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Abstract
In recent years, we have witnessed a massive growth in the generation of images on the
cyberspace which demands to develop automated solutions for effective content manage-
ment. Content-based image retrieval (CBIR) systems have been proposed to reduce the
dependency on textual annotations-based image retrieval systems. There exists a variety
of features-classifier combinations based CBIR methods to analyze the content of query
image for relevant images retrieval. Although, these methods provide better retrieval perfor-
mance in single-class scenario, however, we experience a significant performance drop in
multi-class search environments due to semantics similarity among the images of different
classes. CBIR methods based on the hybrid classification model offer better retrieval accu-
racy, however, we experience a biased classification towards the negative class due to the
class imbalance problem when we experience an increase in the number of negative samples
due to highly correlated semantic classes. Thus, multiple classifiers based CBIR models
become unstable especially in one-against-all classification settings. To address the afore-
mentioned problem, we proposed a CBIR method based on a hybrid features descriptor with
the genetic algorithm (GA) and SVM classifier for image retrieval in multi-class scenario.
More specifically, we employed the first three color moments, Haar Wavelet, Daubechies
Wavelet and Bi-Orthogonal wavelets for features extraction, refine the features using GA
and then train the multi-class SVM using one-against-all approach. L2 Norm is used as a
similarity measurement function between the query image and retrieved images against the
query image from the image repository. The proposed technique successfully addresses the
class imbalance problem in CBIR. Performance of the proposed method is evaluated on four
standard datasets i.e. WANG, Oxford Flower, CIFAR-10, and kvasir and compared with 25
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different CBIR methods. Experimental results illustrate that our method outperforms the
existing state-of-the-art CBIR methods in terms of image retrieval.

Keywords CBIR · Discrete wavelet transform · Support vector machine · Genetic
algorithm · L2 norm · Color moments · Haar wavelet · Daubechies wavelet ·
Bi-orthogonal wavelet transform

1 Introduction

The exponential growth of digital images in the cyberspace have sparked the research activ-
ities in developing effective image content management techniques. The rapid progression
of digital capturing devices and social media in the last decade has resulted in significant
expansion of the image repositories. To obtain the relevant information from these mas-
sive repositories has provided the motivation to research community to explore effective
solutions without using any text-based description against every image. This exploration
resulted in the solution of content-based image retrieval (CBIR). CBIR is an application of
computer vision that solves the problem of searching digital images in image retrieval sys-
tems for large image datasets on the basis of image visual contents. Content-based image
retrieval applications have been developed for various applications such as surveillance
systems [14], Geographical Information Systems [19], Remote Sensing [56], Architectural
Design [11], Medical Image Retrieval [4, 8, 39, 42, 64] and Object Recognition [64].

Existing CBIR methods [5, 7, 10, 42] use various visual features i.e. color, texture, shape,
etc. to develop the feature repository. The most similar images based on the distance are
returned as an output of a CBIR system that represents the semantic response of the system
against the query image. Rahman et al. combined Euclidean and Bhattacharyya distances to
classify skin lesion with the help of color and texture features [42]. Lonescu et al. applied
fuzzy hamming distance to measure the similarity between the query and dataset images
[22]. Naik et al. proposed a boosted distance metric that weightage individual features on
their discrimination power for digital histopathology to classify the breast tissues [39]. Bal-
lerini et al. proposed a query by example CBIR system using weighted Euclidean distance
as a similarity measure to classify among five classes of skin lesion [10]. These visual
features based CBIR systems can achieve better image retrieval accuracy, however, perfor-
mance of the existing CBIR methods degrades in case of multiple classes. Additionally, the
computational cost of these methods is very high for large-scale image datasets.

Non-learning methods provide better results in certain conditions, however, the gap
between the high-level semantics and low-level feature representations in different images
results in degraded performance of image retrieval. Existing methods have also employed
various learning-based methods [6, 12, 17, 65] to reduce this semantic gap and improve the
performance of image retrieval. Zhu et al. [65] applied unsupervised visual hashing learning
methodology with features semantic understanding and enhanced discriminative character-
istic of hash codes. Fadaei et al. employed the particle swam optimization algorithm, and
optimally combined the curvelet transformation and color features in HSV space to eval-
uate parametric calculations [17]. Chaudhuri et al. applied the unsupervised graph-based
similarity approach to retrieve region based remote sensing images [12]. Although, these
learning-based methods effectively fill the gap between the high-level semantics and low-
level feature representations in different images, however, these methods are dependent on
a variety of different features and unable to perform well on all kinds of images for any
given feature descriptor. Moreover, these learning-based methods are computationally more
complex over non-learning based CBIR methods.

