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Abstract

Objectives: The evolution of multimedia
technology and rapidly increasing image
collections on the Internet has attracted
significant  research efforts in image
retrieval. Difficulties faced by text-based
image retrieval motivated the researchers to
develop new solutions for representation and
indexing of visual information. This paper
proposes a Content Based Image retrieval
using HOG, LBP and Gabor features
retrieve query related images. Method: This
proposed approach extracts various features
such as Gabor features, Histogram of
Orientation Gradient (HOG) and Local
Binary Pattern (LBP) from the images and
they are formed as feature vectors. The
relevance distance between the query image
and images in the database are measured
using similarity distance metrics known as
Euclidean Distance, Mahalanobis Distance
and Minkowski-Form Distance. Based on the
similarity metrics, the images relevant to the
guery image are extracted. The proposed
approach is experimented on COREL
dataset and its performance is evaluated
using statistical parameters such as, the
precision and recall. Findings: The statistical
results show that the precision and recall of
the proposed system are 80.06% and 19.26%
respectively. Novelty: The comparative study
between the proposed content based image
retrieval method and other existing methods
indicates that proposed method proves its
better feature extraction capability than the
other image retrieval methods.

Keywords: Content Based Image Retrieval,
Corel Dataset, HOG, LBP, Gabor, Similarity
Metric

1. Introduction

Nowadays images are broadly utilized because
of its visual representation advantage. Due to
the rapid advancement of computers and
networks, the transmission and storage capacity
of ample number of images have become
possible. In earlier days, the image retrieval was
widely required instead of text retrieval.
Content-Based Image Retrieval (CBIR) is a
standout amongst the best methods for getting
into visual information [1]. CBIR deals with
image content, such as color, shape and
structure instead of annotated text. In order to
implement CBIR, the framework needs to
comprehend and interpret the content of stored
images. The retrieval index should be created
automatically, which provides a more visual
retrieval interface to users. The fundamental
idea of CBIR is to analyze image information
by low level features of an image [2] and to set
up feature vectors of an image as its index.
CBIR has exceptionally wide and essential
applications in many areas including military
affairs, medical science, education, architectural
design, the justice department and agriculture,
etc.

The advancement of CBIR exploration was
clearly summarized at high level in [2, 3].
Features are the basics for CBIR, for the whole
image or locally for a small group of pixels. As
per the techniques utilized for CBIR, features
can be grouped into low-level features and
high-level features. The most practical CBIR
system depends on the color, shape, texture and
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other low-level features. Some researchers aim
at reducing the semantic gap between visual
features and the richness of human semantics
[4]. With a particular ultimate goal to derive the
high-level semantic features for CBIR, object-
ontology [5] was used to characterize high-level
concepts. Supervised or unsupervised learning
methods were used to associate low-level
features with the query concepts. Relevance
feedback was introduced into the retrieval loop
for learning user’s intentions and semantic
templates, it was generated to support high-
level image retrieval. As there is inconsistency
in comprehension, the gap between semantics in
the visual data for different is difficult to
eliminate.

Research on CBIR can be partitioned into
two groups on the basis of the features used to
retrieve the required image. Prior approaches
utilized features such as shape, texture, color
and region to retrieve the required image. The
current methodologies use a distinctive
combination of visual features to retrieve the
required image [1,6]. The shape descriptor gives
prevalent data in image retrieval because the
shape is the main source through which people
can perceive objects. These shape features are
retrieved by two strategies, boundary based
shape feature and region based shape feature.
The boundary based shape feature extraction
technique is based on the outer boundary of an
object, while the region based shape feature
technique is based on the whole region of an
image. The different techniques in view of
texture features have been proposed in the
literature. This includes both statistical and
spectral approaches. The greater part of these
strategies were not able to capture the required
information. Color is the most reliable feature,
it is easier to implement and robustness to
background compilation. It is not influenced by
image size and its orientation. The most
generally perceived methodology for color
feature extraction is histogram. Color histogram
illustrates its distribution in an image and it
involves low computational cost. The main
disadvantage of color histogram is, it cannot
completely consider spatial information and it is
not exclusive.

In spite of utilizing extracted
information from an image, the majority of the
CBIR frameworks yields imprecise outcomes.

The semantic gap is defined as to relate the low-
level features with the high-level user
semantics. The relevance feedback method was
used to over-come this semantic gap [7]. In
content-based image retrieval framework, a
distinctive feature of the queried image are
explored in search for equivalent image features
in the database [8]. Frequently, it is observed
that there is a semantic gap between visual
features and the semantic content of an image.
Extracting more effective image features can
decrease this semantic gap, this is a challenging
task in CBIR research. Moreover, different
machine learning techniques are used to reduce
this semantic gap. In [9] SVM was utilized to
extract image features and it retrieves the
querying image efficiently. The hierarchical
methodology [10] retrieve an image, where two
separate features are explored to extract the
contents and texture of an image. The proposed
technique is also assessed over noisy images.

