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Abstract

This paper proposes a novel method based on statistical tests of hypotheses, such as F-ratio and
Welch'’s t-tests. The input query image is examined whether it is a textured or structured. If it is
structured, the shapes are segregated into various regions according to its nature; otherwise, it is
treated as textured image and considered the entire image as it is for the experiment. The afore-
said tests are applied regions-wise. First, the F-ratio test is applied, if the images pass the test, then
it is proceeded to test the spectrum of energy, i.e. means of the two images. If the images pass both
tests, then it is concluded that the two images are the same or similar. Otherwise, they differ. Since
the proposed system is distribution-based, it is invariant for rotation and scaling. Also, the system
facilitates the user to fix the number of images to be retrieved, because the user can fix the level of
significance according to their requirements. These are the main advantages of the proposed sys-
tem.
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1. Introduction

A manifold applications and services of the computer vision and vision communication, viz. transmission of
volume of images—medical images, aerial images, heterogeneous data in business, image communication in
military, traffic management, cine field, etc., cause a proliferation in the image repository and retrieval for the
past two decades. Typical application domains, such as aerial view images in remote sensing, medical images,
fingerprints in forensics, museum collections in an art gallery, and registration of trademarks and logos, etc., ef-
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fectively utilize the applications of the image mining and image repository. In recent years, the fast evolution of
network technology also makes the computer vision and information retrieval more and more efficient and ef-
fective. The advancement in computer networks and in communications facilitates the users to search desired
images stored in the image repository on a remote server via network.

Nowadays, a number of approaches such as distributional approach [1]-[4], probability-based approach [5] [6],
distance measures-based approach [7]-[9], and statistical tests of hypotheses-based approach [4] are available for
image retrieval. Though a number of approaches are available, the tests of the hypothesis-based approach play a
noteworthy role in the image retrieval. Because the tests of the hypothesis-based approach is distribution-based
and it permits the users to fix the level of significance for the test of hypothesis, it enables the users to fix the
number of images to be retrieved, only those are required; and it also facilitates the automatic image retrieval
system [4].

Most of the techniques have been developed, based on the contents of the images, namely low-level global
visual features, viz. color properties, shape, texture, spatial orientation, etc., which are used as a query for the re-
trieval process [10]-[13]. In the last two decades, the Content-Based Image Retrieval (CBIR) system emerged as
great potential for retrieving images, too. At the initial stage, the CBIR system takes the features of the images
into account as single representation (global). Subsequently, many researchers suggested that the important fea-
tures of the individual objects cannot be sufficiently represented by a single signature computed on the entire
image, and there is a gap between the visual features and semantic concepts of the images [14]. In sequel, re-
gion-based method has been developed [15]-[19], which represents the focus of the users’ perceptions on the
image contents. This overcomes the drawbacks in [14]. The methods proposed in [3] [13] [20]-[23] classify or
segment the entire image into various regions according to the objects or structures present in the image, and
then the region-to-region comparison is made to measure the similarity between two images [3] [12] [21] [22].
The method proposed in [24] evaluates the shape descriptors on the shape-based image retrieval; and reports that
the region-based descriptors, viz. moment-based and angular radial transform, yield better results than the con-
tour-based Fourier descriptor and curvature scale space. But these techniques demand more computational time
complexity, because it adopts Fourier transform and computes the curvature scale space. Normally, the Fourier
transform leads to computational complexity; and the computation of the curvature or contour also demand
computational time complexity. The method proposed in [25] retrieves only the textured images and gray-scale
images. This technique uses othogonality test, it demands computational complexity.