26912 Multimedia Tools and Applications (2021) 80:26911–26937



In the proposed work, first three-color moments mean, standard deviation and skewness
are used to extract color features of the RGB image. Scale invariant and rotation invariant are
important properties of color moment methodology. In the proposed work, we used the first
three lower-order color moments because maximum information about the color distribution
exists in the lower-order color moments. The usage of lower-order color moments also pro-
vides an added advantage of processing only the portion of the entire color distribution [59]
that helps to reduce the computational cost of features extraction. Additionally, less features
are employed for comparison in image retrieval task. These benefits of lower-order color
moments help to reduce the time of image retrieval. Since we also aim to improve the accu-
racy of our feature descriptor, therefore, we employed the texture features in combination
of color features for image representation. For this purpose, we used the two-dimensional
discrete wavelet transforms i.e. Haar, Daubechies, and Biorthogonal wavelets. Haar wavelet
computation is simple, fast, memory efficient and robust against the edge effects problem.
Daubechies wavelets belonging to the class of orthogonal wavelets are useful in terms of
providing the maximum number of vanishing moments. Taking advantage of the vanishing
moments, this wavelet can help to extract more smoothing features. Biorthogonal wavelets
are superior over orthogonal wavelets in terms of minimizing false features extraction by
constructing the symmetric wavelet functions. Discrete wavelet transforms (DWT) represent
an effective multi-scale image representation that is capable of analyzing those image pat-
terns which are difficult to analyze in one resolution. Wavelets are limited in both the time
and frequency domains and hence provide an effective alternative to frequency analysis.
The main contributions of the proposed work are:

– Optimization of multiple support vector machine architecture using Genetic Algorithm.
– Genetic algorithm is used to choose best suitable features to increase the retrieval

performance of proposed system.
– Propose an effective feature representation to reduce the semantic gap between high-

level and low-level features.
– Rigorous experimentation was performed against 25 state-of-the-art CBIR methods on

four standard datasets comprising of diverse image classes to prove the effectiveness of
our method.

2 Literature review

This section provides a critical investigation of existing state-of-the-art CBIR methods.
Existing CBIR methods have used various features such as color, shape, texture and spatial
layout. Similarly, different interest points-based features descriptors such as local features
descriptors (SIFT, SURF, HOG, FAST, Harris) and binary features descriptors (BRISK,
FREAK) have been proposed to extract the features for image retrieval [21, 61]. Liu et al.
[34] proposed a micro structure descriptor (MSD) that is computed using the edge orien-
tation and color features to retrieve images. However, this approach is unable to exploit
the relation between positions of dissimilar objects using global features of an image. Xia
et al. [55] proposed a CBIR method for cloud computing-based models to preserve the pri-
vacy of user images. KNN was used to extract and encode the visual features and then
these features were used to compute the relevance of retrieved images with the query image.
Water marking based protocol was used to prevent the illegal copying of retrieved images.
However, the drawback of this water marking methodology lies in lack of strength to ana-
lyze in the presence of geometric features distortions. Existing CBIR approaches have also
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used Bag of visual features model widely and it proved very useful in image classification,
image retrieval, automatic image annotation and object recognition task due to its high dis-
criminative power. However, these bag of visual features-based systems has a limitation of
ignoring the spatial information [27, 48]. Moreover, representation in BoVW model also
lack semantic meanings. Object Bank (OB) model was used with high level image represen-
tation to meet the challenges of spatial and semantic information faced in BoVW models.
However, this approach suffers from high dimensionality problem [9, 31, 62]. Recent works
[46, 54] also demonstrate the efficacy of deep learning practices on scene classification.
However, major drawbacks of CNN based deep learning models are the complex training
process for parameters tuning, need for massive amount of training data and excessive train-
ing time. Therefore, CNN based models are also limited and cannot be considered as an
optimal choice for CBIR on different datasets [28, 47].

Existing CBIR approaches have also used transform based methods for image retrieval
and classification. Youssef et al. [58] combined the curvelet transform with Region based
vector code book sub band clustering (RBSC) to extract dominant color and texture features.
However, this method achieves lower image segmentation performance. Rao et al. [44] pro-
posed a hybrid feature vector consisting of color, shape, texture features. Texture features
are extracted using gray level co-occurrence matrix (GLCM), shape features are obtained in
terms of edges by computing gradient vector and visual features are computed using SIFT
and SURF descriptors based on the salient points. However, these visual features exhib-
ited outstanding performance for CBIR. However high dimensionality of SIFT and SURF
based feature vectors may suffer with the problem of over fitting for image retrieval pur-
poses when employed with the SVM. Wang et al. [52] proposed a wavelets-based semantics
classification method and applied region based matching approach to compare the images.
However, this approach has limited utility due to uncertain modeling for texture classifi-
cation. Chen et al. [13] introduced clustering based unsupervised technique to address the
issue of uncertain modeling for texture classification and achieved better results as com-
pared to [52]. However, the performance of this method degrades due to improper clusters
segmentation and identification uncertainty.

Lai et al. [29] proposed a CBIR method based on RF and interactive genetic algorithm
(IGA) using a hybrid descriptor consisting of texture and color features. However, RF based
methods are not popular due to reluctance of users to provide feedback throughout the inter-
active image retrieval task. Thus, autonomous CBIR based methods that requires minimum
user feedback in response to the query image are more demanding these days. Evolution-
ary computation is also important to improve the retrieval performance of CBIR systems as
reported in [24, 29, 45]. The main idea behind GA’s is the selection of effective subset of
features that can be further used for the optimization of any classifier to improve the image
retrieval performance of the proposed system. In the proposed work, we emphasize the ways
through which genetic algorithm (GA) can be used to enhance the SVM retrieval perfor-
mance in an autonomous way without requiring any user involvement in case of multiple
semantic classes.

