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Abstract

The image acquisition process involves finding regions of interest and defining feature
vectors as visual features of the image. This encompasses local and global delineations
for specific areas of interest, enabling the classification of images through the extraction
of high-level and low-level information. The proposed approach computes the Harris
determinants and Hessian matrix after converting the input image to grayscale. Blob
structuring is then performed to identify potential regions of interest that can adequately
describe texture, color, and shape at differentrepresentation levels and the Harris corner
detector is used to identify keypoints within these regions. Moreover, scale adaptation
method is applied to the determinants of the Harris matrix and the Laplacian operator
to extract scale-invariant features. Meanwhile, the input image undergoes processing
through VGG-19, DenseNet, and AlexNet architectures to extract features representing
diverse levels of abstraction. Furthermore, the RGB channels of the input image are
extracted and their color values are computed. All extracted features local, global, and
color are then integrated in feature set and encoded through a bag-of-words model to
rank and retrieve images based on their shared visual characteristics. The proposed
technique is tested on challenging datasets including Caltech-256, Cifar-10, and Corel-
1000. The presented approach shows remarkable precision, recall and f-score rates in
most of the image categories. The proposed approach leverages the complementary
strengths of multiple feature extraction techniques to achieve high accuracy.
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1 Introduction

Deep learning (DL) is a leading solution for sharing
huge amounts of images and data on social networks
and online. Deep learning is commonly used to solve
various problems such as crowded object recognition
and complex object detection. The main purpose
of deep learning technology based on neural net-
works is to generate feature vectors through feature
extraction.

Analyzing and classifying images effectively re-
quires capturing both specific details and broader
visual characteristics. Visual features may describe
numerous properties of either low-level features
including edges, corners, and spatial relationships or
high-level features including color [1], shape [2], and
texture [3-5].

Global features delineate semantic similarity be-
tween images on an abstract level by concentrating
on the overall properties of the image [6]. They do not
impact bridging the semantic gap. Local features work
at a very deep level to extract deep image features.
During the extraction procedure, each pixel's prop-
erties are computed while taking its neighbors into
consideration [7]. Local features play a crucial role in
mitigating the semantic gap.

However, both global and local features must be
merged to obtain the finest and maximum image
features. Color features can be extracted using RGB
channel and color value computation. The presented
methodology involves a multi-faceted approach to
feature extraction, encompassing both low-level
and high-level information from the input images
to achieve high accuracy and robustness in image
classification and retrieval. The proposed approach
initially converts input images into grayscale, followed
by the computation of essential metrics such as the
Hessian matrix and Harris determinants, serving
to identify potential regions of interest within the
image, laying the groundwork for subsequent fea-
ture extraction processes. Through the utilization
of blob structuring techniques, regions exhibiting
distinctive texture, color, and shape characteristics
are identified, facilitating a nuanced understanding of
the image content. Furthermore, the integration of

scale adaptation methods augments the robustness
of feature extraction, enabling the extraction of scale-
invariant features crucial for real-world applications.
Leveraging the strengths of diverse feature extraction
architectures such as VGG-19, DenseNet, and AlexNet,
features representing varying levels of abstraction are
extracted and amalgamated into a comprehensive
feature set. The most important feature for color
is that it is often understood by people in the most
elementary way that humans perceive the objects
[5]. A detailed color analysis allows us to extract both
spatial and object data within the image. Features
from colors extracted from the corresponding chan-
nels of RGB in the input image are involved; therefore,
the feature representation is further enriched. These
processes result in a long list of features that capture
the essences of the original image, such as texture,
color, shape, and scale-invariance. Then, the bag-
of-words model is implemented, and the combined
feature set is applied for the ranking and retrieval of
the image. Therefore, a high level of efficiency and
effectiveness of the image classification is achieved.
To assess the performance of our proposed method,
an experimentation stage is conducted on challeng-
ing datasets, including Caltech-256, Cifar-10, and
Corel-1000. Results exhibited the highest precision,
recall, and f-score rates across each of the categories,
demonstrating the efficiency and robustness of the
applied method. The deep learning approach is de-
veloped using different feature extraction techniques
which bring tangible results in the image classification
process with a high level of accuracy and reliability.

