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Abstract 

In an automatic image retrieval system, it is difficult 

to understand the nature of an image data. If an 

automatic image retrieval system has prior knowledge 

about the image data, in the context of content-based 

image retrieval, it will give better results. The 

proposed method addresses this problem by applying 

an adaptive distance measure, Chernoff distance. The 

Chernoff distance adapts itself according to nature of 

the image data. First, the proposed method tests 

whether the image is a color or grayscale. If it is a 

color, which is converted to HSV color space; 

otherwise, it is treated as a grayscale. The query 

image is tested whether it is a structure or texture. If it 

is a texture, the whole image is subjected to 

experiment. If the image is a structure, which is 

segregated into various homogeneous regions, and 

features are extracted region-wise; and forms a 

feature vector (FV) region-wise. The FV of the query 

image is compared with the FVs in the feature vector 

database (FV
db

) by the Chernoff distance. If the 

Chernoff distance is less than or equal to the critical 

value of the Chi-square table, then it is inferred that 

the query and target images are same or similar; 

otherwise, the images differ. The performance of the 

proposed method is evaluated, based on the precision 

and recall, and the ANMRR scores. The obtained 

precision and recall, and the ANMRR scores were 

compared with the state-of-the-art methods, which 

reveal that the proposed method yields better results. 

Keyword: Chernoff distance, target image, query 

image, feature-vector, Gaussian process. 

1. Introduction 

The importance and awareness of the Internet and the 

World Wide Web have swiftly increased the number 

of Internet users, who access the data repository and 

multimedia data like movies, games, advertisements, 

etc. through online. Though, at present scenario, a 

number of techniques have been developed, they do 

not fulfill the users’ requirements up to the 

satisfaction in terms of precise and speedy access to 

the data.  

The literature reveals that a number of works has 

been developed, based on the contents of the images, 

that is, low-level visual features (color, shape, 

texture, and spatial orientation) and these features 

have been used for image retrieval [1–9]. Jing et al. 

[10] suggest that a single (global) signature computed 

on the whole (structure) image does not sufficiently 

represent the important features of each individual 

shape in an image, and there is a gap between the 

visual features and semantic concepts.  To overcome 

this problem, a region-based method was introduced 

[9,10,14,15], which focuses users’ perception about 

the contents of the image. The methods proposed in 

[3,11,12,13] segment the structure images into 

various homogeneous regions according to the shape, 

and compare the query and target images region-wise. 

Amanatiadis et al. [8] have studied about shape 

descriptors for shape-oriented image retrieval, and 

report that the region-based descriptors yield better 

results. Zhang et al. [14] have proposed a method, 

which identifies salient region and its surrounding 

regions, and they are combined together. The 

combined region is defined as an extended salient 

region (ESR). It extracts visual content from the ESR, 

using the Bag of Words model, based on Gabor, 

SIFT, and HSVH features and proposes a graph-

based model for the visual content nodes, which 

represent the input image. 

Song et al. [15] have proposed a method, based on 

diagonal texture structure descriptor (DTST), which 

converts an RGB color image to HSV color space and 
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segregates the background and foreground; and 

extracts multi-region features from the background 

and foreground. A histogram is constructed for the 

multi-region features and a one-dimensional vector is 

formed by concatenating the histograms. The 

terminology of global feature concept arises due to 

multi-region feature extraction; as suggested in [10], 

the features of the multi-regions do not overcome the 

drawbacks of the global features. In recent years, 

deep learning algorithms [16-18] have turned the 

attention of the research community of the computer 

vision, including image retrieval [19–21]. In [16], a 

deep convolutional learning neural network is 

introduced, which detects image descriptors. It 

suggests three kinds of retraining techniques: (i) 

unsupervised retraining, if no information is 

available, except dataset; (ii) retraining with relevant 

information, if the labels of the training datasets are 

available; (iii) relevance feedback-based retraining, if 

feedback is available from users. A recent survey on 

the convolution neural network (CNN) reports that 

the CNN demands high memory and computational 

time, and it requires skill and experience to select 

suitable hyperparameters, such as the learning rate, 

kernel sizes of convolutional filters, the number of 

layers etc. [22]. Since the CNN demands high 

memory and computational time, it is difficult to 

deploy a volume of data on the mobile platform 

(restriction on memory resources) and on the PC 

environment with network. Moreover, it could also 

consume more time to retrieve images through the 

Internet.  