3 Proposedmethodology

In the proposed work, Haar, Daubechies and Biorthogonal wavelets transform are used
to extract the texture features, whereas, first three lower-order color moments are used to
extract the color features. This hybrid feature descriptor is then used to train the support
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Fig. 1 Image retrieval methodology of proposed system

vector machine with the help of genetic algorithm for image classification. L2 Norm is used
to measure similarity between the dataset images and user query image. The architecture of
the proposed system is shown in Fig. 1.

3.1 Extraction of color features

We employed the first three (lower-order) color moments i.e. mean, standard deviation and
skewness to extract the color features from the input image in RGB color space. These three
color moments are computed for each of the RGB channel to provide the 9 color moments.
The details of color features extraction are provided in Algorithm 1.

26915Multimedia Tools and Applications (2021) 80:26911–26937



3.2 Extraction of texture features

For textures feature extraction, two-dimensional DWT decomposition is performed on the
grayscale images. At each level of decomposition, texture of an image is divided into four
channels that retains information about image frequencies in low horizontal and low vertical
(LL), low horizontal and high vertical (LH), high horizontal and low vertical (HL), high
horizontal and high vertical (HH) channels. Image decomposition process in four channels
is shown in Fig. 2.

We employ the DWT that uses low pass and high pass filtering and decomposes the
image into four different sub-bands. These sub-bands contain approximated image, hori-
zontal details of an image are contained in horizontal band, whereas, vertical and diagonal
details of the image are contained in vertical and diagonal bands respectively [18, 43, 51].
It has been observed in that HH channel contain the noise in an image, which decrease the
classification performance of the proposed system. Therefore, we removed the HH channel
from the texture features.

First, we compute the Haar transforms by taking the difference between the pair of
input values to compute their summation. This procedure is iterative where, sums are paired
up to achieve the next scale and obtained the resultant difference and one final summa-
tion value [35]. Next, Daubechies wavelet is computed by taking the running averages and
sum of differences similar to Haar wavelet. However, Daubechies wavelet is different from
Haar wavelets in terms of using overlapping windows during feature extraction. Daubechies
wavelet that belongs to orthogonal wavelet transform, use window overlapping to ensure
that high frequency coefficients of spectrum could be able to show all of changes in high
frequency components. Finally, we compute the biorthogonal wavelets transform. Biorthog-
onal wavelets also solve the phase distortion problem that exists in the orthogonal wavelets.
Biorthogonal wavelets include spline wavelets that eliminate phase distortion issue with the
help of Impulse Response filters to extract more smooth texture features [26, 41]. Spline
wavelet is order N polynomial that is computed by the convolution of filter function m0(Z)
as follows:

m0 =
(
1 + Z−1

2

)N

(1)

Fig. 2 Decomposition of an image using two-dimensional DWT

26916 Multimedia Tools and Applications (2021) 80:26911–26937



Each factor
(
1+Z−1

2

)
is a convolution of box function. We split the polynomial P to build

biorthogonal spline (B-Spline) wavelet in the following way:

∼ m0(Z) =
(
1 + Z−1

2

)∼M

(2)

where ∼ m0 = ∼ 2l is even or ∼ M =∼ 2l + 1 is odd, and

m0(x) =
(
1 + Z−1

2

)M l+∼l−σ∑
m=0

(l+ ∼ l − σ + m)

(
1 − Z−1

2

)m

(3)

where M = 2l is even or M = 2l + 1 is odd and σ = 0 if m is odd or σ = 1 if M is even.
The texture features extraction process is presented in Algorithm 2.

3.3 Hybrid feature vector

We concatenated the color and texture features to develop a hybrid feature vector (HFV) for
effective representation of the input images. It is important to mention that color and tex-
ture features alone are unable to better classify the images of similar color and texture, and
ultimately results in increasing the false positive rate of the system. To address this vulnera-
bility, we proposed a hybrid feature vector consisting of both the color and texture features.
The overall dimension of hybrid feature vector is (100 × 654) for a single semantic class
in case of Corel image dataset while the dimension of single feature vector is (1 × 654).
Dimension of color feature vector is the collective dimension of all the color features. Over-
all dimension of color feature vector for a single image is (1 × 264). Similarly dimension
of texture feature vector is the collective dimension of Haar, Daubechies and Biorthogo-
nal feature vector. Each feature vector has the dimension (1 × 130) and hence the overall
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dimension of texture feature vector for a single image is (1 × 390). Representation of HFV
is given below where n is the total no of images.[

x(1,1), x(1,2), x(1,3), ...x(1,264)
] [

y(1,1), y(1,2), y(1,3), ...y(1,390)
] = [

z(1,1), z(1,2), z(1,3), ...z(1,654)
]

[
x(2,1), x(2,2), x(2,3), ...x(2,264)

] [
y(2,1), y(2,2), y(2,3), ...y(2,390)

] = [
z(2,1), z(2,2), z(2,3), ...z(2,654)

]
..................................... ......................................... = .........................................[
x(n,1), x(n,2), x(n,3), ...x(n,264)

] [
y(n,1), y(n,2), y(n,3), ...y(n,390)

] = [
z(n,1), z(n,2), z(n,3), ...z(n,654)

]
(4)

3.4 Semantic classification and retrieval of images using GAwith SVM

In our method, feature placement in the feature vector is not restricted with the
position. Any best combination of features helps to increase the retrieval accu-
racy of the proposed system. This aforementioned scenario supports the use of
genetic algorithm (GA). The purpose of GA is to provide best children as input
to the SVM for effective training. Crossover operation is used to combine par-
ent genes to produce two children that are evaluated on the basis fitness function
F(x) that is computed through L2 distance between parents (p1, p2) and children
(c1, c2) using (5) to select the children with minimum distance and standard deviation
from the parents. The selection of children using the GA is provided in Algorithm 3.