In this paper, pixel based feature
descriptors (Gabor, LBP and HOG) are adopted
for a faithful representation of images. The
motive is to extract complimentary information
from various descriptors from an image. The
different similarity distance metrics such as
Euclidean, Mahalanobis and Minkowski-Form
distance metrics are used to retrieve images
from databases. The similar image retrieval
using the pixel based feature descriptor and the
similarity metric are evaluated using precision
and recall.

2. Methodology

The proposed content based image retrieval
methodology is shown in Fig. 1. The proposed
methodology involves image database, query
image, feature extraction, similarity measures
and the extracted images. The image database
used for the proposed approach is Corel dataset
and it consists of different categories, namely
like Africans, buses, dinosaurs, etc. The datasets
were collected and fed as input to the feature
extraction process. The pixel based feature
descriptors such as, Gabor [11], LBP [12] and
HOG feature descriptors [13] are extracted and
stored as a feature set. The image to be retrieved
is given as a query image, for which the features
such as, Gabor, LBP and HOG are extracted.
These extracted feature sets were compared to
the existing feature sets using a similarity
measure, namely  Euclidean distance,
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Mahalanobis distance and Minkowski-Form
distance. This proposed model is done to

Image
Database

Similarity
Measure

achieve the goal to extract images similar to the
query image.

Figure. 1. Pictorial Representation of the Content Based Image Retrieval Architecture

2.1 HOG Features

HOG features, which were connected for
human detection [14] are computed by counting
the occurrences of gradient orientation in
localized portions of an image. HOG features
are based on the fact that the appearance and
shape of the facial features can be depicted by
the distribution of intensity gradients. The
features so  acquired are  profoundly
discriminative and represent an image
characteristic faithfully [15]. Motivated by the
significant results for feeling acknowledgment,
we have adopted HOG features for image
retrieval.

2.2 LBP Features

LBP features are observed to be a capable
technique for texture feature extraction and
have been popularly accepted for image
representation [16, 17]. The most important
properties of LBP are computation simplicity
and illumination invariance. Moore and
Bowden [18] have explored numerous variants
of LBP for multi-view image representation to
investigate the importance of multi-resolution
and  orientation analysis  for  feature
representation. We have used extended LBP,
which is rotation invariant. Rotation invariant
LBP utilizes fewer bins as compared to
consistent LBP and reduces the quantity of

components used  for binary  pattern
representation.
Feature extraction is implemented as

follows: to start with, the image is divided into
several non-overlapping blocks. Then, LBP

histograms are calculated for each block.
Finally, the block LBP histograms are
concatenated into a single vector. Therefore, the
images are represented by the LBP and the
shape is recovered by the concatenation of
different local histograms.

2.3 Gabor Features

Gabor filters have been utilized widely in
image processing, texture analysis for their
excellent properties: optimal joint
spatial\spatial-frequency localization and the
capacity to simulate the receptive fields of
simple cells in the visual cortex [19]. Two-
dimensional Gabor filter is a complex
sinusoidal regulated Gaussian function with the
response in the spatial domain and in the
spatial-frequency domain.

2.4 Euclidean Distance

The squared distance between two vectors x
= [x1, x2] and y = [y1, y2] is the sum of squared
differences in their coordinates. To denote the
distance between vectors X and Y can use the
notation, so that the last result can be written as
an equation (1).

d,, = \/(Xl - Y1)2 + (Xz -Y, )2

2.5 Mahalanobis Distance

Mahalanobis distance is constantly utilized
for data clustering, computed by measuring two
data points in the space defined by relevant
features, clustering technique group data into
clusters so that the data objects within a cluster
have high similarity to one another. This

- 1)
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process is difficult as the data objects will be
dissimilar to those in other clusters. As it
portrays unequal variances and correlations
between features, it will sufficiently assess the
distance by giving different weights to the
features of data points. This term originates
from Mahalanobis [20] and originally refers to a
distance measure that incorporates the
correlation between features.

2.6 Minkowski-Form Distance

Many similarity measures on shapes, they
are based on the Distxy distance between two
points. For two points the Distyy Minkowski
Distance is defined as an equation-(2).

[ Al
Dist,, = Z‘Xik - yik‘

k=1
- 2)

2.7 Evaluation Metrics

The performance of the proposed CBIR
framework is measured in three aspects,
namely,  efficiency, effectiveness and
computational complexity. The effectiveness of
a framework is related to the retrieval accuracy
of the framework and is measured using the
most widely used precision (percentage of
retrieved images that are also relevant) and

recall (percentage of relevant images that are
retrieved) [21] and is defined as follows in
equation (3) — (4):

. R
Precision = —
T - ©)
Recall = &
T

- (4)

Where Ri is the number of relevant retrieved
images, T is the total number of relevant images
in the image database, and Ti is the total number
of all retrieved images. The proposed system’s
effectiveness is measured in terms of average
recognition rate (ARR). This is defined as the
percentage of retrieved images in top matches,
that belongs to the same class as a query image.

