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ABSTRACT

Because of the tremendous growth in digital imaging, enhanced communication and storage
technology, billions of images are captured, stored, and exchanged daily. Finding and
searching for an image in a large collection is becoming challenging. The query by reference
image retrieval (IR) technique aims to close the semantic gap between the query and retrieve
images while improving performance. The primary goal of the work proposed here is to
develop discriminative and descriptive features of the image with the minimum possible
size. Here, the weighted feature fusion-based IR technique is proposed using Sauvola local
thresholding (SLT) and Thepade’s Sorted Block Truncation Coding (SBTC) methods. The
proposed technique is tested using two standard datasets with mean square error (MSE) as
a distance measure and average retrieval accuracy (ARA) as a performance metric. The
technique has contributed to the enhancement of ARA with the small and fixed-size image
feature vector. The feature vector generated is much smaller than the image dimension
and is used as a feature vector to represent the image for retrieval. Results prove that the
proposed technique of SBTC 8-ary with 0.1 weight and SLT with 0.9 weight feature fusion
gives better ARA than other techniques studied.

Keywords: Color features, content-based image retrieval, Sauvola thresholding, Thepade’s Sorted Block
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and transmit information quickly. Use of digital cameras, smartphones, and the Internet
have increased due to technological imaging, networking, and storage advancements.
The complexity and the amount of multimedia, especially image data generated, stored,
transmitted, shared, analyzed, and accessed, is increasing enormously. However, this data
is only useful if it can be accessed quickly. Finding a meaningful image from an archive
is challenging research for the computer vision community (Latif et al., 2019).

Most search engines use traditional text-based algorithms that rely on captions and
metadata to retrieve images. This technique can obtain images that are not relevant as there
is a difference between human visual perception and manual categorization or tagging. IR
based on image contents has become increasingly popular in recent decades and is regarded
as one of the most effective methods of visual data access.

Content-based image retrieval (CBIR) is the visual content analysis of an image. The
fundamental need for this IR method is to supply a query image as an input. The visual
likeness in terms of image feature vector gives a basis for finding images with matching
contents. Low-level visual features (like spatial layout, color, shape, and texture) are derived
from the query in IR, and then these features are matched to rank the output.

Medical IR like skin cancer detection, microscopic pathology IR (Miiller, 2020),
trademark IR (Cao etal., 2021), fabric retrieval (Ji et al., 2020), and crime scene investigation
using face retrieval (Tarawneh et al., 2018), tattoo retrieval (Lee et al., 2012), image searching
in personal and public digital libraries and satellite IR, image analysis in traffic control (Tunio
etal., 2020), image steganography (Shifa et al., 2018), and medical image diagnosis (Kayhan
& Fekri-Ershad, 2021) are some of the applications of IR (Yang et al., 2021).

The effectiveness of feature extraction and description approaches determines the
success of the IR method. The retrieved features convey the images’ identities and aid
retrieval. As a result, the researchers’ attention has been drawn to the investigation for
effective feature extraction and description approaches to investigate a higher success rate
of IR based on image contents.

Image thresholding is an image segmentation method that uses pixel intensities to
binarize the image pixels into the foreground or background. If the pixel’s intensity exceeds
the threshold, it is considered the foreground pixel; otherwise, it is considered a background
pixel. The image thresholding techniques can be categorized as global or local. The global
thresholding techniques use the same threshold for the whole image. In contrast, local
thresholding techniques use different thresholds to separate the pixels into foreground or
background in different parts of the image depending upon the local image regions. Here,
feature fusion-based image retrieval is proposed using Sauvola local thresholding and SBTC
techniques. The similarity is measured with the mean squared error (MSE) distance metric,
and average retrieval accuracy is used as the performance metric. The key contributions
of the work presented are as follows:
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»  Fusion of global and local features for improved image retrieval

*  Consideration of Thepade’s SBTC for extracting global features and Sauvola
thresholding for local feature extraction.

* Exploration of weighted feature fusion of local and global features for image
retrieval.

* Experimental validation of the proposed method on two benchmarked image
datasets.

RELATED WORK

The image feature vector can be represented using global, local, and low-level features
like texture, color, and shape. The feature vector based on color uses pixel intensities to
represent the image. In comparison to other features, color features are consistent and
robust. Most color attributes are unaffected by scale, translation, or rotation changes. The
computational cost of simple color moment-based approaches is minimal, but the precision
is low. Techniques based on histograms are more accurate, although they have a higher
processing cost. Techniques based on BTC are more accurate and have a lower processing
cost. “Color Coherence vector” (Pass et al., 1996), “Color Correlogram” (Huang et al.,
1997), Block Truncation Coding(BTC) and its variants like “Optimized Dot Diffusion”
(Guo & Liu, 2014), “error diffused BTC”(Guo et al., 2015), “halftoning based BTC”
(Guo & Prasetyo, 2015), “Dot Diffused BTC (DDBTC)” (Guo et al., 2015), “ant colony
optimization based BTC” (Chen et al., 2018), “Thepade’s Sorted BTC(SBTC),” color
moment-based techniques (Wang et al., 2018), histogram of colors-based techniques like
“MPEG-7 Dominant Color Descriptor” (Shao et al., 2008) and “Fuzzy Histogram” (Han
& Ma, 2002) are some of the color feature-based techniques.