The distance measures play a significant role in 

matching and retrieving the images, especially, in 

content-based image retrieval (CBIR) system. The 

distance measures could be categorized into pairwise 

approach and distribution-based approach. The 

pairwise approach, first, extracts features, then 

matches them in a one-to-one manner. In this case, 

the users could not fix the number of images to be 

retrieved. To overcome this problem, in recent works, 

the extracted features are assumed to be a Gaussian 

random field or Markov Random field or Sigma field 

or Gibbs field, etc. and apply test statistics 

(distribution-based approach) to compare the 

similarity of the images. Moreover, in the context of 

CBIR, many statistical tests-of-hypothesis-based 

methods take the images directly without extracting 

features, i.e. avoid a separate feature extraction 

procedure. Since the distribution-based approach by 

itself computes statistical features like variance, 

standard deviation, covariance, mean vector, 

probability, etc., the computational complexity of the 

feature extraction is considerably reduced. Also, it 

facilitates the users to match and retrieve a specific 

number of images, by fixing the significance level of 

the test statistic accordingly the user’s own 

convenience. This is difficult in the case of pairwise 

approach, because there is no such an option.  

Johnson and Sinanovic [23] have analyzed the 

distance measures -- Kullback-Leibler divergence 

(KLD), Chernoff distance (CD), and Bhattacharyya 

distance (BD) -- with a viewpoint of statistical 

properties, and suggested that the CD measure 

performs better than the KLD and BD measures. 

Hence, an empirical study was conducted for image 

retrieval, based on CD measure, and the obtained 

results have been reported in [7]. The method 

proposed in this paper has been extended from [7] by 

incorporating a noise removal method, constructing a 

proper image database and its feature vector database. 

The databases were categorized using the fuzzy c-

means algorithm. The performance of the proposed 

method was measured by precision and recall, and the 

ANMRR methods. The obtained results evidence the 

reports in [23].  

1.1. Motivation 

The segmented homogeneous regions of a structure 

image or the whole texture image assumed to be a 

Gaussian process [4,9,24]. In this paper, an attempt 

was made to test whether a texture image has been 

distributed to a Gaussian process or not. 

 

  
(a): Input image (b): Input image 

    
(c): Statistical properties – Histogram with 

Normal curve of 

    
(d): Statistical properties – Histogram with 

Normal curve of  
Fig. 1 Texture images and their distributional properties 

 

The outcome of the test exposes some kind of texture 

images have not been distributed to Gaussian process 

because they do not follow the symmetric property of 

the Gaussian distribution, i.e. the histogram with 

normal curve presented in Figs. 1(c) and 1(d) are 

skewed to left and right tails respectively. The 

obtained results evidence this and the results have 

been presented in Figs. 1(a) and 1(b). At this juncture, 

in the case of fully automated image retrieval system, 

it is believed that the CD could lead to better retrieval 

results than the KLD and BD measures even if the 

whole texture image or regions of a structure image 

distributed to a Gaussian process or a non-Gaussian. 

Because the CD adapts itself according to the nature 

of the image data.  Moreover, despite the ESR [14] 
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and DTSD [15] methods claim region-based feature 

extraction, actually they extract features globally. 

Because the DTSD method selects multi-region 

features from background and foreground, and the 

ESR method extracts features from the extended 

salient region (covers multiple of regions). The 

DCNN also extracts features globally. As a result, 

these motivated us to develop the proposed method. 

 

 
 

Fig. 2. Overview of the propose work 

1.2. Outline of the proposed method 

The proposed method, first, pre-processes the input 

query image, that is, removes noise, and examines 

whether it is a color or grayscale. If the query image 

is a color, then it is converted to HSV color space; 

otherwise, it is treated as a grayscale and subjected to 

experiment as it is. Further, the query image is 

examined whether it is texture or structure. If it is a 

structure, then it is segmented into various 

homogeneous regions according to the structure of 

the image; and the regions are counted.   If the 

number of regions in the query and target images 

match, then the proposed method proceeds to the 

Chernoff test; otherwise, the matching process is 

dropped. One can easily identify whether the query 

and target images match or not, at the beginning of 

the retrieval process, by comparing the regions of the 

query and target images; by which the computation of 

the Chernoff test statistic can be avoided and the time 

complexity of the retrieval process could be reduced 

considerably. If the query image is a texture, the 

whole image is subjected to the experiment. If the CD 

value between the two images is less than or equal to 

the critical value of the Chi-square table, then it is 

inferred that the two images are same or similar; and 

they have been marked and indexed. The overall 

procedure of the proposed method is 

diagrammatically represented in Fig. 2. 