3. Results and Discussions

The tests are carried out on COREL photo
database. The COREL database contains more
than 5000 pictures organized in categories.
Each category has about 100 images. There are
50 categories and the corresponding database is
composed of 5000 images. The results
presented here are five categories directly
extracted from the 50 categories.

@

C)

Figure 2. Image Datasets used from Corel database a) African dataset b) Buses c) Dinosaur d)
Monuments and e) Beaches

Fig. 2 shows that the images are taken from
different categories in Corel database, such as
African, buses, dinosaur, monuments and
beaches, etc. The dinosaur image retrieved

using Euclidean  Distance, Mahalanobis
Distance and Minkowski-Form Distance are
shown in Fig. 3.
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Query Image
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Figure 3. Results of proposed CBIR on Dinosaur dataset using different similarity metrics (a)
Query Image, (b) Images retrieved using Euclidean Distance, (c) Mahalanobis Distance and (d)
Minkowski-Form Distance.

Lin Elalami | Poursistani | Guo | Subra | Walia | Irtaza | Elalami | Zeng | Proposed
et al. | [23] etal. [24] |et al. |et al. |et al |et al. |[29] et al. | Method
[22] [25] |[26] |[27] [28] [30]
Africa 68.30 | 70.30 | 70.20 84.70 | 69.75 | 51.00 | 65.00 | 72.60 | 72.50 | 73.30
Buses 88.80 | 87.60 | 76.30 85.30 | 89.65 | 78.00 | 85.00 | 89.10 |89.20 | 90.05
Dinosaurs | 99.25 | 98.70 | 100.00 99.30 | 98.70 | 100.00 | 93.00 | 99.30 | 100.00 | 99.35
Monuments | 56.15 | 57.10 | 70.80 67.80 | 63.95 | 58.00 | 62.00 | 58.70 | 70.60 | 73.25
Beaches 54.00 | 56.10 | 44.40 45.40 | 54.25 | 44.00 | 60.00 | 59.30 | 65.20 | 64.35

Table 1. Comparison of proposed method precision with other method’s precision metric

Table 1 shows the comparison of proposed
method*s precision with the other existing
methods. The precision of the proposed image
retrieval method achieves on average 80.06%,
wherein Lin et al [22] achieves 73.3%, Elalami
[23] achieves 73.96%, Poursistani et al. [24]
achieves 72.34%, Guo et al.[25] achieves
76.5%, Subra et al [26] achieves 75.26, Walia et
al. [27] achieves 66.2%, Irtaza et al. [28]
achieves 73.00%, Elalami [29] achieves 75.8%
and Zeng et al. [30] achieves 79.5%. The
statistical results shows that the precision value

of the proposed method is more than the
existing methods, which implies that the
proposed method retrieves more relevant
images than the existing methods. The average
recall value of the proposed method is 19.26%,
wherein Lin et al [22] achieves 14.58%, Elalami
[23] achieves 14.94%, Poursistani et al [24]
achieves 14.46%, Guo et al. [25] achieves
15.3%, Subra et al [26] achieves 15.05%, Walia
et al. [27] achieves 15.08%, Irtaza et al. [28]
achieves 14.6%, Elalami [29] achieves 15.8%,
Zeng et al. [30] achieves 15.9%. The
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comparison of precision value between the
proposed and the other existing methods is

shown in Fig 4.

ELimetal [22]
M Subraet al. [26]

Zenget al. [30]

mElalami [23]
Waliaet al. [27]
Proposed Method

100

precision (%)

Poursistani et al. [24] W Guoet al [25]

[rtaza et al. [28]

Elalami [29]

0 0 T

Africa Buses Dinosaurs

Monuments Beaches

Figure 4. Comparison of precision of proposed approach to the other methods for different
semantic classes in the Corel database.

The observation from statistics shows that
the recall value of the proposed method is
higher than the existing methods and this
indicates that the proposed method retrieves
more relevant images from the image database.
Hence, from the obtained precision and recall
values the proposed content based image
retrieval method using HOG, LBP and Gabor
feature descriptors retrieves more relevant
images from the database that the existing
methods.

4. Conclusion

This study proposes a content based image
retrieval using HOG, LBP and Gabor feature
descriptors. There is a significant difference
between the proposed image retrieval
performance and other existing method’s
performance. The study is experimented on
Corel dataset and its retrieval performance is
evaluated using precision and recall. This
research discloses the effectiveness of HOG,
LBP and Gabor feature descriptors and suggests
that the proposed model can be useful in
retrieving relevant images. The statistical results
shows that the precision and recall of the
proposed approach are 80.06% and 19.26%
respectively. The comparative study shows that
the proposed content based image retrieval
method proves its feature extraction capability
than the other image retrieval methods. The
future enhancement will be a design of
improving the system and utilizing the same to

predict crime prevention, medical diagnosis,
intellectual property and textile industry.
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