Another important element in IR strategies is texture. An image’s texture denotes
the shift in illumination in a small area. An image’s texture reflects the visual pattern by
describing the spatial relationship of pixels. Statistical methods and structural approaches

29 ¢

are the two types of texture-based algorithms. “Gray level histogram,” “edge histogram,”
“local binary pattern(LBP)” (Ojala et al., 1996) and its variants like “Local Binary
Extrema Pattern” (LBEP) (Murala et al., 2012b), “Local Tetra Pattern” (LTrP) (Murala et
al., 2012a), “Local Derivative Pattern” (Zhang et al., 2010), “Utilizing multiscale LBP”
(Srivastava & Khare, 2018), “gray level co-occurrence matrix(GLCM)”’(Haralick et al.,
1973), “wavelet coefficients” (Loupias et al., 2000), “ridgelets and curvelets” (Sumana et
al., 2008), “Tamura features” (Tamura et al., 1978), and “Gabor wavelet filter” (Manjunath
& Ma, 1996) are examples of texture-based feature techniques. Texture approaches based
on structure are not effective for retrieving generic images. Statistical texture features
are better than the other approaches because they are invariant to illumination, but the

feature vector is larger.
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In addition to texture and color features, shape features are explored in the literature to
retrieve similar images since humans perceive objects based on their shape (Baji & Mocanu,
2018; Sun & Wu, 2006; Xiaoling & Kanglin, 2004). The use of shape-based features for
IR is limited since these approaches require segmented object images, which are tough to
obtain in datasets with non-homogeneous generic images.

Local features-based techniques locate prominent parts termed interest points and
describe the image by expressing the surrounding region of these interest points. The
detected interest points must be extremely repetitive to be identified with several distortions
like rotation and light. Some of the most often used strategies for detecting local features
are “Harris corner detector” (Harris & Stephens, 1988), “Fast Hessian” (Bay et al., 2006),
“Hessian affine detector” (Mikolajczyk & Schmid, 2002), “Harris-Laplace” (Mikolajczyk
& Schmid, 2001), “Shi and Tomasi corner detector” (Shi & Tomasi, 1994), “Difference
of Gaussian” (Lowe, 2004), MSER, (Matas et al., 2004) SUSAN (Smith & Brady, 1997),
FAST (Rosten & Drummond, 2006), SIFT and its variants like “PCA-SIFT” (Ke &
Sukthankar, 2004), “N-SIFT” (Cheung & Hamarneh, 2007), “CSIFT” (Abdel-Hakim
& Farag, 2006), “edge-SIFT” (Zhang et al., 2013), “Color-SIFT” (Van De Sande et al.,
2010), “Affine-SIFT”(Yu & Morel, 2011), “root-SIFT” (Arandjelovic & Zisserman, 2012),
BRISK (Leutenegger et al., 2011), ORB (Rublee et al., 2011), BRIEF (Calonder et al.,
2010), SURF (Bay et al., 2006) and FREAK (Alahi et al., 2012). These techniques generate
high-dimensional feature vectors and thus require more memory for storage and matching
time during query execution.

Jabeen et al. (2018) combine a bag of visual words (BoVW) with FREAK and SURF
local feature extraction algorithms. Dhotre and Bamnote (2017) integrate multilevel Haar
wavelet features with a color histogram. Color and edge features are integrated into Hua et al.
(2019) to create a resilient color volume histogram-based feature vector. The BoVW technique
is paired with SURF and SIFT-based features in Alkhawlani et al. (2015). The features of
chromaticity moments, co-occurrence, and color moments are combined to form a feature
vector in Singh and Srivastava (2018). Local and global properties are fused in Mehmood
et al. (2018) by considering the image’s Histogram of Gradient (HoG) and SURF features.
In Alhassan and Alfaki (2017), HSV color moments and texture features based on the 2D
Gabor filter are presented. In Mistry et al. (2016), the feature descriptor is generated using a
fusion of DWT in YCbCr color space and LBP. In Du et al. (2019), a weighted fusion of HSV
color space-based histogram, GLCM, LBP, and normalized moment of inertia (NMI) with
particle swarm optimization-based pulse code neural network (PCNN) is proposed. Yu et al.
(2013) present the fusion of SIFT and LBP features with the Kmeans clustering algorithm.