The rest of the paper is organized as follows. Section 

2 discusses the pre-processing method, and the 

proposed adaptive CD measure. Section 3 illustrates 

the image and its feature vector database construction 

while Section 4 deals with the performance measure. 

The experimental results are illustrated in Section 5. 

A discussion and concluding remarks are presented in 

Section 6 and Section 7 respectively.  

2. Proposed image retrieval method 

Many researchers, usually, assume the images as a 

Gaussian random field [4,9,24,25]. But, practically, 

this assumption is not applicable to all kinds of 

images. The Fig. 1 evidences this. In an automatic 

image retrieval system, it is difficult to identify the 

nature of the image data. In such cases, the KLD and 

BD measures are not appropriate because these 

measures strictly adhere to the Gaussian properties 

[25–28]. But, in such a context, the CD measure 

could be applied because it adapts itself, despite the 

images did not distribute to Gaussian process 

[25,27,28]. This is also one of the reasons why the 

proposed method is a fully automated. 

 

2.1 Pre-processing 

2.1.1 Image denoising  

The presence of noise could diminish the accuracy of 

the retrieval rate. Thus, it is indispensable to remove 

the noise before extracting the features. In order to 

remove or eliminate the effects of the noise, the 

proposed method adopts a pre-processing technique 

used in [29], which improves the efficacy of the 

proposed retrieval method, even if the images were 

rigorously affected by different kinds of noises. The 

denoising technique is expressed in Eq. (1). 
2 2f q r  ,            (1) 

where,  .  is the Euclidean norm; q is the mean of 

the intensity value, which can be expressed by 
p+n

i i

i=1

q = β θ(f ),  
iβ is a Lagrange multiplier; iθ(f )  is a 

vector of the pixel intensity values; f represents the 

intensity value of the pixel to be classified whether it 

is affected by noise or not. To classify the pixel 

intensity value f, the distance between the pixel and 

the mean intensity value is calculated. If this distance 
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is less than or equal to radius, r, i.e. it satisfies the 

condition in Eq. (1), then f is accepted as a normal 

pixel; otherwise, it is identified as noise affected. 
22

u u u

u u u

u u u

r = f - q = (f - q).(f - q)

    = (f ).(f ) + (q).(q) - 2(f ).(q)

    = K(f , f ) + K(q,q) - 2 K(f ,q)








          (2)
 

p+n p+n p+n

2
u u i k i k i i u

i=1 k=1 i=1

r  = K(f , f ) + β β K(f , f ) 2 β (f , f )           (3) 

where, u uK(f ,f ) is the Mercer kernel function, which 

is denoted by ( , ) ( ).( )u u u uK f f f f . The Eq. (3) can 

be derived by applying the conditions of the 

Lagrange-multiplier theorem and the Karush-Kuhn-

Tucker complementarity [30].  

The above denoising technique was applied to the 

images in the newly constructed image database, and 

the features were extracted. The extracted features 

were formed as a feature vector database (FV
db

). 

 

2.1.2 Image segmentation 

 

     
 
Fig. 3. row 1: actual image; row 2: segmented shapes. 

 

The shape in the structure images were segmented 

into various homogeneous regions, based on the 

intuitionistic fuzzy c-means technique [31], and 

features were extracted. The actual image and its 

segmented shapes have been presented in Fig. 3. 

 

2.2 Basis of adaptive distance measure 

Let 
c1

F  and 
c2

F be two classes of image datasets. Let 

F be an image with intensity values cif (c [red, 

green, blue]; i = 0, 1, 2, …, 255), which are non-

negative random variables with absolutely continuous 

distribution function. Let 
c1

p(F F )
 
be the conditional 

probability of the image, F, belongs to the image 

dataset, 
c1

F ; and the conditional probability of the 

image, F, belongs to the image dataset, 
c2

F , is 
c2

p(F F ).  The probability of classification error to 

assign the image, F to either
c1

F or 
c2

F can be 

bounded by the Chernoff bound as in Eq. (4). 
1 1 1 2

1 2( ) ( ) ( )
c c

c cP p p p F F p F F dy
   


 

     

(4)  

where, ε is the error bound; c1p and c2p  represent the 

a priori probability of the image dataset, 
c1

F and 

image dataset, 
c2

F ; and  c1 c2P ,P 0,1 .  The derivation 

of the adaptive distance measure is discussed in the 

next section. 