2 Related Work
CNNs are undoubtedly best-suited to finger discrimina-
tion and parse the complex patterns, spatial relation-
ships, and temporal embedding in the image datasets,
which in return are the crucial building blocks of deep
learning networks. The remarkable part of this par-
ticular CNN is the fact that by using explosion count
filters, visibility of an image is enhanced as computa-
tional time is decreased [8].

Visualization operations are applied to images or
feature maps that are two-dimensional representa-
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tions of a grid structure. CNNs use this method of
processing images or features that rely on spatial
relationships and colors. The layout of pixels in an
image is called a grid, and convolutional neural net-
works (CNNs) use this grid-based format to extract
information that has semantic value [9].

CNNs undergo optimization by employing a loss
function. This function guides the network to adjust
its trainable parameters and reduce error through
the process of backpropagation [10]. The method
proposed first uses symmetric sampling [10] to obtain
images from nearby keypoints and samples them
based on their symmetry. After rotational sampling
and comparison, the pattern obtained by pairwise
rotational sampling and comparison is added to the
standard deviation method to smooth the image.

Experimenting with Gaussian results using com-
pression, box filtering, and suboptimal methods for
estimating standard deviation at different scales. The
resulting feature set is scaled using a smooth image
with predefined parameters for scalability. The Spatial
Feature Detection Algorithm [11] is introduced, which
applies Non-Optimal compression for the aggrega-
tion of pixel derivative outputs to deal with angular
changes within the fragment. The key points are
detected by a multiscale response function (MSRD),
which is the Hessian blob detector. Colors are then
added to the computed shape and object profiles that
were spatially defined by L2 normalization coefficients
which lift each pixel.

Object-based feature vectors support the selection
of higher variance coefficients that are aggregated
for the construction of a bag-of-words (BoW) model,
making image search and classification more precise.
The scientists set out to come up with an advanced
approach for extraction of information and features
from images, highlighting texture patterns, color
properties, and object features. This methodology
selects image signatures based on the proportion
of the images having various semantic groups and
the spatial distribution of the high-resolution images.
They provide an alternate route to image analysis
taking into consideration subtleties and thus making
it easier by consuming fewer resources. These feature

vectors are then ingested into PCA to gain some
robustness and statistics. Deep convolution neural
network (CNN) utilizes pooled object features [12] and
attributes which channelize condensed color thereby
providing a novel signature representation. CNNs
take advantage of the grid-like topology and inherent
spatial dependencies in the 2-D image space, on
the grounds of which spatial relationships and tone
values are correlated, which eventually aids in the
acceleration of analysis. The proposed methodology
[13] endeavors to enhance image quality and priming
the data for subsequent feature extraction processes.

Extract rotation-varying and rotation-invariant
features using features obtained from feature extrac-
tion techniques such as Fourier descriptors, moment
invariants, and Zernike moments. The proposed
method [14] focuses on finding interest points in an
image based on regions. The difference in intensity be-
tween these points of interest and their surrounding
boundaries is what distinguishes them. To train and
rank these components according to the detection
process, uses the Union-Find algorithm to rank pixels
based on their intensity values. Multi-scale analyzes
were performed to capture changes in detection and
circulation at different scales. The authors use the
Histogram of Directional Gradients (HOG) technique
for feature extraction. This method uses a Sobel
kernel filter to determine the direction and magnitude
of gradients in an image. Divide images into blocks
and units to efficiently capture spatial information.
The proposed method [15] uses the FRK algorithm
and BRISK kernel, and provides a new technique
for region-based keypoint detection. This method
solves high-dimensional eigenvector problems by
performing dimension reduction using fracturing
descriptors and PCA. BoW models can also be used to
effectively compare and represent images based on
visual vocabulary.

3 Methodology

3.1 Grey Scale Conversion

The process of converting a color image to grayscale
values involves converting each pixel in the input im-
age. This value represents the intensity or brightness
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of a pixel, regardless of the pixel's color information.
Black and white are the specific shades of gray used to
create the final grayscale image, black signifies the min-
imum intensity (lowest brightness), while white corre-
sponds to the maximum intensity (highest brightness).

I = rgb2gray[16] (1

Colorimages are converted into grey levels in equa-
tion (1) to reduce the image complexity (contrast, shad-
ing, shape, edges, shading, texture, etc.) with sightsee-
ing colors.