Also, in the literature, few IR methods use the weighted fusion of color and texture
features (Kayhan & Fekri-Ershad, 2021). Few authors have proposed using quantized color
bins with tetrolet transform for image retrieval (Varish et al., 2020).
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Image datasets have images that are widely diversified and non-homogeneous. Using
simple and individual low-level image features to retrieve the matching images is quite
challenging. As a result, in the literature, integrating low-level features (color, shape, and
texture), global features, and local features for encoding feature vectors has improved the
performance of IR algorithms.

Here, the weighted feature fusion of the color-based Sauvola local thresholding
technique with global SBTC to generate the feature vector of the image is presented.

THEPADE’S SORTED BLOCK TRUNCATION CODING (SBTC)

Let the image block be ‘B’ of size ’a x b x 3°, with R, G, and B color planes. The SBTC
n-ary can be represented as [FR,, FR,,.., FR,, FG,, FG,,.., FG,, FB,, FB,,.., FB,]. Here
the FR,, FG, and FB, indicate the p™ cluster centroids of the red, green, and blue planes,
respectively (Dewan & Thepade, 2021).

The feature extraction using SBTC is shown in Figure 1. Here, for the sample input
image, the color planes are extracted, which are further converted to a 1D array for
getting sorted. In the end, features are generated by clustering these sorted 1D arrays.
In SBTC 4-ary, for image block B of size ’a x b x 3’ pixels, the color planes R, G, and B
are converted into a one-dimensional array and sorted as sR, sG, and sB. The sorted 1D
arrays are divided into four equal-size clusters. The centroid of each cluster is computed
as [FR,, FR,, FR;, FR,, FG,, FG,, FG;, FG, FB,, FB,] as shown in Equations 1 to 4.
Here, X=R, G, or B.

axb
7
FXy = — z X 1
1= 5 2 (r) (1)
r=1
ax*b
2
FX, = — Z X(r) 2
=— sX(r
A . (2)
r=1+ 7
3*axh
4
FX * X(r) 3
= SA(T
I (3)
r=1+a;b
ax*b
FX, = — - sX(r) (4)
*(*
r=1+ Z
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Figure 1. Feature vector generation using SBTC

SAUVOLA THRESHOLDING TECHNIQUE

It is a local thresholding method that determines the threshold for each pixel. The threshold
is calculated using a local variance. The technique is effective when the image’s brightness
is not constant (Bataineh et al., 2011; Hadjadj et al., 2016; Lazzara & Géraud, 2014; Sauvola

& Pietikdinen, 2000).
The threshold for each pixel is calculated using Equations 5, 6, and 7:
dev(y,q)
Tp.q) = Meang gy * [1 +hox ( p 1 (5)
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3

3 3
devgy = |- 1yz i 10y - |- 1YZ Z ICx,y) 6)

x=1y=1

D = max(dev) (7N

where,

T(p,q) is the threshold for the pixel position in the image at (p,q), where p is the row

number, and q is the column number of the pixel.

Mean(p,q) and dev(p,q) are the average and standard deviation using the intensity

values of the pixels present in the window centered at the (p,q) pixel in the image.

I(x,y) represents the intensity of the neighborhood pixel located at the (x,y) position

in the image.

k is the user-defined constant, and D is the dynamic range of standard deviation.

Figure 2 portrays the extraction of binary planes from red, green, and blue color
components of the original sample image obtained using the Sauvola thresholding
technique. As the Sauvola threshold values for respective color planes differ, the binary
color planes also differ.

Original Image

1
{ ! 1

Red Plane Green Plane Blue Plane
il 1 2
AT T /”T =
C 2 € ':“-'.42 , = 7 7‘:&
S S e — e
Red Plane Thresholding Green Plane Thresholding Blue Plane Thresholding

Figure 2. Sauvola local thresholding
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PROPOSED IMAGE RETRIEVAL TECHNIQUE

The block diagram of the proposed weighted fusion-based IR system using SBTC and
Sauvola Local Thresholding (SLT) features is shown in Figure 3. The steps for image
feature vector detection and description are given in the algorithm.

Extract Dataset
Iljrgglagseest | Images Red, Green
and Blue Planes |

Dataset Images Features
Extraction Using Sauvola
Thresholding

L T T T T
I T NIRRT
[0 e o AN CRNSEEN A
TN BT T (TR T

Dataset Images Feature
Extraction Using Ordered Color
Means with TSBTC

[

Dataset Image Feature Vector
Description Using Weighted
Feature Fusion of Sauvola and

I T
T T T

e T

TSBTC Features

BT T T

Similarity Measurement Retrieval
Using Mean Square Error|

—*| Results

::>lIl

Extract Red, Green
Query Image || and Blue Planes of
Query Image

]

Query Image’s Feature
Extraction Using Ordered Color
Means with TSBTC

i

L

L

Query Image’s Feature
Extraction Using Sauvola
Thresholding

il

Query Image Feature Vector
Description Using Weighted
Feature Fusion of Sauvola and
TSBTC Features

N0 T T

Figure 3. Block diagram of weighted feature fusion-Based IR using Sauvola and SBTC features

Algorithm

1. Input the image color image I of size mxnx3 with red Ri, green Gi, and blue Bi

planes.