2.2.1  Proposed adaptive distance measure 

Let 
(q)

(c)f  and 
(t)

(c)f be intensity values of c-th color (c = 

1, 2, 3: red, green, and blue) of a pixel at location (k, 

l) of the query image 
q

F , and the target image 
t

F

distributed independent and identical to Gaussian 

process with mean vector (.)M  and covariance matrix

(.)Σ , that is, 
q qq

F ~ N(M ,Σ )  
and 

t t t
F ~ N(M ,Σ )  with 

a priori probability 
q

Pi
 and 

t
Pi

 (i: 0, 1, 2, …, 255), 

respectively. The 
q

Pi
 and 

t
Pi

 represent a priori 

probability of the i-th intensity value of the query and 

target images;  
q t

P ,P 0,1i i
. The integral part of the 

Eq. (4) can be written as in Eq. (5), from which a 

closed-form of the expression for the Chernoff upper 

bound, uε ,  can be derived as, 

1
q

( )

q
F F



   
   

   


t
C

t

f f
dx e

 


                         (5) 

q t
q t q t 1 q tT

q t
P P

1 q t

P P
C( )=CD(F ,F ) (M M ) (M M )

2

1
         log log  log .

2

i i
pooled

i i

pooled






   

  
       

  
  

   

(6) 

In Eq. (5), the term C(λ) is called the Chernoff 

distance, which can be written as in Eq. (6). In this 

case, the optimum 
q

Pi
 can be derived by solving the 

expression in Eq. (7) using the mean vector (.)M and 

the covariance matrix (.)Σ  of the query and target 

images. The 
t q

P 1 P i i and
q t

 0 P ,P 1 i i . 
q q t t

P P    pooled i i
; 

(.) T

r g bm m m      and 

 

2
rg rb

rr rg rb r
2

gr gg gb gr gb
g

2
br bg bb

br bg
b

ρσ ρσσ ρσ ρσ σ

Σ= ρσ σ ρσ = ρσ ρσσ
ρσ ρσ σ ρσ ρσ σ

 
   
   
   
    

 

q t q
q t T 1 q t

q t

dCD(F ,F ) 1 2P
(M M ) (M M ) 0

2d(P ,P )


    i

pooled

i i

   (7) 

q
Ni

and 
t

Ni
 represent the number of pixels of the i-th 

intensity value of the query and target images 

respectively.  

2.2.2  Signif icance and matching  
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If the query image, F
q
 and the target image, F

t
 are 

same or similar, then the terminology, null 

hypothesis, is used and denoted by Ho; if the images 

differ, which is termed as alternative hypothesis and 

denoted by Ha. The target image is retrieved, if the 

test formulated by a set of 
db

c ,FV   FV  called 

acceptance region, that is, accept Ho if 
q

cF   FV at the 

level of significance α. Otherwise, reject Ho, that is, 

accept Ha, means the query and target images differ. 

The level of significance means, the probability of the 

query and target images are to be same or similar at a 

particular (probability) point. To test the similarity of 

the F
q
 and F

t
, a hypothesis is framed as follows. 

Test of Hypothesis 

Ho: 
2

CD(Fq,Ft)   (similar)  

Ha: 
2

CD(Fq,Ft)   (dissimilar) 

 

The CD statistic is asymptotically distributed to Chi-

square 2
(χ ) distribution, so that the computed CD 

value is compared to the critical value of the Chi-

square table with degrees of freedom q t(n  n 1)   at the 

level of significance α; qn and tn are the number of 

pixels of the query and target images respectively. If 

the 2CD


 at the level of significance α, then it is 

inferred that the query and target images are same or 

similar; otherwise, the two images differ. Based on 

the significant CD value, the images are marked and 

indexed in an ascending order; the indexed images 

are retrieved. 

2.2.3 Advantages of the adaptive distance 

measure 

The proposed method adapts itself accordingly the 

nature of the image because the a priori probabilities, 
q

Pi  and 
t

Pi , are computed, using the expression in 

Eq. (7), based on the query and target images; and the 

a priori probability of 
q

Pi is not fixed arbitrarily to 

1 / 2  as in BD [25,26,32]. Thus, in the context of fully 

automated CBIR, the proposed method leads to better 

results than the KLD and BD measures for any kind 

of images. 

3. Image and Feature Databases Settings 

In order to implement the proposed method, an image 

database is constructed with 2,21,751 images. To 

maintain the heterogeneity of the image datasets, the 

images collected from benchmark datasets, and 

subjected to experiment. Of them, 3,573 images from 

Corel 10K image databases [33]; 4,288 images from 

VisTex image database; 5,656 images from CalTech 

image database [34]; 4,296 images from Holidays 

image database [35]; 2,508 images with size 128×128 

were photographed by a digital camera; 2,517 images 

with size 128×128 downloaded from websites. 