3.2 Hessian Matrix Computation

Hessian matrix HM, allows efficient optimization and
analysis of complex systems. The HM represents im-
portant information about the spatial curvature of in-
tensity changes and the second derivative of the image.
The selection of locations is facilitated through the uti-
lization of the Hessian matrix [17]. The second partial
derivatives of a given function make up the square ma-
trix known as the Hessian matrix. Spot-like structures
are usually identified using determinant of Hessian ma-
trix. The HM of the function f (a4, a;, a,, .....ap) distinct
as follows.

{ azf 9% f

azf
"' dan?

a2f
" da2dan

dazdal

daz?

a<f
] [”I][aanaalazf ] (2)

dandaz

2
The off-diagonal elements % contribute to the
cross-axis interactions while the diagonal elements
2
97 offer information regarding the contour of the

da?
function along each axis. Through all this, the Hessian
matrix computations involve the derivations of all
the second-order partial derivatives. Evaluating the
HM gives valuable information which leads to an
understanding of how the functions behave.

Through all this, the Hessian matrix computations
involve the derivations of all the second-order partial
derivatives. Evaluating the HM gives valuable informa-
tion which leads to an understanding of how the func-
tions behave.

3.3 Detect Determinants
The article introduces two well-known scale-adaptation
methods: the scale adaptation Harris Laplace method

and scale adaptation of Hessian Laplace.

3.3.1 Harris Laplace

HL is a coalition to blob finding technique merging
Gaussian Laplacian (LoG) and the Harris corner detec-
tor. The algorithm locates the brightest and darkest
areas that make up the images covering various range
of scales. Applying this technology, corner detection
procedures will suffice as well as efficient scale space
analysis which make sure the localization gives reliable
and precise results. For illustration, the HL method
applies to objects of any size with great skills that
keep noise at bay and some degree of light variance.
Scale-invariant corner detection approach that the
LH detector utilizes is designed to be based on the
combination of scale and Laplacian operator.

3.3.2 Hessian Laplace

The blob detection approach based on the Hessian
Laplace method operates efficiently for blobs of arbi-
trary scale and shape utilizing smoothed of Hessian
(HM) for different scales and hierarchical representa-
tion from the scale space. It provides shot scale that
is used for recognizing blobs by employing the LoG
operator to execute scale-space analysis and locality
information of Hessian matrix (HM).

3.4 Determinants of Harris Matrix

The Harris matrix demonstrates visual scenes’ spatial
structure and uses 2x2 matrices to accomplish this
purpose. It is one of the factors responsible for en-
suring that the corners and nuclei with high intensity
fluctuations within the region do not occur.

HM = [ [M,N], [N, O] ] (3)

The elements M, N, and O whose values are ob-
tained from the spatial derivatives of the intensity
image, using the local coordinate matrix, are compos-
ing the Harris matrix (HM) as in (3), where it gets its
name from. The equation (4) is used to calculate the
Harris matrix determinants:

Det(HM) = M x O-N? [18] (4)

The Det (HM) provides information about the spa-
tial image erection and is used to measure the over-

177



VFAST Transactions on Software Engineering Volume 12, Issue 2, 2024

all response of the Harris matrix. Determines whether
the pixel represents a corner, edge, or flat area. The
second derivative of the image is evaluated using the
Laplacian operator, which provides information about
the edges and local intensity changes of theimage. The
discrete definition of the Laplacian operator is:

V2g(a, b) = gla-1, by+g(a+1, by+gla, b-1)+g(a, b+1)-4g(a, b)
(5)
Here, g(a,b) denotes the pixel intensity at the
(a,b) coordinate. The Laplacian operator is utilized to
compute the summation of pixel intensity variations
between the central pixel and its adjacent pixels.
Areas with rapid changes in intensity are highlighted,
often overlapping edges or other important image
features. The curvature and intensity fluctuations of
picture features over various scales are described by
these derivatives. The Gaussian function's second
derivative with respect to local coordinates is used to

do this.
1 a2 + b?
— X exp (— 552 > (6)

Among these, exp() represents the exponen-
tial function, (a,b) represents the spatial coordi-
nates, and represents the standard deviationgp of
Gaussian distributiongp. The computation of the first
derivative of a Gaussian function concerning both
the x and y dimensions can be achieved through the
following formula.

G(a,b) = >

Likewise, the first derivative can be used to obtain
the second derivative, also known as the Mexican Hat
operator or Laplacian of Gaussian (LoG) operator.

