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ABSTRACT 
This paper proposes a new feature descriptor, localized color descriptor for content based image retrieval 

(CBIR). The proposed method collects the local histograms from red (R), green (G) and blue (B) color spaces. 

These local histograms are collected by dividing the images into subblocks (regions). The performance of the 

proposed method is tested by conducting experiments on Corel-1000, natural benchmark database. The 

performance of the proposed method is evaluated in terms of precision, recall, average retrieval precision 

(ARP) and average retrieval rate (ARR) as compared to the global RGB histograms, global HSV histograms 

and other existing features for image retrieval. The performance of the proposed method also tests with different 

distance measures. The results after being investigated the proposed method shows a significant improvement as 

compared to the other existing methods in terms of precision, recall, ARP and ARR on Corel-1000 database. 
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I. INTRODUCTION 

A. Motivation 

Recent years have seen a rapid increase in the size of digital image collections. Every day, both 

military and civilian equipment generates gigabytes of images. A huge amount of information is out 

there. However, we cannot access or make use of the information unless it is organized so as to allow 

efficient browsing, searching, and retrieval. Image retrieval has been a very active research area since 

the 1970s, with the thrust from two major research communities, database management and computer 

vision. These two research communities study image retrieval from different angles, one being text-

based and the other visual-based. 

The text-based image retrieval can be traced back to the late 1970s. A very popular framework of 

image retrieval then was to first annotate the images by text and then use text-based database 

management systems (DBMS) to perform image retrieval. Many advances, such as data modelling, 

multidimensional indexing, and query evaluation, have been made along this research direction. 

However, there exist two major difficulties, especially when the size of image collections is large 

(tens or hundreds of thousands). One is the vast amount of labour required in manual image 

annotation. The other difficulty, which is more essential, results from the rich content in the images 

and the subjectivity of human perception. That is, for the same image content different people may 

perceive it differently. The perception subjectivity and annotation impreciseness may cause 

unrecoverable mismatches in later retrieval processes. Comprehensive and extensive literature survey 

on CBIR is presented in [1]–[4]. 

Two major approaches, including spatial and transform domain-based methods can be identified in 

CBIR systems. The first approach usually uses pixel (or a group of adjacent pixels) features like color 

and shape. Among all these features, color is the most used signature for indexing. Color histogram 

[5] and its variations [6] were the first algorithms introduced in the pixel domain. Despite its 
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efficiency, color histogram is unable to carry local spatial information of pixels. Therefore, in such 

systems retrieved images may have many inaccuracies, especially in large image databases. For these 

reasons, two variations called image partitioning and regional color histogram were proposed to 

improve the effectiveness of such systems [7, 8]. Color Correlogram is a different pixel domain 

approach which incorporates spatial information with color [9, 10]. Color spatial schemes like color 

Correlogram offer more effectiveness in comparison with color histogram methods with little 

efficiency reduction. Despite the achieved advantage, they suffer from sensitivity to scale, color and 

illumination changes. Edge orientation Auto-Correlogram [11] was an effort to reduce the sensitivity 

of color Correlogram method to color and illumination variations. Shape-based and color shape- 

based systems using snakes [12], contour images, and other boundary detection methods [11, 13], 

were also proposed as pixel domain methods. 

B. Related Work 

Second feature, texture features (transform domain) currently in use are mainly derived from multi-

scale approach. Liu and Picard [14] have used Wold features for image modeling and retrieval. In 

SaFe project, Smith and Chang [15] used discrete wavelet transform (DWT) based features for image 

retrieval. Ahmadian et al. used the wavelet transform for texture classification [16]. Do et al. proposed 

the wavelet transform (DWT) based texture image retrieval using generalized Gaussian density and 

Kullback-Leibler distance (GGD &KLD) [17]. Unser used the wavelet frames for texture calsification 

and segmentation [18]. Manjunath et al. [19] proposed the Gabor transform (GT) for image retrieval 

on Bordatz texture database. They have used the mean and standard deviation features from four 

scales and six directions of Gabor transform. Kokare et al. used the rotated wavelet filters [20], dual 

tree complex wavelet filters (DT-CWF), dual tree rotated complex wavelet filters (DT-RCWF) [21], 

rotational invariant complex wavelet filters [22] for texture image retrieval. They have calculated the 

characteristics of image in different directions using rotated complex wavelet filters. Birgale et al. [23] 

and Subrahmanyam et al. [24] combined the color (color histogram) and texture (wavelet transform) 

features for CBIR. Jhanwar et al. [25] have proposed the motif co-occurrence matrix (MCM) for 

content based image retrieval. The MCM is derived from the motif transformed image which is 

calculated by dividing the whole image into non-overlapping 2×2 pixel patterns. They also proposed 

the color MCM which is calculated by applying MCM on individual red (R), green (G), and blue (B) 

color planes. 