To overcome this drawback, this paper introduces content-based image retrieval method, which employs re-
gion-based method using statistical tests of hypothesis, such as test for equality of variances of the query and
target images; and if both images pass the test then those are included into the test for equality of mean values,
i.e. spectrum of energy [26] [27]. First, the input query image is segmented into various regions according to its
structure. If it is gray-scale, it is considered as it is; otherwise, it is assumed that the image is color and it is
transformed to HSV color model. The V represents the intensity values of the pixels, and also it represents the
gray-scale. The test statistic expressed in equation (2), i.e. F-ratio test, tests the equality of the variances of the
query and target images region-wise. If the variances pass the test, then it is proceeded to perform the equality of
mean values of both the images region-wise, i.e. Welch’s test is applied. If the variances and mean values pass
the two tests at a particular significant level, namely according to users’ suit, it is inferred that the two images
are the same or similar; otherwise, it is concluded that the two images are not similar. The proposed technique
does not demand computational time since the regions in the image are segregated simply by subtracting the
colors. For instance, the red and red oriented region is segregated by subtracting the green and green oriented
colors, blue and blue oriented colors from the red oriented colors, because the red oriented color dominates (red
pixels’ intensity values are larger than the green and blue colors) other colors in the red oriented region. Also,
the proposed techniques, i.e. F-ratio test and Welch’s test, are simple in terms of computational time. Thus, it
demands less computational time.

Welch’s test is the most significant and powerful when the sample sizes and the variances of the two groups
are unequal [26] [27], while compared to that of the student’s t-test, it is easy to make the correct choice. Gener-
ally, the size of the target image is not known in the automatic image retrieval systems; and the size of the target
images may differ from the query image; and there is no any guarantee or constraint that the variances of the
query and target images are to be equal. Thus, in this paper, the Welch’s test is adopted, because it is robust for
the sizes and the variances of the query and target images are not the same or unequal.

Overview of the Proposed Method
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To verify and validate the proposed methods, a new dataset is constructed which contains a manifold images.
The images are collected from various databases. First, the proposed system segments the input query images
into various shapes according to its nature as depicted in Figure 1. If the segmented query image is color, then it
is modelled to HSV color space; otherwise, it is treated as gray-scale image. The intensity values of the gray-
scale image are considered for the experiment as it is. The color features are extracted from H and S components;
and the texture features are extracted from the V components. Then the test for equality of variances and test for
equality of mean values are applied on the color and texture features of the query and target images. If the out-
come of these two tests is positively significant, then it is concluded that the query and target images are the
same or similar. Otherwise, they belong to different groups.

The rest of the paper is organized as follows. The proposed test statistics are discussed in Section 2; the expe-
rimental settings, database design and construction are demonstrated in Section 3. Section 4 presents the meas-
ure of performance, while the experimental results are discussed in Section 5. The conclusion is concluded in
Section 6.

2. Bases of the Proposed Test Statistics

Generally, when capturing an image through a camera (digital or analog) or scanning through a scanner, there
are many possibilities for including noise in the image. The inclusion of noise is a random process, which is in-
dependent and identically distributed to Gaussian random process. Let the intensity value f at location (k, I) be a
random process, and it is represented as f (k, 1). Hence, an image is assumed to be Gaussian Random field [3],
[4].

The pixel f(k,1)e )3 is a linear combination of three colors, namely red, green, and blue, i.e.
f(k1)= {r(k, 1).,a(k, I),b(k,l)} . The mean intensity value of each color is represented by x, and the variation
is denoted by o°. The Gaussian density function of the f (k, I) for each color is given by

1
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The density function in Equation (1) can be denoted as N (X,,u/azg and the distribution law as N (,u,az) ,
where mean x and variance o are parameters of the Gaussian distribution. As discussed in section 1, first the
F-ratio test is employed to test the variances of the query and target images; if it passes, next the Welch’s test is

performed.
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Figure 1. Segmented shapes. (a): actual image; (b): red component; (c): green
component; (d): blue component; (e): combination of green and blue; (f): combi-

nation of red and green.
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2.1. Test Statistics for Equality of Variances

Let the intensity values F, = fql, fqz,---, fq”) and F, :(ftl, 2, ft”? of the query and target images be in-
dependent and identically distributed samples from two normal populations. In order to test the interactions
among the pixels within an image and variations between the images, the F-ration test is performed. The test sta-
tistic is expressed as in Equation (2). The test of the hypothesis is framed for two-tailed test as follows.

Hypotheses:

H, 1o, =0, (Similarity)

H, 1o, # o, (Non-similarity)

%
O-l
Let
2 1 & )2
o, = f,—f 3)
q n, _1;( q q)
and
1 & —\2
2 [ p—
ot =l 1) @
be the sample variances of the query and target images respectively.
Let
— 1D
fo=—2 1 ®)
q i=1
and
— 10
o (6)

be the sample means of the query and target images respectively; n, and n, are the number of pixels in the
query and target images respectively; f, and f, are the standard deviations of the query and target images.