2 2_ 2
G gf; b) _ <a 2 ) « G(a, b) 9)

g

2 2_ .2
aG(a,b)=<b o (10)

2b2 7 ) x G(a, b)

The value of the standard deviation has a signif-
icant effect on the Gaussian second derivative. This

g

controls the scale of the Gaussian function and deter-
mines how much information the derivative function
can capture. A smaller value provides more detail, but
also increases noise in the image. On the contrary, el-
evated values facilitate a broader exploration of the
image structure, albeit with the potential drawback of
attenuating finer details due to increased blurring.

The RGB color model serves as a ubiquitous frame-
work for the representation and manipulation of color
information. Employing a conservative approach, this
model amalgamates diverse intensities of red, green,
and blue light to formulate the desired color output.
Each channel within the image acquires the intensity
data for the corresponding color component at every
pixel coordinate. Typically, intensity values span the
range from 0 to 255, where 0 denotes the minimum
color presence, and 255 signifies the maximum color
saturation.

3.5 Convolutional Neural Network

(CNN)

CNNs stand out as a unique category of artificial
neural networks (ANNs) characterized by employing
uniform and sparse interactions between layers. This
architecture effectively handles the spatial correlation
inherent in substantial volumes of data. The Convo-
lutional Neural Network (CNN) [19], demonstrates
efficiency, precision, and features multiple convo-
lutional layers incorporating subsampling through
nonlinear neural network activations. The processing
scope of each layer is constrained to a localized
segment of the preceding layer. In CNN, inputs are
arranged in a grid and directed to layers that are con-
nected in series and maintain relationships between
layers [20].

The input layer serves as a layer representation, de-
lineating the dimensions of the image as (28 x 28 x 1).
The first parameter indicates the image's height, the
second gives the width, and the third parameter es-
tablishes the channels’ sizes. The channel size infor-
mation’s numeric value specifies that a channel size of
1 corresponds to a grayscale image.

Conversely, RGB values aligning with a channel size
of 3 indicate a color image representation. A trained
network is required to reorganize the data. The net-
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Figure 1. the proposed approach demonstrating the
step-by-step image extraction process by feature extraction
information

work naturally rearranges the data before training. At
the beginning of each cycle, the train network can nat-
urally reorder the data.With filterSize as the main pa-
rameter, the convolutional layer (second layer) applies
multiple convolutional filters. This layer scans the im-
age through the height and width of the applied fil-
ter. In this case, the value 3 means the filter size is
3x3.The numpFilters, defines the quantity of filters em-
ployed and signifies the count of neurons associated
with a specific region of the input image. The number
of feature maps generated is determined by this pa-
rameter. To accurately map features to the input im-
age, padding is added using the "Padding" parameter.
Utilizing the original convolutional filter within convolu-
tion layers, with "same" padding, ensures congruence
between the spatial output size and the information
size.

Batch Normalization Layer normalizes the radi-
ation and slope of the entire system and simplifies

the optimization process of training the network.
The ReLu layer and other nonlinear layers are sepa-
rated by a BatchNormalizationLayer, accelerates the
training process of the network and diminishes the
likelihood of network activation. The code for this
layer is generated by a successful symbolic batch
normalization layer.

Conr. modils | Comy. maduls 2

Clansification

Fully Connecred

Figure 2. Convolutional Neural Networks

Batch normalization layers are observed through
nonlinear activation control. Rectified Linear Units
(ReLu) are the most efficient conventional drive con-
trol. The ReluLayer function generates Relu layers.
An activation function takes this input into the node’s
output or activates the node's weighted input. If the
input is positive (+V), the optimized linear activation
function produces zero, otherwise it sends the input
directly. This is a universal activation function. Differ-
ent types of neural networks exist. This is primarily
because models that use neural networks are easier
to train and generally perform better.