The main contributions of this paper are summarized as follows. (a) This paper proposes a localized 

RGB histogram based feature descriptor. These features are collected by dividing the image into 

subblocks. (b) The performance of the proposed method is analyzed with different distance measures 

on Core-1000 database in terms of precision, recall, average precision (ARP) and average retrieval 

rate (ARR). 

C. Organization of Manuscript 

The organization of the paper as follows: In section I, a brief review of image retrieval and related 

work is given. Section II, presents a concise review of Color spaces. Section III, presents the feature 

extraction and similarity measure. Experimental results and discussions are given in section IV. Based 

on above work conclusions are derived in section V. 

II. COLOR SPACES 

A. RGB Color Space 

The predominant color representation used in Image retrieval is the RGB [13] color space 

representation. In this representation, the values of the red, green, and blue color channels are stored 

separately. They can range from 0 to 255, with 0 being not present, and 255 being maximal. A fourth 

channel, alpha, also provides a measure of transparency for the pixel. The distance between two pixels 

is measured using Eq. (1). 

3

(255 Re ).(255 ).(255 )

255

d Green Blue     
       (1) 
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Where ∆Red is the red channel difference, ∆Green is the green channel difference, and ∆Blue is the 

blue channel difference between the two pixels being compared. This distance metric has an output in 

the range of [0-1]. When used to compare pixels, a cut-off, usually between 0.6 and 0.8, is used to 

decide whether the two pixels are similar to each other. Because the distance measure is based on the 

absolute difference between pixel color values, the size of the neighbourhood of similarity for a given 

cut-off value is the same regardless of the location of the pixel value being compared to in the RGB 

color space. 

Although this color space description does not always match the intuition for color similarity of 

people, it does provide an easy method for pixel value comparison. In most cases it performs 

agreeably well, as it can differentiate gross color differences. It is also computationally cheap as 

compared to any other color space representations; because the Red-Green-Blue color channel 

differentiation is used in most images formats and therefore is readily available. 

B. HSV Color Space 

The alternative to the RGB color space is the Hue-Saturation-Value (HSV) color space. Instead of 

looking at each value of red, green and blue individually, a metric is defined which creates a different 

continuum of colors, in terms of the different hues each color possesses. The hues are then 

differentiated based on the amount of saturation they have, that is, in terms of how little white they 

have mixed in, as well as on the magnitude, or value, of the hue. In the value range, large numbers 

denote bright colorations, and low numbers denote dim colorations. 

This space is usually depicted as a cylinder, with hue denoting the location along the circumference of 

the cylinder, value denoting depth within the cylinder along the central axis, and saturation denoting 

the distance from the central axis to the outer shell of the cylinder. This is depicted in Fig. 1(a) on the 

left. This description, however, fails to agree with the common observation that very dark colors are 

hard to distinguish, whereas very bright colors are easily distinguished into multiple hues. A system 

more accurate in representing this is shown in Fig. 1(b) on the right, which is the model used for the 

HSV color space representation in the Image retrieval system. 

The computation of hue, saturation, and value can be performed as detailed below. In the text below, 

as in the figures, h stands for hue, v stands for value, and s stands for saturation. The RGB colors are 

similarly represented, with r for red, g for green, and b for blue. The remainder of the variables are 

temporary computation results. All of these computations have to be computed on a pixel-by-pixel 

basis. 

   
         (a)                                                                   (b) 

Fig. 1: Two HSV color space representations. 

The cylindrical representation is a good approximation, but the conical representation results in better 

performance. 

max( , , ).v r g b       (2) 

            

               (3) 

 
Here, max denotes a function returning the maximum value among its arguments, and where min 

denotes a function returning the minimum value among its arguments. 

min( , , )v r g b
s
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The value computation, as defined in Eq. (2), maps to the range of values which r, g, and b can take. 

III. FEATURE EXTRACTION 

Each image from the database is analyzed using localized RGB histograms. Firstly, the RGB image is 

divided into non-overlapped subblocks. Then the individual R, G and B histograms are calculated for 

each subblock. Finally, the feature vector is constructed by concatenating all the histograms. The 

algorithm of the proposed system is given bellow. 

 

Algorithm: 

Input: Query Image/Database Image;  Output: Feature Vector 

1. Load the color image. 

2. Separate the R, G and B color spaces. 

3. Quantize the each color space. 

4. Divide the each color space into subblocks. 

5. Calculate the histograms for each subblock. 

6. Form a feature vector by concatenating the histograms. 

 

A. Similarity Distance Measure 

In the presented work four types of similarity distance metric ares used as shown follows. 

Manhattan or L1 or city-block Distance 

This distance function is computationally less expensive than Euclidean distance because only the 

absolute differences in each feature are considered. This distance is sometimes called the city block 

distance or L1 distance and defined as 

( , ) ( ) ( )i ji
D Q T f Q f T           (8) 

Euclidean or L2 Distance  

The Euclidean distance is defined as: 

 
1 22

( , ) ( ) ( )i ji
D Q T f Q f T          (9) 

The most expensive operation is the computation of square root. 