To validate the proposed method is robust for 

rotation, scaling and noise, the images were rotated 

through 90
o
, 180

o
, and 270

o
, and scaled in different 

sizes. Moreover, to emphasize the effici`ency of the 

proposed method, 4,589 noised images have been 

considered for the experiment. In addition to that 

1,524 multi-spectral satellite images have been 

incorporated in the image database. There are totally 

2,21,751 [(((3573+4288) ×16) + (5656 + 4296 + 2508 

+ 2517)) × 3 (rotated through 90
o
, 180

o
, and 270

o
) 

+44931 (scaled) + 4,589 (noisy) + 1,524 (satellite) = 

2,21,751] images in the image database. 

 

 
 
Fig. 4. Architecture of the feature vector and its images. 

 

Based on these image collections, an image database 

and a feature vector database (FV
db

) were constructed 

together. A link has been established between the FV 

and their corresponding images in the image database 

as depicted in Fig. 4. The FVc denotes the classes of 

the FV
db

; Ft and Fs represent the features of the 

texture and structure images;  MFVti and MFVsi 

denote the median value of the i-th class of the FV
db

; 

FVtij represents the j-th FV of the i-th class of the 

texture images; FVsijr represents the FV of the r-th 

region of the j-th FV (median of all the FVs of the 

regions) of the i-th class of the structure images; Itij 

and Isij represent the image, which corresponds to the 

j-th feature vector of the i-th class of the texture and 

structure features, respectively. 

 

3.1 Feature database construction 

The coefficient of variation (CV) was computed for 

each image in the image database using the 

expression in Eq. (8), and the CV was compared to a 

threshold t. If the CV > t, then the image was 

assumed to be a structure (due to various features 

with different shapes, normally, the variation among 

the pixels of the structure image is larger); otherwise, 

it was assumed to be a texture. The threshold t was 

fixed at 25 percent, i.e. t = 0.25. The threshold t was 

fixed after conducting a rigorous empirical analysis. 

Based on this test, the structure and texture images 
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were labeled and maintained separately in the image 

database. This helps to search the required image 

only from either the structure part or the texture part 

instead of searching the entire database; by which the 

searching time could be reduced considerably. 

σ
CV 100

f
                           (8)   

where, σ and f  are the standard deviation and the 

mean value of the pixel intensity values.  

The structure images were segmented into various 

homogeneous regions. The regions are denoted by rπ

and labeled with a numeric, i.e. r=1,2, …, m. The 

texture image considered as it is (not segmented). If 

the query image was a color, then it was modeled to 

HSV color space; otherwise, the image was treated as 

a grayscale and subjected to experiment as it is. The 

proposed retrieval method was employed on H, S, 

and V components individually for extracting 

features. On each region of the image, sample size 
t

N , mean vector 
t

M , covariance matrix
t
,  and a 

priori probability
t

Pi were computed; they were 

formed as a feature vector (
t

FV ), which belongs to 

FV
db

, i.e., dbt
FV   FV .  The extracted features were 

clustered into various classes, which are 

homogeneous, using intuitionistic fuzzy c-means 

algorithm. A median value was computed for each 

class. After the 
t

FV s  were indexed, based on the 

median, a link has been established between the 

images in the image database and their corresponding 
t

FV of each class. The extracted 
q

FV  compared with 

the index (median value) of the 
t

FV s  in the FV
db

, and 

the same or similar images were identified based on 

the expression in Eq. (6). The identified images and 

their 
q

FV have been categorized into the 

corresponding class of the FV
db

. If the 
q

FV  does not 

match with any class of the FV
db

, a new class was 

created and the 
q

FV  has been categorized into the 

new 
t

FV class. 

Algorithm 

Input: Input query image, q

I , of size M×N. 

Output: Retrieved Images. 

Step 1:  Uploads q

I . 

Step 2:  Performs pre-process with overlapping 

              windows of size 3×3. 

Step 3: Computes average intensity value for the 

             whole image,
 

q

I . 

Step 4: If the average intensity > 255,
 

q

I is color 

             then continue next Step 

          else q

I is grayscale goto Step 6. 

Step 5: Converts
q

I to HSV color space. 

Step 6: Computes CV, If CV > 0.25,
 

q

I is 

            structure then goto Step 10 

        else q

I is texture, continue next Step. 