2. Generate the SBTC color feature vector by applying steps 2.1 to 2.5.

2.1 Convert the color plane of size mxn into (mn)xI size one-dimensional array

(SDA).

2.2 Sort the pixel intensity values of the SDA array in ascending order.
2.3 Divide the array SDA into N blocks where N is 2-ary, 4-ary, or §-ary of SBTC

selected.

2.4 Find the mean of pixel values for each block. These mean values form the
color feature vector of an image plane.
2.5 Apply steps 2.1 to 2.4 on an image’s red, green, and blue planes. An image’s

color-based feature vector Fc is formed by concatenating the features of all

the planes.
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3. Generate Sauvola thresholding-based feature vector by applying steps 3.1 to 3.5

(Figure 2).

3.1 The color image is separated into red, green, and blue planes.

3.2 Compute the threshold Tx for each image pixel red, green, and blue plane
using Equations 5, 6, and 7.

3.3 Compute the bitmap of all the color planes of the image using Equation 8. Let
Ij be the jth color plane of image I, Tj be the threshold of color plane Ij, and Bj
be the binary plane of the Ij color plane. The pixel positions are represented

as (p,q)-

L ifljoq@) =2 Tjp,g

Bj(p,q) = {o, f® @ < Tipg v

3.4 Generate Sauvola features S;; and S;, of the given image for each color plane
with size m*n using Equations 9 and 10. Here (a,b) indicates the pixel position.

a=1

Sj2 = Zl:lZZ:l(l—Bj(a,b)){;;[lj(a'b) [1 BJ(a,b)]]X(m)

3.5 Concatenate the Sauvola features Fs of all the color planes to generate the
vector of the Sauvola local thresholding image features.

4. The fusion-based feature vector Fv is generated by concatenating the SBTC color-
based feature vector Fc multiplied by weight wl and Sauvola thresholding-based
feature vector Fs multiplied by weight w2.

5. Steps 1 to 4 are applied to all the images of the dataset.

6. During query execution, steps 1—4 are applied to the query image.

7. The query image’s feature vector is compared to the dataset image’s feature vectors
using mean square error (MSE) as the distance measure. Images with the shortest
distance are deemed more relevant and are retrieved from the dataset.

In the case of the Sauvola thresholding technique, the mean of image pixel
intensities greater than the threshold and the mean of image pixel intensities less than
the threshold are used to represent the feature vector for each image. It has generated
a feature size of two for each image plane. SBTC 8-ary has generated the feature of
size eight for each image plane. The feature vector size is independent of the image
dimension and has a considerably smaller footprint. The similarity is measured with
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the mean squared error (MSE) distance metric, and average retrieval accuracy is used
as the performance metric.

Image Dataset Used for Experimentation

Various datasets are published in the literature. Images of artificial things like monuments,
landscapes, creatures, and natural sceneries such as beaches, mountains, and water can be
found in these datasets. The images were captured under various lighting, rotation, scale,
and occlusion settings. The experimentation testbed is built using a modified COIL dataset
and an augmented version of the standard image dataset generated by Wang.

There are 1100 images in the augmented Wang (AWang) dataset, divided into 11
categories. Figure 4 depicts sample images of the AWang dataset (J. Z. Wang et al., 2001;
Li & Wang, 2003).

The modified COIL(MCOIL) dataset contains 1440 photos. The images depict a variety
of products from several categories, such as toys, pharmaceutical boxes, and coffee mugs. The
objects were placed on a turntable with a dark background to capture these images in PNG
format. Figure 5 displays a sample of images from the MCOIL dataset (Nene et al., n.d.).

Tribes Beach Monoments Fooditems

Buses Dinasour Elephant Aeroplane

Roses Horses Mountains

Figure 4. AWang dataset sample images
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Figure 5. MCOIL dataset sample images

Performance Measurement Criteria

The retrieval accuracy is used to assess the quality of the IR system. Query images are fired
on the image dataset. The query image feature vector is extracted and matched to the dataset
image feature vectors, and the mean square error (MSE) is computed. The computed MSEs
are sorted in ascending order to rank the dataset images to the query image. Relevant and
irrelevant images are separated from the obtained images. The average retrieval accuracy
is used for the performance measuring criterion. The definition of retrieval accuracy is

given in Equation 11.

Retrieval accuracy =

significant images retrieved count

total images retrieved count
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The presented IR system is tested using MATLAB on an Intel Core i5 Processor

computer with 1.7 GHz processing speed and 8 GB RAM.