Critical Region: If the F-ratio value is less than the critical value, F,, ., with degrees of freedom n, -1
and n, -1, and the significance level a, it is inferred that the query and target images are same or similar; oth-
erwise, it is concluded that the two images differ. The critical value F,, is referred to the F distribution in the sta-

tistical table.

2.2. Test Statistics for Equality of Mean Values

If the test for equality of variances and the means manifest that the query and target images pass the tests such as
F-ratio and Welch’s, it is concluded that the two images are same or similar; otherwise, it is assumed that they
belong to different groups. The Welch’s test statistic is expressed as in Equation (7), which compares the mean
values of the query and target images. The test of the hypothesis is framed for two-tailed test as follows.

Hypotheses:

Ho @ py = 4 (Similarity)

H, 4, # 1 (Non-similarity)

()

The u, and g are mean values of the query and target images that can be computed using the expression
presented in Equations (5) and (6) respectively. The sg and s? are the sample variances of the query and tar-



K. Seetharaman, S. Selvaraj

get images respectively those can be computed using the expressions in Equations (3) and (4). The variances of
the query and target images are computed separately. The degrees of freedom, v, is calculated using the formula
given in Equation (8), which is used to refer to the statistical table for the significant level a.

2
2 2
n n
- 2 2 (8)
2 2
S S
q + t
nq n,
n -1 n -1

Critical Region: If the WT value is less than the critical value, t,, v with degrees of freedom, v, and the signi-
ficance level a, it is inferred that the query and target images belong to the same class. Otherwise, it is con-
cluded that they belong to different classes of image datasets. The critical value t, is referred to the t-distribution
in the statistical table.

3. Experimental Settings and Database Design

Experimental Settings: The input query image is examined whether it is color or gray-scale. If the query image
is gray-scale, the shapes in the image are segregated into various regions as depicted in Figure 1. If it is color
image, first, the shapes are segregated into various regions, and are transformed to HSV color space. The HSV
color space yields better results than the others. The number of shapes in the query and target images is com-
pared. If the shapes in the images match up to 80 percent or above, then the tests of hypotheses such as F-ratio
and Welch’s tests are performed as discussed in sections 2.1 and 2.2. Otherwise, the tests of hypotheses are
dropped. Ultimately, the query and target images pass the tests, viz. the number of shapes in the two images,
F-ratio and Welch’s test statistics, then it is concluded that the two images are same or similar; otherwise, they
differ.

Database Design: In order to examine the efficacy and effectiveness of the above discussed statistical tests of
hypotheses, we have constructed our own database. The database is a heterogeneous, since it contains a mani-
fold images those are collected from various image datasets: Brodatz Album, Corel 5K and 10K image data-base,
VisTex image database, Holidays image database, CalTech image dataset. The Corel image database consists of
the different categories of images such as Elephants, Cracker, Flowers, Beach, Buses, Dinosaurs, African Ab-
origines, Snow Mountains, and Heritage Buildings. Each category contains more than 100 images. A number of
images have been collected from the internet, and some images have been captured through a camera; those
have also been incorporated. Totally it contains more than 256, 859 images. Based on this image collection, an
image database and their feature vector database are constructed. For a sample, some of them have been pre-
sented in this paper.

4. Measure of Performance

In order to validate and verify the performance of the proposed method, the Mean Average Precision score
(MAP) [28] is used. The average precision for a single query q is the mean over the precision scores at each re-
levant item:

MAP =1 3" AvgP(q) ©)
qen
where N is the number of retrieved documents.

n

> P(k)xrel(k)
Ang(q):kZlN—. (10)

r

where rel (k) is an indicating function, which is equal to 1 if the item at rank k is a relevant document; other-
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wise it is equal to O; the P (k) is the precision at cut-off k in the list.