In the max pooling 2-D layer function, the initial pa-
rameter, pool size, denotes the quantity of maximum
output values generated by processing an image rect-
angle as input. The application of subsampling dimin-
ishes the dimensions of the input feature grid, result-
ing in a loss of grid size information. Use the max-
Pooling2dLayer function during downsampling. In the
function syntax above, the size of the square region is
max pooling [2, 2]. The filter size for the training op-
eration is determined by the "step" parameter when
moving along the original length. The FullyConnected-
Layer function transforms a vectorized input image of
M (dimension) into a resized output image of P (dimen-
sion). At this juncture, the input data typically under-
goes weight application, and bias constraints are em-
ployed to generate the output data.
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The R real-valued arcs are transformed into a
vector of R real-valued vectors that add to 1 by the
softmax layer using an activation function. Classifi-
cation probabilities are determined based on these
values and used as input for classification levels. The
SoftmaxLayer function is used for layer maintenance.

ecm

In this formula: - o(c)n denotes the m-th compo-
nent of the output vector. - ¢ = (¢q,Cy,...,Cr) repre-
sents the input vector. - e" is the exponential function
applied to the m-th component of the input vector. -
>1-q €5 is the sum of exponentials of all components
of the input vector.

The variable ¢m represents a value within the ele-
ments of an input vector, which can be either positive
or negative. Each element in the given vector under-
goes the general exponential function e resulting in
an optimism level slightly above zero for negative in-
puts and a substantial increase for high inputs. While
the probability may reside within the stationary range
of (0, 1), it is not constrained within this interval. R sym-
bolize the number of classes within the multi-classifier
system.

A classification layer computes the cross-entropy
loss of mutually exclusive categories to classify the
problem into multiple categories. The number of
classes required for this level is based on the results
of the previous level. This layer calculates a loss and
allocates contributions to one of the reciprocally elite
categories based on the probabilities providing by the
softmax activation function for respectively input.

Bag-of-words (BoW) models used to establish func-
tional specifications and codebooks. A “feature-based
histogram representation” can be used to define the
BoW model. Feature descriptors allow to identify color,
shape, and texture characteristics in images. Each
image is then summarized by multiple spatial blocks.
Patches are represented as object descriptors, which
are collections of numeric vectorsFeature vectors
are employed in the generation of codewords, and
these codewords, in turn, contribute to the creation
of codebooks. A codeword represents a collection of
interconnected image patches organized into clusters

o(C)m = (11)

within codebooks.

4 Experimentation

4.1 Datasets

In computer vision, image data sets have expanded
from small amounts of complex images to large
amounts of images. The process of selecting a
collection of images to estimate accuracy can be a
difficult process as it depends on the problem type,
chosen algorithm, and application. Some datasets
contain graphical representations of people, animals,
and natural objects, while others contain graphical
representations of structures. Some images contain
different natural environments that vary in size, loca-
tion, number, presence, and associated foreground
and background color contrast. Some image datasets
require physical properties of semantic categories
for selection. Three different types of datasets are
examined. The benchmark datasets such as Caltech-
256 [21], Cifar-10, and Corel-1000 have been used for
the experimentation. These datasets are the subject
of experiments designed to improve accuracy and
efficiency. Large-scale image datasets are required to
test deep learning algorithms and train their ability to
extract and classify images. The dataset results are
displayed in numerical format.

4.1.1 Cifar-10

Cifar-10 dataset is commonly used as a benchmark,
providing a huge image repository for applications
like image search. The dataset encompasses images
spanning diverse semantic categories such as, trucks,
vehicles, frogs, dogs, horses, deer, birds, cars, and
airplanes. Comprising a total of 50,000 images, it is
partitioned into 10 distinct categories [14], with each
category comprising 5,000 images. Each image pos-
sesses a resolution of 32 x 32 RGB pixels, as illustrated

in figure 3.
RE MR N =

Figure 3. Cifar-10 dataset shows different sample image
belongs to each category [22]
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4.1.2 Corel-1000

The reference dataset Corel-1000 [23] serves as the
basis for image search and classification, encompass-
ing a diverse array of image semantic categories and
content. The Corel-1000 dataset features a broad
spectrum of image categories, ranging from intricate
objects set against simple backgrounds. Comprising
1,000 images, this collection includes depictions of
elephants, Native Americans, coastal environments,
vehicles in diverse colors, various structures, assorted
types of flowers, dinosaurs in different settings,
ponies against varied backgrounds, mountains, and
more. Each category is comprised of 100 images,

with resolutions of 256 x 384 or 384 x 256 pixels, as
depicted in figure 4.

Figure 4. Corel-1000 dataset shows 10 sample images per
category.