RESULTS AND DISCUSSION

AWang and MCOIL datasets are used in the experimentation. The image feature vectors

are generated from extracted features of the dataset images. In a feature table, these feature

vectors are stored. During query execution, features from the query image are extracted,

and a feature vector is created. This feature vector is compared to the dataset image feature

vectors using MSE to extract matched photos from the dataset.
Tables 1 and 2 indicate the ARA of Sauvola Local Thresholding (SLT) and SBTC
feature fusion techniques for AWang and MCOIL datasets with equal proportions,

respectively. Results prove that the SLT and SBTC feature fusion-based technique results
better ARA than the individual methods.

Table 1
IR using feature fusion of SLT and SBTC features for AWang dataset
Category SLT SBTC SLT + SBTC SBTC SLT+SBTC SBTC SLT + SBTC
2-ary 2-ary 4-ary 4-ary 8-ary 8-ary
Cl 39.56 30.65 35.58 32.51 35.27 33.36 34.78
C2 18.02 22.56 22.41 24.01 23.9 24.66 24.64
C3 20.63 18.74 20.5 18.69 19.56 18.97 19.43
C4 34.25 33.03 37.09 33.03 35.85 32.58 34.12
C5 97.4 95.68 96.29 95.58 96.07 95.28 95.66
Co6 32.08 37.31 37.64 37.08 37.42 37.13 37.25
C7 54.13 43.11 48.2 41.89 44.97 42.77 44.38
C8 40.58 49.77 48.2 50.74 50 50.48 50.29
Cc9 18.6 22.7 21.14 21.82 21.04 21.67 21.38
C10 27.96 27.27 28.41 27.39 28.38 28 28.42
Cl1 67.04 71.26 72.45 74.07 74.55 74.12 74.68
ARA (%) 40.93 41.10 42.54 41.53 42.46 41.73 42.28
Table 2
IR using feature fusion of SLT and SBTC features for MCOIL dataset
Category SLT SBTC SLT + SBTC SBTC SLT+SBTC SBTC SLT + SBTC
2-ary 2-ary 4-ary 4-ary 8-ary 8-ary
1 45.62 42.38 43.42 47.01 47.16 46.97 47.05
2 55.67 43.07 51.52 40.63 43.69 37.06 38.29
3 60.57 61.84 64.00 75.52 78.01 77.78 79.53
4 68.44 72.55 75.77 93.71 94.58 96.89 97.03
5 89.33 98.90 98.80 99.61 99.48 99.81 99.92
6 100.00 98.59 100.00 99.98 100.00 100.00 100.00
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Table 2 (continue)
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Category  SLT SBTC SLT+SBTC SBTC SLT+SBTC SBTC  SLT+ SBTC
2-ary 2-ary 4-ary 4-ary 8-ary 8-ary
7 83.06 80.73 84.66 82.74 85.07 83.16 84.49
8 55.11 47.55 53.13 54.07 56.33 54.46 55.59
9 97.55 99.92 99.71 100.00 100.00 100.00 100.00
10 51.25 42.26 46.20 47.80 48.92 48.11 48.96
11 100.00 100.00 100.00 100.00 100.00 100.00 100.00
12 98.92 100.00 100.00 100.00 100.00 100.00 100.00
13 39.85 34.39 38.37 31.58 33.89 30.48 31.50
14 93.36 85.90 90.78 89.22 90.68 89.85 90.59
15 51.52 45.54 48.73 47.70 49.59 46.53 47.92
16 78.07 82.21 80.50 79.57 79.34 79.05 78.92
17 95.60 96.49 99.42 100.00 100.00 100.00 100.00
18 57.16 43.25 50.14 48.90 51.76 50.91 52.47
19 69.68 61.79 64.47 62.73 63.70 61.92 62.58
20 54.24 46.59 50.83 50.81 52.28 51.99 52.64
ARA (%) 72.25 69.20 72.02 72.58 73.72 72.75 73.37

Table 3 indicates the ARA for weighted SLT and SBTC 2-ary feature fusion using the
AWang dataset. The fusion of 0.7 for SLT and 0.3 for SBTC 2-ary features performs better
than other proportions considered.