5. Experiments and Results

An empirical study is conducted on the image database designed and constructed, based on the statistical tests of
hypotheses discussed in sections 2.1 and 2.2, which examines the performance of the proposed test statistics. As
discussed earlier, the input query image is segmented into various regions according to its nature as presented in
Figure 2, if structured. Otherwise, it is treated as textured image, and the entire image is considered as it is. The
number of regions of the query and target images matches, the experiment is proceeded to perform the F-ratio
and Welch’s tests. The query and target images are included in the test of the equality of variances, viz.

F-ratio test, and they pass the test; then it is proceeded to the test for equality of spectrum of energy, i.e.

Welch’s test, the same images also pass the test, then it is concluded that the two images are same. Otherwise,
the images are different.

The image in Figure 2(a) is submitted as input to the system, and the experiment is conducted at various sig-
nificant levels. The system returns the images in row 1 of the Figure 2(b), while the level of significance is
fixed at 10 percent; while the significance level is at 15 percent, the system retrieves the images in row 3 of the
Figure 2(b); and at the level of significance 20 percent, the system retrieves the images in row 2 of the Figure
2(b).

Furthermore, to prove that the system works well for the structured images, the building image presented in
Figure 3(a) is considered as input. The system retrieves the images in columns 1 to 3 of the Figure 3(b) at the
level of significance 12 percent; the system returns the images in column 4 of the Figure 3(b), while the signi-
ficance level is fixed at 20 percent.

The Holidays images are considered for the experiments, the images presented in column 1 of the Figure 4
are inputted to the system, the system responses with the images in columns 2 to 5, while the significance level
is fixed at 15 percent. The images in column 2 are retrieved at the level of significance 1 percent; the system re-
turns the images in column 3 and 4, while the level of significance is fixed at 12 percent; and the images are re-
turned when the significance level is at 15 percent.

Furthermore to emphasis the proposed system is robust for rotation and scaling, the image in Figure 5(a) is
inputted, and the system responses with the images in Figure 5(b). The images in column 1 are returned, while
the level of significance is fixed at 1 percent; at the level of significance 5 percent, the images in columns 2 and
3 are retrieved; while the significance level is at 12 percent, the system returns the images in columns 4 and 5.

Figure 2. Corel images: texture or semi-structured images. (a): input query image; (b):

columns 1 - 5: retrieved images.
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Figure 3. Corel images: building images. (2): input query images; (b): retrieved output
images.

Figure 4. Holidays images. Column 1: input query images; columns 2 - 5: retrieved tar-
get images.

To explore the attributes of the system, MAP score is computed using the expressions given in Equations (9)
and (10) for the results obtained at various significance levels; and those are graphically represented as in Fig-
ure 6. It is observed from the experiments that the proposed system yields better results for structure images
com-pared to those of the textured or semi-textured, because the structured images are segmented into various
regions according to its nature, the image data become homogeneous and so the mean and variances computed
for the shapes are more precise than the textured or semi-structured images. Also, the semi-textured images are
mixed data types than the fine texture. In the case of semi-textured images, the images are not segmented so the
data are mixed (either non-homogeneous or heterogeneous). The graph, also, reveals that while the significance
level in-creases, the MAP score decreases monotonically. The increase of the significance level causes the sys-
tem to re-turn more images. Thus, it facilitates the user to fix the level of significance according to their suit, so
as to the user can get a number of images as they desire.

6. Conclusion

In this paper, statistical approach-based tests of hypotheses are employed, and the obtained results reveal that the
proposed system outperforms the existing systems. Since the proposed system is distribution oriented, so it
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Figure 5. Wall Street Bull-downloaded from internet. (a): Input query image; (b): Retrieved output
images: row 1: scaled down image of size 75 x 100; row 2: actual image with size 96 x 128; row 3:

images in row 2 are rotated clockwise by 90 degrees; row 4: images in row 2 are rotated clockwise by
180 degrees.
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Figure 6. Line graph: threshold (t) vs. mean average precision scores.
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facilitates the user to fix the level of significance according to their convenience, so as to the user can fix the
number images to be retrieved; and it is invariant for rotation and scale. Besides the proposed test for equality of
mean facilitates the user to retrieve the images which are unequal with sizes and even if they have unequal va-
riances. Because the test for equality of means (Welch’s test) is robust for unequal variances and unequal sizes
of the images. Thus, the system retrieves the images despite either the query image or the target image is scaled.
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