F(x)=Min−Standard−Deviation(Min−Dist‖

√√√√√
2∑

i=1

(pi − ci)
2 .

1∑
j=2

(pi−ci)2‖) (5)
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After obtaining the refined features descriptor through GA, we used this feature vector
to train a multi-class SVM for image classification. For this purpose, we applied the one
against all (OAA) approach to design a multi-class SVM classifier. An image database is
divided by SVM using hyperplane in two set of classes, one class belongs to the images
that resemble the query image and other class belongs to the images that do not resemble
the query image. In our implementation we used maximum margin classifier principal and
quadratic kernel. The quadratic kernel function is applied to map data into high dimensional
space of the kernel. In kernel space, the corresponding SVM hyperplane decision function
is applied, after specifying the maximum margin classifier. Now suppose input set belong
to two classes [49, 57] as:

(xi, yi)
N
i=1 yi = {+1, −1} (6)

where xi and yi belongs to input features and corresponding labels respectively while
hyperplane is determined by computing weight vector ‘W’ and bias ‘b’ as following:

WT · x + b = 0 (7)

Input set can be divided into two classes as:

WT · x + b ≥ +1 (8)

WT · x + b ≤ −1 (9)

For binary classification, kernel version of Wolfe dual problem with Lagrangian multi-
plier αi is computed as:

W(α) =
m∑

i=1

α − 1

2

m∑
i,j=1

αi αj yi yj K
(
xi, xj

)
(10)

where αi ≥ 0 and

�m
i,j=1 αi yi = 0 (11)

The SVM decision function based on the quadratic kernel after achieving the optimal value
of αi is represented as:

F(x) = Sgn[g(x)] (12)

g(x) =
m∑

i=1

αi yi K(x, xi) + b (13)

where g(x) is the SVM hyperplane decision function. High results for g(x) mean higher
prediction confidence and vice versa. In this way category specific support vector machines
are trained for all semantic classes to determine the semantic class of all the images in the
dataset.

3.5 Computation of similarity measurement function

To measure the similarity among the feature vector of input query image and the dataset
images, we computed the L2 norm as follows

d(p, q) =
√

(p1 − q1)2 + (p2 − q2)2 + . . . .(pn − qn)2 =
√√√√ n∑

i=1

(pi − qi)2 (14)
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4 Experimental work and results

In this section, we presented the results of different experiments designed to evaluate the
performance of the proposed method. Moreover, we have also presented the discussion of
the results. We used mean precision and mean recall metrics to evaluate the performance of
our method over four standard datasets i.e. WANG dataset, Oxford Flower dataset, CIFAR-
10 dataset and Kvasir dataset. The details of these datasets are also provided in this section.
Performance of the proposed method is also compared with existing state-of-the-art methods
to show the effectiveness of our method for image retrieval.

4.1 Dataset

We used four standard datasets i.e. WANG dataset, Oxford Flower dataset, CIFAR-10
dataset and Kvasir dataset for performance evaluation of the proposed CBIR method. Wang
dataset consists of 1000 images of 10 semantic classes where each class contain 100 images.
It is a subgroup of Corel image dataset consisting of 10908 images. The WANG dataset is
publicly available at [66]. The Oxford Flower dataset consists of images belonging to 17
semantic classes, where each class comprise of 80 images. The Oxford Flower dataset is
publicly available at [67]. The CIFAR-10 dataset consists of 60,000 images belonging to
10 semantic classes and each class contain 6000 images. The CFIAR-10 dataset is publicly
available at [68]. Kvasir dataset [68] is a medical images dataset that consist of 4000 images
belonging to 08 classes and each class comprise of 500 images. Figures 3, 4, 5 and 6 show
the sample images against each semantic class for all of these three datasets. This dataset
consists of anatomical landmarks semantic classes i.e. Z-line, Pylorus and cecum semantic
classes. This dataset also contains pathological or endoscopic findings semantic classes i.e.
esophagitis, polyps and ulcerative colitis. In addition, this dataset also provide two semantic

Fig. 3 Sample WANG dataset images in 10 semantic classes
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Fig. 4 Sample CIFAR-10 dataset images in 10 semantic classes

classes related to removal of polyp i.e. dyed lifted polyps (DLP) and dyed resection margins
(DRM). This dataset is publicly available at [68].