Table 3
IR using weighted SLT and SBTC 2-ary feature fusion for AWang dataset
: ,; 2 3 % %7 3 3 8 ¢
Category ; SI :g SE EE SE EE SE EE SE EE
= 22 “ua Pa u Ya Pa Pun un “a
2 "% = 5 2z =2 3 3 3 3
Cl 39.56 30.65 39.14 3844 37.68 36.6 3558 3455 336 327 31.68
C2 18.02 22.56 19.77 209 21.74 22.06 2241 22.77 22.83 2284 22.82
C3 20.63 18.74 2099 212 21.18 20.81 20.5 20.14 19.77 19.51 19.05
Cc4 3425 33.03 36.57 37.7 3788 3776 37.09 36.58 3574 3479 339
C5 97.4 9568 9733 9691 96.64 9642 9629 96.12 9597 9591 95.75
Cé6 32.08 3731 34.01 3565 36.73 3731 37.64 3781 37.67 37.59 3746
Cc7 54.13 43.11 5293 51.66 5027 4933 482 47.18 46.01 44.89 4391
Cc8 40.58 49.77 4323 45.13 46.52 4749 482 48.72 49.14 493 49.59
c9 186 227 193 1994 2029 20.79 21.14 2143 2196 22.19 2252
C10 2796 2727 2838 28.72 28.66 28.54 2841 2822 28 27.81 27.52
Cl1 67.04 7126 6947 7085 71.65 72.16 7245 7239 7227 7194 71.56
ARA(%) 4093 41.10 4192 4246 42.66 42.66 42.54 4236 42.09 41.77 4143
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Table 4 indicates the ARA for weighted SLT and SBTC 4-ary feature fusion using the
AWang dataset. The fusion of 0.8 for SLT and 0.2 for SBTC 4-ary features performs better
than other proportions considered.

Table 4
IR using weighted SLT and SBTC 4-ary feature fusion for AWang dataset
> pl] ®
3 22 23 5 92 T 28 93 ad =2
Cat 5 3 20 20 =20 =¢ HE 20 20 g0 =0
atesor - - - - - -
Y o® 8 Sg Sg Sg S @2 Sg Sg S5 S
2 nl «nB «wBR =« w A5 25 @ 2 «Z
<>
Cl 39.56 3251 39.15 3792 3694 36.11 3527 3459 3384 33.18 32.87
C2 18.02 24.01 2148 2293 2351 2371 239 2405 2406 24.01 24.00

C3 20.63 18.69 20.86 20.7 2036 20 19.56 1939 19.06 1892 18.77
C4 3425 33.03 3799 38.05 3737 3649 3585 351 3445 3396 3347
C5 974 9558 96.86 9645 9629 9621 96.07 9594 9587 9578 95.68
C6 32.08 37.08 355 36.78 3727 3744 3742 374 3733 3729 3723
C7 54.13  41.89 51.17 49.17 4736 4594 4497 4412 4345 4287 4235
C8 40.58 50.74 4539 47.86 48.87 49.54 50 50.26 5037 5045 50.64
C9 18.6 21.82 19.8 20.1 2049 2083 21.04 2134 2136 2145 21.68
C10 2796 2739 2892 2888 288 2859 2838 2821 28.03 27.79 27.61
C11 67.04 74.07 71.73 735 7414 74.62 7455 7448 7435 7425 74.19
ARA (%) 40.93 41.53 42.62 4294 42.85 42.68 42.46 42.26 42.02 41.81 41.68

Table 5 indicates the ARA for weighted SLT and SBTC §-ary feature fusion using the
AWang dataset. The fusion of 0.9 for SLT and 0.1 for SBTC 8-ary features performs better
than other proportions considered.

Table 5
IR using weighted SLT and SBTC 8-ary feature fusion for AWang dataset

O &

=
Category d ; E
wn X

Cl1 39.56 3336 3832 37.02 36.08 3535 3478 3433 34.03 33.72 33.53
C2 18.02 24.66 23.11 2393 2446 24.6 24.64 24.68 24.69 2472 2474
C3 20.63 1897 20.8 2024 19.87 19.64 1943 1924 19.12 19.04 18.98
C4 3425 3258 37.89 36.64 3549 3474 3412 33.6 33.27 3299 32.76
C5 974 9528 9641 962 9597 9576 95.66 9552 9543 9537 9533
Co6 32.08 37.13 36.87 3731 37.52 3741 3725 3725 3724 3725 37.19
C7 54.13 4277 49.75 4722 4581 45.01 4438 4391 43.52 43.19 4293
C8 40.58 50.48 47.68 49.19 49.76 50.07 50.29 5046 50.46 50.44 50.46
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Table 5 (continue)
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175} 170} 170} N 170} 170} 175} [77) 170}

Cc9 18.6 21.67 20.11 2049 2095 213 2138 2141 2159 21.68 21.7

C10 27.96 28 29.18 29.09 28.8 28.65 2842 2827 2822 28.18 28.1

Cl11 67.04 7412 7386 7477 7497 74779 7468 7447 7434 743 7418

ARA (%) 4093 41.73 43.09 4292 42.70 42.48 42.28 42.10 41.99 4190 41.81

Table 6 indicates the ARA for weighted SLT and SBTC 2-ary feature fusion using the
MCOIL dataset. The fusion of 0.8 for SLT and 0.2 for SBTC 2-ary features performs better
than other proportions considered.

