 0	

	

2	 ‐2	

‐2 2	

	

Figure	2:	Filter	coefficients	

For	each	sub	image	the	edge	density	can	

be	calculated	using	equation.	Let	(x1,	y1)	

and	 (x2,	 y2)	 are	 the	 top	 left	 corner	 and	

the	bottom	right	corner	of	the	sub	image.	

Then	the	edge	density	f	is	given	by,	
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where	 ar	 is	 the	 region	 area.	 The	 edge	

densities	 for	 all	 sub	 images	 in	 all	 three	

(R,	G,	B)	color	spaces	are	calculated.	

4. FEATURE	SET	OPTIMIZATION	

USING	 ANT	 COLONY	

OPTIMIZATION	

ACO	is	a	population	based	meta	heuristic	

approach	 which	 is	 inspired	 by	 the	

behavior	 of	 ants.	 It	 is	 used	 to	 find	

solutions	 for	 various	 optimization	

problems.	 In	 ACO,	 a	 colony	 of	 ants	

cooperates	 to	 look	 for	 solutions	 for	 the	

problem.	 Artificial	 ants	 incrementally	

build	a	solution	by	adding	components	to	

a	partial	solution	under	construction	[1]	

[8].	
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The	problem	of	 feature	 selection	 can	be	

stated	 as	 follows:	 given	 the	 original	 set,	

F,	 of	 n	 features,	 find	 subset	 S,	 which	

consists	of	m	features	(m	<	n,	SF),	such	

that	 the	 classification	 accuracy	 is	

maximized.	

In	the	first	iteration	of	ACO,	each	ant	will	

randomly	 choose	 a	 feature	 subset	 of	m	

features.	Only	the	best	k	subsets,	k	<	na,	

will	 be	 used	 to	 update	 the	 pheromone	

trial	and	influence	the	feature	subsets	of	

the	 next	 iteration.	 In	 the	 second	 and	

following	 iterations,	 each	 ant	 will	 start	

with	 m	 ‐	 p	 features	 that	 are	 randomly	

chosen	 from	 the	 previously	 selected	 k‐

best	 subsets,	where	p	 is	 an	 integer	 that	

ranges	between	1	and	m	‐	1.	In	this	way,	

the	 features	 that	 constitute	 the	 best	 k	

subsets	 will	 have	 more	 chance	 to	 be	

present	 in	 the	 subsets	 of	 the	 next	

iteration.	 However,	 it	 will	 still	 be	

possible	 for	 each	 ant	 to	 consider	 other	

features	as	well.	 For	a	given	ant	 j,	 those	

features	 are	 the	 ones	 that	 achieve	 the	

best	 compromise	 between	 pheromone	

trails	 and	 local	 importance	with	 respect	

to	Sj,	where	Sj	is	the	subset	that	consists	

of	 the	 features	 that	 have	 already	 been	

selected	by	ant	 j.	The	Updated	Selection	

Measure	 (USM)	 is	 used	 for	 this	 purpose	

is	defined	as:	
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where,	 js
iLI 	 is	 the	 local	 importance	 of	

feature	 fi	 given	 the	 subset	 Sj.	 The	

parameters	 	and	 	control	the	effect	of	

pheromone	 trail	 intensity	 and	 local	

feature	 importance	 respectively.	 js
iLI 	 is	

measured	 using	 the	 MIEF	 measure	 and	

defined	as:	
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The	 parameters	  ,, 	 are	 constants,	

H(f)	 is	 the	 entropy	 of	 fi	 ,	 I	 (fi	 ,	 fs)	 is	 the	

mutual	 information	 between	 fi	 and	 fs,	

I(C,fi)	is	the	mutual	information	between	

the	 class	 labels	 and	 fi	 and	 |sj|	 is	 the	

cardinal	of	sj	

5. IMAGE	RETRIEVAL	

After	 the	 optimized	 features	 are	

calculated	 the	 distance	 between	 query	

image	 features	 and	 data	 set	 images	 is	

calculated	 using	 manhattan	 distance.	

Manhattan	distance	is	given	by		
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The	minimum	distance	value	signifies	an	

exact	match	with	the	query.	The	fact	that	

the	 distances	 in	 each	 dimension	 are	

modulated	 before	 summation,	 places	

great	 emphasis	 on	 those	 features	 for	

which	 the	 dissimilarity	 is	 large.	 The	

images	 for	 which	 distance	 is	 less	 are	

retrieved	and	shown	at	output.	