4.2 Performance evaluationmetrics

We employed the mean precision and mean recall to measure the performance of our
CBIR system as these metrics are commonly used by the existing CBIR systems. Precision

Fig. 5 Sample Oxford flower dataset, one image for each semantic class
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Fig. 6 Sample Kvasir dataset, one image for each semantic class

measures the system performance against the relevant models returned by the system and
recall measure the system performance against all the relevant models in the entire dataset
[49]. We computed the precision and recall as follows:

Precision = T P

T P + FP
(15)

Recall = T P

T P + FN
(16)

where true positives (TP) represent the class of images of the query image correctly detected
by our CBIR method, false positives (FP) are those images returned by the system that do
not belong to the class of query image. False negatives (FN) represent those images belong
to the class of query image that are not returned by the system. Precision or recall alone
is insufficient to assess the performance of any CBIR system, therefore, we used both the
precision and recall and measured the performance of the proposed system. Additionally,
we also employed the mean precision-recall (PR) curve to compare the performance of the
proposed and comparative methods.

4.3 Experimental results of the proposedmethod

This section presents the results of the proposed CBIR method evaluated on the WANG
dataset, Oxford Flower dataset, CIFAR-10 dataset and Kvasir dataset. We performed a four-
stage experiment and computed the mean precision and mean recall of our CBIR method.
In the first stage of this experiment, we evaluated the performance of our method on WANG
dataset and the retrieval results of top 20 images against the user’s query image are reported
in Table 1. From the results presented in Table 1, we can clearly observe that the proposed
CBIR method provides better retrieval performance. More specifically, we achieved the
mean precision of 0.905 and mean recall of 0.181 on WANG dataset. It is important to
mention that we achieved best results in terms of precision and recall for Elephant and
Dinosaur semantic classes, whereas, we achieved the worst results on the Beach and Africa
semantic classes among all ten classes. The reason of getting best results on the Elephants
and Dinosaurs semantic classes is that both of these classes have distinct features and high
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Table 1 Results of mean precision and mean recall value of proposed method onWANG dataset on retrieving
top 20 images

Semantic Class Proposed Method Precision Proposed Method Recall

Africa 0.85 0.17

Beach 0.80 0.16

Buildings 0.85 0.17

Buses 0.95 0.19

Dinasours 1.00 0.20

Elephants 1.00 0.20

Flowers 0.95 0.19

Horses 0.95 0.19

Mountains 0.85 0.17

Food 0.85 0.17

Mean 0.905 0.181

dissimilarity over other semantic classes, whereas, Beach and Africa semantic classes have
similar features and less dissimilarity over other semantic classes. Therefore, we achieved
low mean precision and mean recall on Beach and Africa classes of WANG dataset.

In the second stage, we computed the performance of the proposed method on Oxford
Flower Dataset and results are shown in Table 2. In this stage, we evaluated the perfor-
mance of our method on different number of images returned by our system. We achieved
the best results on class daisy, iris, pansy, crocus, cowslip and worst results on class colts’
foot, dandelion, lily valley, tiger lily. More specifically, we achieved mean precision and
mean recall of 0.95 and 0.20 for class daisy, and 0.80 and 0.25 for class colts’ foot. It
can also be seen that best results are achieved in terms of precision and recall at lower
no of returned images as compared to the results achieved at higher number of images
returned by the proposed system. This demarcation between the results occur due to the
fact that as the number of returned images increases, features similarity also increases
among different images and hence results in an increase in the number of false positive
images.

In the third stage of this experiment, we measured the performance of our system on
CIFAR-10 dataset and results are reported in Table 3. Here, we evaluated the performance
of the proposed system on retrieving the top 20 percent images against the query image. In
this stage of the experiment, demarcation between the results in terms of mean precision
and mean recall values have also been observed due to the reasons as described earlier. We
achieved the best results on class automobile, bird, ship and worst results on class frog.
More specifically, we achieved mean precision and mean recall of 0.979 and 0.196 for class
automobile, and 0.791 and 0.158 for class frog.

Finally, in the last stage of our experiment, we evaluated the performance of our system
on Kvasir dataset that consists of medical images. The results obtained on Kvasir dataset are
also reported on the retrieval of top 20 percent images in terms of mean precision and mean
recall as shown in Table 4. We achieved the best results on dyed lifted polyps (DLP), normal
caceum and worst results on class dyed resection margins (DRM), normal pylorus. More
specifically, we achieved mean precision and mean recall of 0.930 and 0.214 for class dyed
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Table 2 Results of mean precision and mean recall value of proposed method on Oxford Flower on retrieving
different no of images