4.1.3 Caltech-256

The Caltech-256 dataset, comprising 30,607 images
categorized into 257 groups, stands as a sizable repos-
itory. This collection encompasses a diverse range of
scenes and objects, serving as a valuable resource
for experimentation and discovery. To assess the
accuracy of each class within the Caltech-256 dataset,
independent experiments were conducted. This
allows us to comprehensively evaluate a method’s
performance across multiple categories and provide
specific details about how well a method performs
on different types of objects and images. In this
experiment, 15 different image categories were used,
including swan, tomato, bulldozer, tree, butterfly, air-
plane, boxing gloves, kettle, bonsai, clock, bag, teddy
bear, spider, and pole [21]. This holds significance for
the dataset since each image category exhibits a dis-
tinct texture pattern, along with unique background

and foreground elements, as depicted in figure 5.

Figure 5. Caltech-256 dataset featuring 15 sample images,
each representing 15 distinct categories [14]

4.2 Evaluation of Precision, Recall and
F-measure

4.2.1 Precision and Recall

Precision is a widely used method that compares the
total number of observations (H,;) with the corre-
sponding or correct search results (H.;)) received
at a given search threshold. A clear definition of the
accuracy calculation formula is given below.

Hyel)

H ret(f)

Precision = (12)
Recall is a measure of how accurately a model iden-
tifies positive events among all true positive events in
a dataset. It is calculated as the true positive and the
cumulative ratio of true positives to false negatives.

H rel(/) +H ret(i)

Recall =
Hel(i)

(13)

4.2.2 F-Measure

Utilizing Equation (14), an equal weighting is applied
to precision (p) and recall (g) in the two metrics, result-
ing in the computation of the F-score as the harmonic
mean of these two metrics.

[ 2xpxq
ptq
Equation (14) replaces p (intermediate precision) and
g (completeness) with F.

(14)

4.3 Experimental Results
The proposed approach uses color images that are
taken from benchmark datasets as its input. These
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color images are processed by a convolutional neural
network (CNN), though, interestingly, they are first
converted to greyscale by the system. The efficiency
and accuracy of the image retrieval system are
significantly influenced by the careful selection of
appropriate image datasets.

Therefore, a thoughtful and deliberate choice is
crucial. Many datasets are customized to fit the needs
of particular tasks and the nature of the endeavor
[24, 25]. Depending on the domain they are analyz-
ing, researchers frequently choose specific image
classifications. The dependability of the results is
closely related to aspects of the images, including
scale, overlap, occlusion, cluttering, object placement,
color composition, and consistency. We performed ex-
perimentation on three distinct benchmark datasets,
namely Cifar-10, Corel-1000, and Caltech-256, to
assess the accuracy of the proposed technique.

4.3.1 Experimentation on large benchmark

Cifar-10

We tested our proposed method on large bench-
mark dataset cifar-10. Many semantic groups are
represented in the cifar-10 dataset, including vehicle,
truck, automobile, ship, frog, cat, dog, horse, deer,
etc. This dataset contains 5,000 images per category.
The proposed method demonstrates elevated aver-
age precision (AP) across a majority of the Cifar-10
categories.

The proposed method by applying CNN features
achieves accurate classification of images. Precise im-
age classification across diverse semantic categories
including cats, cars, ships, dogs, horses, birds, deer,
frogs, airplanes, and trucks, is achieved through the
utilization of Gaussian second derivatives, RGB color
channels, and advanced deep learning capabilities
employing DenseNet, VGG-19, and AlexNet models
[26]. On the cifar-10 dataset, the proposed approach
achieves an average precision of more than 95%.
Figure 6 shows a graphical representation of the
proposed approach on the cifar-10 dataset.

The proposed method covers all ten categories of
the cifar-10 dataset. The proposed method achieved
100% precision in certain categories, including bird,
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Figure 6. (a) shows the Average Precision (AP), (b) shows
Recall, (c) shows f-score of Cifar-10 dataset with DenseNet,
AlexNet, and VGG-19 architecture
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Table 1 AP. Recall and F-score with DenselNet. AlexINet. and VGG-19 of Cifar-10 Dataset