Step 7: Computes q

P , q

M , and 
q

 and forms 
q

FV  

Step 8: Computes CD between q

FV  and t

FV . 

Step 9:  If 2
CD χ  goto Step 14 

Step10: Segregates shapes into various 

              homogeneous regions, and computes q

P , 
q

M , and 
q

 ; forms 
q

FV region-wise. 

Step 11: Compute CD region-wise. 

Step 12: If 2
CD χ  then goto Step 11 until all 

               regions are tested. 

Step 13: If all regions pass the CD test, then marks 

               the image. 

Step 14: Consider another t
FV from FV

db
and  goto 

               Step 8. 

Step 15: Retrieves the marked images. 

4. Performance measure 

To measure the performance of the proposed method, 

the Average Normalized Modified Retrieval Rank 

(ANMRR) measure was employed. Since it is a 

single measure of the performance, which considers 

both the number and order of the ground truth items 

that appear in the top retrievals [32]. The ANMRR 

and its derivatives have been expressed in Eqs. (9), 

(10), (11), and (12). Also, the performance of the 

proposed method was measured in terms of precision 

(P) and recall (R) [36], which are expressed in Eqs. 

(13), and compared with the state-of-the-art methods. 

The ANMRR value ranges zero to one; the lower 

values indicate the better retrieval rate. 
qN

q 1s

1
ANMRR NMRR(q)

N 

             (9) 

 
 

q

q q

AVR(q) 0.5 1 N
NMRR(q)

1.25K 0.5 1 N

 


 
         (10) 

The normalized modified retrieval ranking 

(NMRR(q)) score takes values between zero (whole 

ground truth found) and one (nothing found) 

irrespective of size of the ground-truth for query 

image, q, NG(q). The average rank (AVR) for a 

single query is computed as 
qN

k 1s

1
AVR(q) Rank(k)

N 

           (11) 

Rank(k),       if Rank(k)  K(q)
Rank(q)

1.25K(q),      if Rank(k) k(q)


 

      

   (12)   

The Rank(k) of the k-th item is defined as a position 

at which it is retrieved. An item with higher rank was 

given a constant penalty, if a number Ka 
≥ Na was 

chosen. The Kq is generally chosen to be 2Nq. 

tp
P=

tp fp
,   and 

tp
R=

tp fn
                  (13) 

where, tp denotes the number of relevant images 

retrieved; fp denote the number of irrelevant images 

retrieved; fn represents the number of relevant images 

not retrieved.  
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5. Experiments and results 

In order to validate the proposed method, the image 

database constructed in Section 3 was considered for 

the experiment. The input query was pre-processed, 

based on the expression in Eq. (2), and tested to 

identify whether it is a texture or structure. The input 

query was segmented into various homogeneous 

regions as discussed in Section 2.1.2, if it is a 

structure. The proposed method, first, identifies the 

number of shapes qπ , and compares with that of the

tπ of the dbt
FV   FV .  If it satisfies the criterion in Eq. 

(14), then the system proceeds the retrieval process; 

otherwise, it was dropped. 

q

α

t

π
1 100     t

π

  
     

  
,         (14) 

where, αt is a criterion to match the shapes in the 

images, and it was fixed to 20%, i.e. tα = 0.2. Either 

the query image or the target image, which has a 

smaller number of shapes placed in the numerator and 

the larger number placed in the denominator. The N
q

, 

M
q

, Σ
q

, and P
q

 were computed on each region of the 

query image. If the query image is a texture, then the 

features were extracted from the whole image. The 

similarity of the query and target images was 

identified by employing the adaptive CD measure, 

which computes the distance between the FVs, N
q

, 

M
q

, Σ
q

, P
q

, of the query image and the FVs, N
t
, M

t
, 

Σ
t
, P

t
, of the target image. 

To validate the proposed method, a number of 

structure images were subjected to experiment; owing 

to space constraint, for a sample, only the face images 

have been presented in Fig.5. The image in Fig. 5(a) 

was inputted as a query, for which, the proposed 

method retrieved the images in row 1 of the Fig. 5(b) 

at the level of significance, 0.05, i.e., α = 0.05. At α = 

0.10, the images in rows 1 and 3 were retrieved. 

Similarly, all the images in Fig. 5(b) were retrieved 

while α = 0.18. 

Moreover, the CalTech and Holidays images were 

subjected to experiment; the images in column 1 of 

the Fig. 6 given as an input query to the proposed 

system, for which, the images in column 2 were 

retrieved at α = 0.05; images in columns 3 and 4 were 

retrieved while fixing α = 0.12; the images in 

columns 2–6 were retrieved at α = 0.20. 