No of
Proposed method precision Proposed method recall

Returned Images 20 30 40 50 60 70 80 20 30 40 50 60 70 80

Butter cup 0.85 0.80 0.75 0.70 0.70 0.65 0.65 0.20 0.30 0.40 0.40 0.55 0.60 0.60

Colts foot 0.80 0.75 0.70 0.65 0.60 0.60 0.65 0.25 0.30 0.50 0.50 0.55 0.55 0.60

Daffodil 0.85 0.80 0.75 0.70 0.65 0.65 0.6 0.15 0.35 0.40 0.40 0.45 0.50 0.55

Daisy 0.95 0.90 0.85 0.80 0.8 0.75 0.75 0.20 0.25 0.35 0.50 0.5 0.55 0.60

Dandelion 0.80 0.75 0.70 0.65 0.65 0.60 0.55 0.20 0.30 0.45 0.45 0.45 0.50 0.60

Fritillary 0.90 0.85 0.80 0.75 0.70 0.70 0.65 0.20 0.35 0.35 0.35 0.45 0.50 0.55

Iris 0.95 0.95 0.90 0.85 0.80 0.75 0.70 0.25 0.30 0.40 0.45 0.45 0.50 0.60

Pansy 0.95 0.90 0.85 0.80 0.75 0.70 0.65 0.20 0.35 0.50 0.50 0.55 0.60 0.65

Sunflower 0.85 0.80 0.75 0.70 0.65 0.65 0.60 0.15 0.35 0.40 0.40 0.45 0.55 0.65

Windflower 0.85 0.80 0.75 0.70 0.70 0.70 0.65 0.20 0.25 0.40 0.40 0.45 0.45 0.50

Snowdrop 0.85 0.80 0.75 0.70 0.65 0.60 0.65 0.25 0.30 0.50 0.50 0.55 0.55 0.55

Lily Valley 0.80 0.75 0.70 0.65 0.60 0.60 0.60 0.25 0.30 0.45 0.45 0.45 0.50 0.50

Blue Bell 0.85 0.80 0.75 0.70 0.65 0.65 0.60 0.15 0.35 0.50 0.50 0.55 0.55 0.55

Crocus 0.95 0.90 0.85 0.80 0.80 0.80 0.75 0.20 0.30 0.40 0.50 0.55 0.55 0.60

Tiger Lily 0.80 0.75 0.70 0.65 0.60 0.60 0.65 0.25 0.30 0.45 0.45 0.5 0.60 0.65

Tulip 0.90 0.85 0.80 0.75 0.75 0.70 0.70 0.20 0.25 0.35 0.50 0.55 0.60 0.65

Cowslip 0.95 0.90 0.85 0.8 0.75 0.75 0.70 0.20 0.30 0.40 0.40 0.55 0.55 0.55

Mean 0.874 0.826 0.776 0.726 0.694 0.674 0.653 0.203 0.306 0.424 0.450 0.503 0.541 0.585

lifted polyps (DLP), normal caceum, and 0.910 and 0.218 for class dyed resection margins
(DRM), normal pylorus. This demarcation of results is achieved due to inter class features
similarity. As this similarity of features increase, we find worst results and vice versa.

Table 3 Results of mean precision and mean recall value of proposed method on CIFAR-10 dataset

Semantic class Proposed Method Precision Proposed Method Recall

Butter cup 0.916 0.183

Airplane 0.979 0.196

Automobile 0.85 0.75

Bird 0.979 0.196

Cat 0.958 0.192

Deer 0.937 0.187

Dog 0.875 0.175

Frog 0.791 0.158

Horse 0.916 0.183

Ship 0.979 0.196

Truck 0.833 0.166

Mean 0.916 0.183
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Table 4 Results of mean precision and mean recall value of proposed method on Kvasir dataset

Semantic class Proposed Method Precision Proposed Method Recall

Dyed Lifted Polyps (DLP) 0.930 0.214

dyed resection margins (DRM) 0.910 0.218

Esophagitis 0.900 0.220

Normal Caceum 0.930 0.214

Normal Pylorus 0.910 0.218

Normal Z-Line 0.900 0.220

Polyps 0.920 0.216

Ulcerative Colitis 0.900 0.220

Mean 0.913 0.218

4.4 Performance comparison

We designed an experiment to compare the performance of the proposed CBIR method
against the existing state-of-the-art CBIR methods [2, 3, 6, 7, 13, 15, 16, 20, 23, 25,
30, 32, 33, 36–38, 40, 44, 50, 53, 57, 58, 60, 63]. For fair performance comparison, we
selected these methods as they evaluated their methods on Wang, Oxford Flower, and
CIFAR-10 datasets and used the same evaluation metrics as we adopted for performance
evaluation. In the work of [30], a hybrid feature descriptor comprising of DWT entropy
and peak oriented octal pattern derived majority voting (POPMV) was proposed to effi-
ciently extract the relevant color images. Methods presented in [6, 7] used the color and
texture features to extract feature vector and to classify and retrieve images using the sup-
port vector machine (SVM). In [16], color SIFT, and edge-oriented histogram features were
employed to generate the code book with coded word distribution to classify and retrieve the
images.

In the work of [50, 60], local binary patterns, SIFT and curvelet transformation were
employed for features extraction and used the K-nearest neighbor and most similar highest
priority principal for classification and retrieval of images. In [57, 58], daubechies wavelet
transformation and dynamic dominant color approach were used for features extraction
and employed multiple SVMs and motif co-occurrence matrix to classify and retrieve the
images. In [15, 32, 44], a hybrid feature vector consisting of 3D color histogram, Gabor fil-
ter, color co-occurrence matrix, and LUV color space were used with the Genetic algorithm
and graph theoretic clustering algorithm for the classification and retrieval of images.