Table 6
IR using weighted SLT and SBTC 2-ary feature fusion for MCOIL dataset
> \n
§ 22 22 52 93 % 22 23 of =2
= & s L T ST gm0 ST ST S ST
comy @ 2 H2 S2 S 852 2% S8 S8 St &
= nlR wB xRl «xnA E nl w8 @ 2 @ a
1 45.62 4238 44.83 44.06 43.89 43.63 4342 43.17 4294 42.61 4246
2 55.67 43.07 5436 53.67 5295 5228 51.52 5046 49.23 4745 4547
3 60.57 61.84 6294 64.14 6445 06443 64.00 6354 63.14 6271 62.29
4 68.44 7255 7286 75.04 76.08 76.18 75.77 7529 7450 73.65 73.07
5 89.33 9890 93.06 95.58 97.24 9828 98.80 99.09 99.29 99.34 99.25
6 100.0 98.59 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 99.86
7 83.06 80.73 84.59 8544 8588 8559 84.66 83.74 83.14 82.52 81.50
8 55.11 47.55 5521 54.84 5448 5394 53.13 5224 5120 4998 48.50
9 97.55 99.92 9844 99.02 9931 99.56 99.71 99.83 99.88 99.88 99.92
10 51.25 4226 4998 4921 4842 4730 46.20 4502 4398 43.19 42.80
11 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
12 98.92 100.0 99.56 99.90 100.0 100.0 100.0 100.0 100.0 100.0 100.0
13 39.85 3439 39.12 38.54 38.14 38.00 3837 38.10 37.60 36.52 35.19
14 9336 8590 9354 93.04 9242 91.51 90.78 89.99 88.99 88.02 87.02
15 51.52 4554 5052 4990 49.40 49.02 48.73 4832 47.74 4699 46.24
16 78.07 8221 78.82 79.44 7990 80.09 80.50 80.81 81.17 81.58 81.93
17 95.60 9649 97.03 98.01 98.59 99.00 9942 99.59 99.77 99.85 99.75
18 57.16 4325 5596 55.02 53.65 5199 50.14 4844 4691 4558 4421
19 69.68 61.79 68.00 6699 6599 6503 6447 63.83 63.18 62.79 62.38
20 5424 46.59 5338 52.68 5199 5149 50.83 50.12 4936 4853 47.70
ARA (%) 7225 69.20 72.61 72.73 72.64 7236 72.02 71.58 71.10 70.56 69.98
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Table 7 indicates the ARA for weighted SLT and SBTC 4-ary feature fusion using the
MCOIL dataset. The fusion of 0.9 for SLT and 0.1 for SBTC 4-ary features performs better
than other proportions considered.

Table 8 indicates the ARA for weighted SLT and SBTC 8-ary feature fusion using the
MCOIL dataset. The fusion of 0.9 for SLT and 0.1 for SBTC 8-ary features performs better
than other proportions considered.

Comparison with Existing Methods

Figures 6 and 7 show the performance of existing and proposed IR techniques in terms of
ARA using Sauvola local thresholding, SBTC with 2, 4, and 8-arys, and weighted feature
fusion of SLT and SBTC for AWang and MCOIL datasets, respectively. Weighted feature
fusion of SLT and SBTC performs better for SBTC 2, 4, and 8-arys. Results show that the
fusion of 0.9 for SLT and 0.1 for SBTC 8-ary features gives better results than all other
methods considered.