 

 

      

      

      

(a) (b): retrieved images. 

 
Fig. 5(a): input query image of size 128  144. (b): retrieved target 
images. 

 
 

Fig. 6. CalTech and Holidays images. 

 

  

 

      

      

      

(a) (b): retrieved images. 
 

Fig. 7. Satellite images - Water-bank images.  

 

An attempt was made to test the applicability of the 

proposed method for multi-spectral satellite images. 

For a sample, a few of them have been presented in 

Fig. 7. The proposed method retrieved the images in 

column 3 of the Fig. 7(b) at α = 0.10; the images in 

columns 3 and 4 were retrieved at α = 0.15; images in 

columns 3–6 were retrieved while fixing α = 0.20; all 

the images in Fig. 7(b) were retrieved while α = 0.25. 

Though, the proposed method was not developed 

exclusively for satellite imagery retrieval, it yields 

good results. The obtained results have been 

presented in Table 1. The line graphs were drawn for 

the precision and recall values obtained at various 

significant levels, and they have been presented in 

Figs. 8, and 11. A Bar chart also drawn for the 

precision values, and it has been shown in Fig. 9. 
 

5.1 Comparative study 

In order to evaluate and validate the performance of 

the proposed method, the ANMRR, precision (P) and 

recall (R) scores were computed, and compared with 

the state-of-the-art methods: DCNN [16], ESR [14], 

DTSD [15], KLD [37], and BD [32]. The ANMRR 

scores obtained were represented with a Bar chart, 

and has been presented in Fig. 10. The output results 

reveal that the proposed method yields better results 
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than the state-of-the-art methods. The average 

precision and recall, and ANMRR score obtained 

have been presented in Table 1. 

5.2 Computational time complexity 

The proposed and the state-of-the-art methods were 

implemented through Java SE 7 compiler with the 

system specification: Intel Core i5-4440 processor-

based PC with 4GB DDR3 RAM. The time 

consumed for feature extraction, matching, and 

retrieving was measured in seconds, and the obtained 

results have been presented in Table 2. The output 

results reveal that the proposed method consumes 

lesser time than the state-of-the-art methods. 

 

 
 

Fig. 8. Precision versus significance level (α) of the test statistic. 

 

The DCNN uses a number of layers, such as five 

types of convolutional layers, sub-sampling layers 

with non-linear neural network activation, and a fully 

connected layers with appropriate activation 

functions. Because of a lot of computational 

procedures involved, it demands high computational 

time. The ESR method detects salient region and its 

surrounding regions, and combines them, then derives 

the extended salient region. Also, converts the 

rectangular coordinates to polar coordinates, and uses 

Bag-of-words model and a graph-based model.   

Finally, it performs matching and retrieving 

processes. As a result, it requires high computational 

time than the proposed method, but at the same time 

it is superior than the DCNN and DTSD methods. 

The DTSD method segments the images into 

foreground and background using Otsu algorithm, 

and the features of the multi-regions extracted; H and 

S components are quantized into histogram bins, 

which obtains a detailed description of the color 

differences. Finally, the DTSD is extracted, based on 

V component to represent the edge information as a 

feature. This leads to a lengthy computational 

procedure. 

 

 
 

Fig. 9. Precision versus significance level (α) of the test statistic. 

 
 

Fig. 10. Comparison of various methods. 

 

 

 
 

Fig. 11. Recall versus significance level (α) of the test statistic. 
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Table 1. Performance of the proposed method with other existing methods - average precision (AP), average recall (AR), and ANMRR Score. 

 

Image 

Database 

Proposed 

Method 
DCNN DTSD Method ESR Method KLD Method BD Method 

 
AP AR ANMRR AP AR ANMRR AP AR ANMRR AP AR ANMRR AP AR ANMRR AP AR ANMRR 

CalTech & 

Holidays 
0.8223 0.1779 0.5486 0.7925 0.2269 0.5698 0.7285 0.3018 0.5781 0.7051 0.3195 0.5801 0.7293 0.3052 0.5967 0.7037 0.3256 0.6897 

Corel 0.8227 0.2078 0.5193 0.8116 0.2185 0.5428 0.8125 0.2197 0.5378 0.7924 0.2259 0.5489 0.8098 0.2207 0.5765 0.7736 0.3014 0.5958 