In [13, 20, 25, 36], motif co-occurrence matrix, pattern string of energy distribution,
gradient sub-band vector, and SIFT features consisting of salient objects of image were used
to extract the features and employed variation among the motif co-occurrence matrix of two
dissimilar images, adaptive searching and region matching methods, Bag of Visual Words
(BoVW) model and SVM for image classification and retrieval. The methods in [3, 37, 53]
used the edge-oriented pixels, SIFT dense features, and late fusion of Fast Retina Key point
features and employed the weighted code word distribution, radial basis function artificial
neural network, and SVM for image retrieval. The methods in [2, 33, 38, 40, 63] used the
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Fig. 7 Class wise comparison of precision results of proposed method with other methods

HSV and YCbCr color space and texture features to train the artificial neural network, SVM,
and sequential forward selection strategies for image classification and retrieval.

4.4.1 Comparative analysis onWANG images data set

In this experiment, we performed the comparative analysis of the proposed and exist-
ing CBIR methods on WANG Image Data Set. WANG dataset consists of 1000 images
and 10 semantic categories. Some images of all semantic classes such as Africa, Beach,
Monuments, Buses, Food, Dinosaurs, Elephants, Flowers, Horses, and Mountains are
shown in Fig. 3. We choose these semantic classes for fair performance comparison
as these semantic classes are also used by [2, 3, 6, 7, 13, 15, 16, 20, 23, 25, 30,
32, 33, 36–38, 40, 44, 50, 53, 57, 58, 60, 63] to report the performance of their
systems.

The results of proposed and comparative methods in terms of mean precision and mean
recall are reported in Tables 5 and 6 respectively. We compared the performance of the
proposed method against 25 other CBIR methods to provide a detailed comparison over
a diverse range of CBIR methods. We also provided a bar chart analysis of the pro-
posed method and these 25 comparative methods [55-79] in terms of precision values as
shown in Fig. 7 and Fig. 8 in terms of recall values as shown in Figs. 9 and 10. From

Fig. 8 Class wise comparison of precision of the proposed and comparative methods
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Fig. 9 Class wise comparison of recall results of proposed method with other methods

the results provided in Figs. 7, 8, 9 and 10, we can observe that the proposed CBIR model
provides superior detection performance over other systems in terms of precision and recall.
From the results presented in Table 5 and Table 6, we can clearly observe that the pro-
posed CBIR method provides better retrieval performance. More specifically, we achieved
the mean precision of 0.905 and mean recall of 0.181 using WANG dataset. It is important
to mention that we achieved best results in terms of precision and recall for Elephant and
Dinosaur semantic classes, whereas, we achieved the worst results on the Beach and Africa
semantic classes among all ten classes. The reason of getting best results on the Elephants
and Dinosaurs semantic classes is that both of these classes have distinct features and high
inter class features dissimilarity as compare to other semantic classes, whereas, Beach and
Africa semantic classes have similar inter class. Therefore, we achieved low mean precision
and mean recall on Beach and Africa classes of WANG dataset.

Finally, we provided the Precision-Recall (PR) curve/graph as shown in Fig. 11 where
we have provided a comparative analysis of the proposed and existing methods [2, 3, 6, 7,
13, 15, 16, 20, 23, 25, 30, 32, 33, 36–38, 40, 44, 50, 53, 57, 58, 60, 63] in terms of mean
precision and mean recall. From the results obtained on the Wang dataset, we can conclude
that the proposed CBIR method performs best among all the comparative methods and can
reliably be used for image retrieval.

Table 7 Results of mean precision and mean recall value of proposed method on Oxford Flower on retrieving
different no of images

No of
Proposed method [16] [15] [32] [25] [20]

Returned Images
P R P R P R P R P R P R

20 0.874 0.203 0.821 0.173 0.793 0.161 0.764 0.153 0.603 0.124 0.621 0.129

30 0.826 0.306 0.804 0.261 0.765 0.241 0.701 0.228 0.491 0.159 0.502 0.163

40 0.776 0.424 0.767 0.324 0.742 0.304 0.682 0.298 0.484 0.193 0.491 0.204

50 0.726 0.450 0.706 0.413 0.687 0.386 0.668 0.367 0.479 0.235 0.488 0.246

60 0.694 0.503 0.687 0.452 0.656 0.418 0.643 0.399 0.458 0.246 0.462 0.289

70 0.674 0.541 0.665 0.489 0.632 0.435 0.616 0.422 0.436 0.263 0.453 0.328

80 0.653 0.585 0.642 0.542 0.605 0.476 0.597 0.456 0.427 0.303 0.442 0.345
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Fig. 10 Class wise comparison of recall of the proposed and comparative methods

4.4.2 Comparative analysis on Oxford flower images data set

In this experiment, we evaluated the performance of proposed and comparative techniques
[15, 16, 20, 25, 32] on the Oxford flower dataset and results are reported in Table 7. This
image dataset consists of 17 semantic classes and 80 images per class. To investigate the
effect of different number of retrieved images, we have designed this experiment where
we computed the mean precision and mean recall of all techniques on different number of
returned images i.e. 20, 30, 40, 50, 60, 70, and 80 and results are shown in Table 7. It can
be clearly observed that best results are achieved in terms of precision and recall at lower
no of returned images as compared to the results achieved at higher number of images
returned by the proposed system. This difference between the results occur due to the fact
that as the number of returned images increases, features similarity also increases among
different images and hence results in an increase in the number of false positive images.
From the results presented in Table 7, we can argue that the proposed CBIR model provides
the best mean precision and mean recall over all comparative techniques for all cases of the
returned images. Similarly, Figures 12 and 13 also show that the proposed system provides
superior detection performance over comparative CBIR systems in terms of mean precision
and mean recall on different number of returned images.