6. RELEVANCE	FEEDBACK	

Human	perception	of	 image	similarity	 is	

subjective,	 semantic,	 and	 task‐

dependent.	 Although	 content‐based	

methods	 provide	 promising	 directions	

for	 image	 retrieval,	 generally,	 the	

retrieval	results	based	on	the	similarities	

of	 pure	 visual	 features	 are	 not	

necessarily	 perceptually	 and	

semantically	 meaningful.	 In	 addition,	

each	 type	 of	 visual	 feature	 tends	 to	

capture	 only	 one	 aspect	 of	 image	

property	and	it	is	usually	hard	for	a	user	

to	 specify	 clearly	 how	 different	 aspects	

are	 combined.	 To	 address	 these	

problems,	interactive	relevance	feedback,	

a	 technique	 in	 traditional	 text‐based	

information	 retrieval	 systems,	 was	

introduced	[9].	With	relevance	feedback,	

it	 is	 possible	 to	 establish	 the	 link	

between	 high‐level	 concepts	 and	 low‐

level	 features.	 Relevance	 feedback	 is	 a	

supervised	 active	 learning	 technique	

used	 to	 improve	 the	 effectiveness	 of	

information	systems.	The	main	idea	is	to	

use	positive	and	negative	examples	from	

the	user	to	improve	system	performance	

[10]	 [11]	 [12].	 For	 a	 given	 query,	 the	

system	 first	 retrieves	 a	 list	 of	 ranked	

images	 according	 to	 a	 predefined	

similarity	metrics.	Then,	 the	user	marks	

the	 retrieved	 images	 as	 relevant	

(positive	 examples)	 to	 the	 query	 or	 not	

relevant	 (negative	 examples).	 The	

system	 will	 refine	 the	 retrieval	 results	

based	on	the	feedback	and	present	a	new	

list	of	images	to	the	user.	Hence,	the	key	

issue	 in	 relevance	 feedback	 is	 how	 to	

incorporate	 positive	 and	 negative	

examples	 to	 refine	 the	 query	 and/or	 to	

adjust	 the	 similarity	 measure.	 By	 the	

positive	and	negative	examples	given	by	

the	 user,	 using	 support	 vector	 machine	

the	 images	 of	 data	 base	 are	 classified	

into	 positive	 and	 negative	 set.	 Then	 the	

images	 are	 retrieved	 from	 the	 positive	

set	 by	 calculating	 similarity	 measures	

and	 the	 images	with	 high	 similarity	 are	

retrieved.	

7. EXPERIMENTAL	RESULTS	

The	 proposed	 method	 is	 tested	 on	

COREL	 dataset,	 which	 contain	 1,000	

images.	 The	 visual	 features	 extracted	

form	 images	 include	 color	 (color	
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coherence	 vector),	 texture	 (discrete	

cosine	transform	coefficients)	and	shape	

(edge	histogram	descriptor).	An	image	is	

represented	 using	 16	 features	 (8	 colors	

are	 considered)	 using	 color	 coherence	

vector.	 Coefficients	 of	 DCT	 of	 the	 image	

which	are	calculated	as	mentioned	above	

give	 48	 features.	 Edge	 histogram	

descriptor	are	calculated	by	dividing	the	

image	 into	 4	 sub	 images	 and	 for	 each	

plane	 (R,	 G,	 B)	 of	 sub	 image,	 edge	

densities	 are	 calculated	 along	 vertical,	

horizontal,	 45	 degree,	 135	 degree,	 non	

directional.	 So	 80	 features	 are	 obtained	

using	 edge	density	 histogram.	 So	 totally	

144(16+48+80)	 features	 are	 used	 for	

representing	 an	 image.	 After	 calculating	

the	 144	 features	 for	 all	 images	 in	 the	

database,	 only	 15	 features	 from	 144	

features	 are	 selected	 using	 ant	 colony	

optimization	technique.	

	

Figure	3:	Selected	feature	set	selected	using	ACO	

Therefore	 by	 using	 ACO	 optimization	

technique	 the	 features	 numbered	

[62,54,80,5,75,4,122,74,98,86,60,53,58,5

1,45]	are	selected	from	144	features.	For	

the	 input	 query	 image	 the	 features	 are	

calculated	 and	 the	 features	 numbers	

obtained	 from	 optimization	 technique	

are	 selected.	 Distances	 between	 query	

image	 and	 data	 base	 images	 are	

calculated	using	manhattan	distance	and	

the	 images	which	have	 less	distance	are	

retrieved.	

	

Figure	4:	Retrieved	images	using	similarity	

measurement	

Wrongly	retrieved	=	[20	22	30	32	34	38	

42	46	48]	

Wrongly	 retrieved	 image	 numbers	 are	

given	as	 input	by	the	user	as	a	 feedback	

to	 the	 system.	 Then	 by	 changing	 the	

weights	 of	 the	 features	 using	 SVM,	

retrieval	 is	 done	 by	 calculating	 the	

distances	 again	 and	 the	 retrieved	 are	

displayed.	
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Figure	5:	Retrieved	images	after	feedback	from	

the	user	

From	figures	4	and	5,	 it	 is	clear	 that	 the	

number	of	relevant	images	retrieved	has	

been	increased	and	also	the	average	time	

taken	for	retrieval	system	has	decreased	

from	4.08	seconds	to	3.4	seconds.	So	the	

precision	 and	 recall	 time	 has	 improved	

by	the	proposed	system.	

8. CONCLUSION	

Feature	 selection	 technique	 for	

extracting	the	most	relevant	features	and	

dropping	 the	 irrelevant	 was	 done	 to	

improve	 system	 efficiency	 in	 terms	 of	

both	Retrieval	Efficiency,	Retrieval	Time	

and	 by	 using	 relevance	 feedback	

technique,	semantically	more	meaningful	

retrieval	 results	 were	 obtained,	 so	 that	

retrieval	efficiency	is	improved.	
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