D1 Distance 
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Canberra Distance 
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where Q is query image, Lg is feature vector length, T is image in database; 
,I if is thi  feature of image 

I in the database, ,Q if is thi feature of query image Q. 

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS 

In this paper, retrieval tests are conducted on Corel-1K database and results are presented as follows. 

Corel database [26] consists of large number of images of various contents ranging from animals to 

outdoor sports to natural images. These images have been pre-classified into different categories each 

of size 100 by domain professionals. Some researchers think that Corel database meets all the 

requirements to evaluate an image retrieval system, due its large size and heterogeneous content. We 

have collected 1000 images to form database Corel–1K. These images are collected from 10 different 

domains namely Africans, beaches, buildings, buses, dinosaurs, elephants, flowers, horses, mountains 

and food. Each category has NG (100) images with resolution of either 256×384 or 384×256. Fig. 5 

shows the sample images of Corel–1K database (one image from each category). 

In all experiments, each image in the database is used as the query image. For each query, the system 

collects n database images X=(x1, x2, …, xn) with the shortest image matching distance computed 

using  (12). If the retrieved image xi=1, 2, …., n belongs to same category as that of the query image 

then we say the system has appropriately identified the expected image else the system fails to find 

the expected image. 

The performance of the proposed method is measured in terms of precision, recall, average retrieval 

precision (ARP) and average retrieval rate using Eq. (12) to Eq. (17). 

.
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.
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where 1N is number of relevant images and 1 is number of groups. 
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Fig. 2: Comparison of the proposed method with other existing methods in terms of: (a) ARP and (b) ARR on 

Corel-1000 database. 

Table I & Fig. 2 (a) and Table II & Fig. 2 (b) summarize the retrieval results of various methods in 

terms of average retrieval precision and average retrieval rate respectively. Fig. 3 summarize the 

performance of proposed method with different distance measures in terms of average retrieval rate. 

From the Tables I to II and Fig. 6 the following points can be observed: 

1. The average retrieval precision of proposed method (64.1% to 44.29%) is more as compared to 

Jhanwar et al. (58.7% to 39.0%), RGB Hist. (62.14% to 41.76%) and HSV Hist. (63.7% to 

42.6%). 

2. The performance of the proposed method with d1 distance is more as compared to Canberra, 

Euclidean and Manhattan distances in terms of average retrieval precision. 

From Tables I to II, Fig. 2, Fig. 3 and above observations, it is clear that the proposed method is 

outperforming the other existing techniques in terms of ARR and ARP. Fig. 4 illustrates the query 

results of the proposed method on Corel-1000 database (top left image is the query image). 
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Fig. 3: Comparison of proposed method with various distance measures on Corel-1000 image database. 

Table i: performance of various methods in terms of group precision on corel-1000 database. 

Precision (%) 

Jhanwar et al. RGB Hist. HSV Hist. PM 

53.15 84.1 66.7 75.0 

43.85 52.7 32.2 49.6 

48.7 52.5 56.8 44.8 

82.8 52 83.4 65.6 

95 100 99.8 100.0 

34.85 69 50.65 70.1 

88.35 82.6 66.2 87.4 

59.35 91.3 87.25 94.6 

30.8 33.1 24.75 48.3 

50.4 77 69.95 70.8 

58.72 62.14 63.77 64.1 

Table II: Performance of various methods in terms of Group Recall on Corel-1000 database. 

Recall (%) 

Jhanwar et al. RGB Hist. HSV Hist. PM 

32.21 48.33 42.94 44.53 

29.04 26.38 19.4 25.69 

27.7 24.38 34.99 23.38 

48.66 34.45 63.77 43.57 

81.44 98.37 90.35 98.35 

21.42 36.48 29.01 33.92 

63.53 49.46 32.86 62.72 

35.84 45.29 50.82 49.45 

21.75 17.5 14.55 23.24 

29.02 37.01 47.82 38.09 

39.06 41.76 42.65 44.29 
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Fig. 4: Two query results of the proposed method on Corel-1000 image database. 

V. CONCLUSIONS AND FUTURE WORK 

A new image indexing and retrieval algorithm using localized RGB histogram is proposed in this 

paper. The performance of the proposed method is tested by conducting experimentation on Corel-

1000 natural image database. The results after being investigated show a significant improvement in 

terms of precision, recall, average retrieval rate and average retrieval precision as compared to other 

existing techniques on Corel-1000 image database.  

In this paper, we propose a new color feature for image retrieval. Further, the performance of the 

CBIR system can be improved by integrating the proposed color feature with the texture features like, 

local binary patterns (LBP), local ternary patterns (LTP), local derivative patterns (LDP), local tetra 

patterns (LTrP), etc,. 
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