Fig. 11 Comparison of mean precision and mean recall value of proposed method with other methods
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Table 8 Comparison of mean precision and mean recall value of proposed method with other methods

Semantic class
Proposed method [15] [32] [25] [20]

P R P R P R P R P R

Airplane 0.916 0.183 0.762 0.178 0.732 0.167 0.521 0.129 0.568 0.146

Automobile 0.979 0.196 0.705 0.235 0.681 0.224 0.432 0.138 0.395 0.127

Bird 0.979 0.196 0.816 0.210 0.789 0.196 0.365 0.153 0.464 0.158

Cat 0.958 0.192 0.921 0.137 0.910 0.136 0.861 0.115 0.826 0.118

Deer 0.937 0.187 0.918 0.115 0.872 0.110 0.821 0.084 0.782 0.112

Dog 0.875 0.175 0.854 0.169 0.756 0.163 0.435 0.151 0.482 0.136

Frog 0.791 0.158 0.768 0.134 0.743 0.128 0.692 0.107 0.719 0.121

Horse 0.916 0.183 0.893 0.153 0.842 0.148 0.692 0.128 0.736 0.125

Ship 0.979 0.196 0.754 0.258 0.682 0.231 0.425 0.162 0.568 0.182

Truck 0.833 0.166 0.826 0.162 0.764 0.153 0.642 0.141 0.689 0.147

Mean 0.916 0.183 0.821 0.175 0.777 0.165 0.589 0.130 0.622 0.137

4.4.3 Comparative analysis on CIFAR-10 images data set

To further investigate the performance of the proposed method in terms of diversity over
other comparative methods for CBIR, we designed this experiment and computed the per-
formance on CIFAR-10 dataset consisting of 60,000 images. CIFAR-10 data set includes
10 different semantic classes as shown in the Fig. 5. CIFAR-10 dataset is further divided
into training dataset and test dataset. Training data set contains 50,000 images with 5,000
images in each training class whereas, 10,000 images in the test data. The results of this
experiment in terms of mean precision and mean recall are presented in Table 8 and Fig. 14
which shows the superiority of our method over comparative CBIR methods.

Fig. 12 Comparison of mean precision value of proposed method and other methods with different number
of returned images
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Fig. 13 Comparison of mean Recall value of proposed method and other methods with different number of
returned images

4.4.4 Comparative analysis on Kvasir medical images data set

To further investigate the robustness of our method on the more diverse dataset, we selected
one dataset of medical images i.e. Kvasir dataset containing a collection of 4000 medical
images that belong to 08 semantic classes. Each semantic class contains 500 images. For
this experiment, we have selected the RFRM method [1] for comparative analysis with
the proposed method. Since this method [1] have evaluated the performance against eight
base coefficients (i.e. Bray, Canberra, Chebyshev, City Block, Cosine, Euclidean, Index of
Association, and Jaccard), therefore, we have also provided a comparative analysis of the
proposed CBIR method against these coefficients and the RFRM method. The results of
this experiment are reported in Table 9 that clearly indicate the superiority of the proposed
method for image retrieval over these comparative techniques. More specifically, we have
achieved the mean precision of 0.91 and mean recall of 0.218, whereas, RFRM performs
second best and achieved the mean precision and mean recall of 0.86 and 0.191. We also
provided a bar chart analysis of the proposed and comparative methods in terms of mean
precision and mean recall in Fig. 15. From the results, we can clearly observe that the
proposed method achieves best performance over all comparative techniques especially on

Fig. 14 Comparison of mean precision and mean recall value using CIFAR-10 dataset
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Fig. 15 Comparison of mean precision and mean recall value using Kvasir medical images dataset

the eight coefficients where our method achieves more than 40% mean precision and mean
recall values.

From the results of this experiment, where we compared the performance of our CBIR
method on four diverse datasets, we can argue that the proposed method can reliably be
used to retrieve the images of multiple datasets containing a diverse range of images.

5 Conclusion

This paper has presented an effective CBIR system capable of semantically retrieving the
correct images with high retrieval performance. For this purpose, we proposed a hybrid
features descriptor comprising of color and texture features. We employed the first three
color moment i.e. mean, standard deviation and skewness to extract the color features,
whereas, used the Haar Wavelet, Daubechies Wavelet and Bi-Orthogonal Wavelet Trans-
form to extract the texture features. We employed the SVM with the Genetic Algorithm
for the classification of semantically similar images. L2 Norm has been used as a simi-
larity measurement function to measure similarity among the query image and the images
returned by the proposed system. We evaluated the performance of our method on four stan-
dard image datasets (i.e. WANG Dataset, Oxford Flower Dataset, CIFAR-10 Dataset, and
Kvasir medical images dataset) of different genre. Experimental results on these datasets
signify the effectiveness of the proposed method in terms of image retrieval. Furthermore,
we compared the performance of the proposed CBIR method with 25 different CBIR meth-
ods on these datasets. The proposed method provides superior retrieval performance over
the comparative approaches and can reliably be used to retrieve the images of more diverse
image classes.
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