Structure 

Images 
0.8850 0.0813 0.3834 0.7654 0.2251 0.6246 0.7557 0.2914 0.6159 0.8053 0.2206 0.5451 0.7413 0.2895 0.5839 0.8018 0.2218 0.5796 

Satellite 

Images 
0.7805 0.2284 0.5749 0.7764 0.2206 0.6253 0.7598 0.2895 0.5426 0.7954 0.2289 0.5460 0.7359 0.3052 0.5996 0.7021 0.3317 0.6346 
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Hence, it demands more time than the proposed 

method, whereas it requires lesser time than the 

DCNN method. Though, the KLD and BD methods 

require low computational time, they yield low 

retrieval rate. The obtained results show that the 

proposed method consumes lesser time than the 

existing methods. 
 

Table 2. Comparison of time (second) taken by different methods 

for feature extraction and, matching and retrieving. 

 

Time 

taken 

Proposed 

method 
DCNN DTSD ESR KLD BD 

Feature 

extraction 
0.683 0.978 0.846 0.802 0.735 0.698 

Matching 
and 

retrieval 
0.045 0.086 0.071 0.061 0.069 0.054 

Total 0.728 1.064 0.917 0.863 0.804 0.752 

6. Discussion 

The proposed method was compared with the state-

of-the-art methods in terms of precision, recall, 

ANMRR score, and computational time complexity. 

The proposed method yields better results for 

structure images, and marginally high results for 

CalTech and Holidays, and Corel image datasets 

compared to the state-of-the-art methods. Moreover, 

it yields moderate results for satellite images with less 

computational time. Because some of the CalTech 

and Holidays, Corel images, and satellite images have 

attributed to more texture or semi-structure properties 

than the structure. So that the proposed method faces 

a bit of difficulty in segregating the regions. This is 

the reasoning, the proposed method yields moderate 

results for CalTech and Holidays, Corel images, and 

satellite images. The reason behind the proposed 

method outperforms the state-of-the-art methods, in 

the case of structure images, it extracts features 

region-wise and matches region-wise, but the state-

of-the-art methods extract features globally and 

retrieve. This may be the reason the state-of-the-art 

methods yield moderate results for CalTech and 

Holidays, Corel images, and satellite images. 

Generally, the features extracted globally do not give 

better results for structure images in the context of the 

automated CBIR. The proposed method retrieves 

exactly the same and very similar images while fixing 

α at or less than 0.15, at the same time it misses to 

retrieve the relevant (not similar) images; but it 

returns same and all the relevant images while fixing 

α at or greater than 0.2 (i.e. increasing critical  

region). 

As discussed earlier, in an automatic image retrieval 

system, it is difficult to identify the nature of the 

image data. The proposed method overcomes this 

problem, because the Chernoff distance adapts itself 

according to the nature of the images, but the KLD 

and BD measures do not adapt themselves. The KLD 

and BD, also, have a constraint, such that the images 

should have been distributed to the Gaussian process, 

whereas there is no such a constraint in the case of 

the Chernoff distance. Hence, in the case of an 

automatic image retrieval system, the CD measure 

leads to better results than the KLD and BD 

measures. Moreover, the BD is a special case of the 

Chernoff distance [26]. Therefore, the proposed 

method is more appropriate to an automatic image 

retrieval system when compared to the state-of-the-art 

methods. 

7. Conclusion and future extension 

The proposed method converted the query image 

from RGB to HSV color space, if it is a color; 

otherwise, the image was treated as a grayscale. The 

structure query image was segmented into various 

homogeneous regions, and features extracted from 

each region, if it is a structure; otherwise, the image 

was treated as a texture, and the whole image 

subjected to the experiment as it is. The extracted 

features were formed as a FV and classified into 

different classes, based on the median value of the 

FVs of each class. Each class contains similar FVs, 

whereas the median (index of the class) value of each 

class differs from each other. The features extracted 

from each region of the structure image were formed 

as a FV and labeled with a numeric; this labeling 

method considerably reduces the searching and 

matching time. The obtained results were compared 

to the state-of-the-art methods, which reveal that the 

proposed method yields better results.  

The proposed method can be extended to pattern 

recognition and matching, especially, face 

recognition, iris recognition, and video retrieval, 

because it adapts itself accordingly the nature of the 

images. This method is very suitable for video 

retrieval and classification, because most of the video 

frames contain structure objects. An Eigen space can 

be formed by deriving eigenvectors from each object 

(region) of the frame. Based on the eigenvectors, the 

video frames could be matched and retrieved. 
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