Table 7
IR using weighted SLT and SBTC 4-ary feature fusion for MCOIL dataset
\n
22 22 52 22 T =2 2% a2 =2
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45.62 47.01 47.11 4730 4726 4726 47.16 47.07 47.05 47.01 46.99
55.67 40.63 51.60 48.63 46.64 4475 43.69 4275 42.01 4142 40.93
60.57 75,52 77.16 79.17 79.07 7840 78.01 77.53 7693 76.41 7598
68.44 9371 93.61 9506 9510 94.85 9458 9443 9417 94.04 93.81
89.33 99.61 9556 98.09 99.00 9936 9948 99.59 99.61 99.59 99.61
100.0 99.98 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
83.06 82.74 87.83 87.87 86.81 8582 8507 8443 84.09 83.58 83.08
55.11 54.07 5737 5775 5725 5675 5633 5590 5540 5496 54.53
97.55 100.0 99.38 9996 100.0 100.0 100.0 100.0 100.0 100.0 100.0
10 51.25 47.80 51.08 5039 50.02 4954 4892 4851 4828 48.19 47.99
100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
12 98.92 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
13 39.85 31.58 37.09 3628 35.19 34.61 33.89 3341 32.89 3241 3196
14 9336 89.22 93.77 9282 9196 9124 90.68 90.28 90.01 89.66 89.39
15 51.52 4770 51.49 5093 5042 4988 4959 4921 4880 4840 4797
16 78.07 79.57 78.72 7899 79.11 7924 7934 7942 7951 79.53 79.53
17 95.60 100.00 99.50 99.88 99.98 100.0 100.0 100.0 100.0 100.0 100.0
18 57.16 4890 56.54 5548 54.01 5278 51.76 5096 5042 49.85 49.29
19 69.68 62.73 67.11 65.66 64.62 64.08 63.70 6341 6321 6296 62.83
20 5424 50.81 53.55 5282 5278 5251 5228 5193 5158 5133 51.04
ARA (%) 7225 7258 7492 7485 74.46 74.05 73.72 73.44 7320 7297 72.75
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Table 8
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IR using weighted SLT and SBTC 8-ary feature fusion for MCOIL dataset
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1 45.62 4697 4738 47.18 47.18 47.09 47.05 47.03 47.01 47.01 4697
2 55.67 37.06 4529 41.67 39.87 3891 3829 37.83 37.64 3742 3723
3 60.57 77.78 8133 80.92 80.50 79.92 79.53 79.13 7853 7824 78.03
4 68.44 96.89 96.66 97.18 97.13 97.11 97.03 9693 96.82 96.88 96.88
5 89.33 99.81 98.77 99.71 99.85 99.88 99.92 9992 99.86 99.86 99.85
6 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
7 83.06 83.16 88.10 86.65 8553 84.80 8449 84.09 83.89 83.66 83.37
8 5511 5446 5845 5752 56.64 5590 5559 5523 5494 5476 54.57
9 97.55 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
10 51.25 48.11 51.23 5035 49.75 4936 4896 48.71 48.55 4832 48.19
11 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
12 98.92 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
13 39.85 3048 3524 3328 3227 31.87 31.50 31.33 31.00 30.92 30.65
14 93.36 89.85 93.09 9190 91.24 90.76 90.59 90.41 90.18 90.03 89.97
15 51.52  46.53 5042 4946 48.84 4830 4792 4751 47.18 4691 46.70
16 78.07 79.05 78.61 78.72 7888 78.84 7892 7895 7895 78.99 79.01
17 95.60 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
18 57.16 5091 57.06 54.76 53.65 53.09 5247 52.01 5154 5123 51.06
19 69.68 61.92 65.14 6391 63.16 62.83 6258 6242 6231 62.17 62.06
20 5424 5199 5388 5336 53.16 5291 52.64 5253 5233 52.16 52.08
ARA (%) 7225 72775 75.03 7433 73.88 73.58 7337 73.20 73.04 7293 72.83
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Figure 6. ARA using various existing and proposed IR methods (AWang dataset)
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Figure 7. ARA using various existing and proposed IR methods (MCOIL dataset)

Statistical Significance

For statistical validation of obtained results, the proposed IR using weighted SLT and
SBTC 8-ary feature fusion is compared with existing methods using a 2-variable t-Test,

assuming equal variance is defined as:
HO: There is no significant difference between IR accuracy using weighted SLT and
SBTC 8-ary and existing methods.
Ha: There is a significant difference between IR accuracy using weighted SLT and

SBTC 8-ary and existing methods.

The obtained t-Stat, t-Critical, and P-value are given in Table 9. For the proposed method,
when compared with the existing SLT method, the p-value for 2-tail is less than ¢(0.05),
rejecting the null hypotheses (HO) and proving that the proposed weighted SLT (0.9 weight)
and SBTC 8-ary (0.1 weight) method is statistically significant than the existing method.

Table 9
Statistical validation of proposed IR techniques
SLT: SLT: SLT: SLT: SLT: SLT: SLT: SLT: SLT:
Parameters 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
SBTC: SBTC: SBTC: SBTC: SBTC: SBTC: SBTC: SBTC: SBTC:
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Mean 63.70  63.18 62.82 62.54 6234 62.17 62.02 6192 61.82
t Stat -2.01 -1.46 -1.15 -0.95 -0.80 -0.68 -0.58 -0.51 -0.45
P(T<=t) two-tail 0.05 0.15 0.26 0.35 0.43 0.50 0.57 0.61 0.66
t Critical two-tail ~ 2.04 2.04 2.04 2.04 2.04 2.04 2.04 2.04 2.04
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CONCLUSION

The research paper has presented the fusion-based IR technique using weighted features of
Sauvola local thresholding and the SBTC technique. The proposed method is tested with
two different standard datasets, viz. AWang and MCOIL. The introduced IR using feature
fusion of SLT and SBTC techniques has surpassed the performance in terms of average
retrieval accuracy of the existing methods. It has revealed the statistical significance of
improved IR. Results show that the proposed technique with SBTC 8-ary with 0.1 weight
and SLT with 0.9 weight feature fusion gives better ARA than all the studied methods
across the datasets considered.

In the future, it will be interesting to explore using various color spaces for feature
extraction using the proposed method in IR. Future work can use various similarity metrics
in addition to the currently used mean square error like Euclidian distance, cosine distance,
and city block distance can be explored.
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