Cifar-10 with DenseNet, AlexNet, and VGG-19

DenseNet AlexNet VGG-19
Category Precision Recall F- Precision Recall F- Precision Recall F-

score score score

Truck 0.8 0.2 0.32 1 0.1 0.18 1 0.1 0.18
Ship 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
Horse 0.7 0.3 0.42 0.9 02 0.33 0.9 0.11 0.20
Frog 1 0.1 0.18 0.73 0.22 0.34 0.8 0.2 0.32
Dog 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
Deer 0.8 0.2 0.32 0.8 0.2 0.32 0.7 0.2 0.31
Cifar-10 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
Cat 0.9 0.1 0.18 0.7 0.3 0.42 0.88 0.22 0.35
Bird 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
Automobile 0.7 0.2 0.31 0.9 0.11 0.20 0.9 0.11 0.20

dog, and ship with DenseNet, AlexNet, and VGG-19 4.3.2 Experimentation on benchmark
architecture. The proposed method also produced Corel-1000 dataset

better AP performance, as'shown in figure 6a and.in One large image collection used for image retrieval
table 1, which shows the highest AP for all categories .4 (lassification applications is the Corel-1000

of the cifar-10 dataset, Figure 6b, shows the recall dataset [27]. This dataset encompasses diverse

ratio and .F|gure 6c.shows the f—scgre .of the cifar-10 image categories, featuring images with unadorned
dataset with numerical representation in table 1. foregrounds and backgrounds, catering to the rep-

The p.roposed method shows 90% AP in auto- ocentation of complex and cluttered objects. The
mobile with AlexNet and VGG-19, whereas the cat  4gg0.jmage collection is divided into 10 classes, each

category shows with DenseNet. The deer category of which represents a different semantic group,

exhibits an average precision (AP) result surpassing such as buildings, food, flowers, buses, elephants,
80% with DenseNet and AlexNet architectures. In the mountains, horses, beaches, or native people. The

DenseNet archlt.ecture, the. hgrse category ach|§ves graphical depiction of the suggested approach on the

AP rates exceeding 70%. Within the AlexNet architec-  ~4.a1.1000 dataset is shown in figure 7.

ture, the cat, deer, and frog categories attain AP rates

surpassing 70%, while the deer category achieves AP Corel-1000 Precision

rates exceeding 70% in the VGG-19 architecture. The R

automobile category shows the 0.2 Average Recall ¥ B 1 . ..

rate with DenseNet. The cat category shows highest ’ oA °i8 I i [i, I ,;i, i [i
1

recall rate 0.3 with AlexNet. In DenseNet the deer and

1 o.ga 1 2.9 a.8 X .7 1 0.9 0.
truck category stated significant performance with ° e e e a o
. S5 sF QOCP A ‘_?o* L T 5 ?"bir}\
0.2 Average Recall. The category frog recall rate is P 2 S 2T TS
0.2 with VGG-19 and the horse highest recall rate0.3 = Corel-1000 DerisNet Precision
is with DenseNet. The bird, dog, and ship categories Corel1000 Alexiet Precision
. (a) Average Precision
demonstrate noteworthy performance with 0.1 Av-
Corel-1000 Recall
erage Recall rate across the DenseNet, AlexNet, and 12
VGG-19 architectures. T ¥ ]
0.8
The proposed method shows the 0.31 f-measure o6
. . . ’ o0.88 '!
for automobile with DenseNet, whereas for bird, dog 0.4 ll! om 2 o =
and ship 0.18 f-measure with DenseNet, AlexNet o> BT H SR ES
’ ! o B om TP O om T am B am ol
and VGG-19. In cat category f-score is 0.42 with I e e e
. SF s S oS e\\'b N 25 <
AlexNet, whereas deer and truck has 0.32 f-score with < et o 7 <%
. m Corel-1000 DensMNet Recall
DenseNet. The category frog has 0.34 with AlexNet Corel-1000 VGG-19 Recall

Corel-1000 AlexMNet Recall

and horse has 0.42 with DenseNet architecture.
(b) Recall
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Table 2 Precision,

Recall and F-score with AlexNet, VGG-19, and DenselNet of Corel-1000 Dataset

Corel-1000 with AlexMNet, VGG-19, and DenseMNet

AlexNet VGG-19 DenseNet
Category Precision Recall F- Precision Recall F- Precision Recall F-
score score score
Mountains 1 0.1 0.18 0.84 0.1 0.89 0.9 0.11 0.20
Horses 0.64 0.1 0.44 1 0.88 0.18 1 0.1 0.18
Food 1 0.2 0.18 0.78 0.1 0.83 0.7 0.3 0.42
Flowers 0.9 0.22 0.20 1 0.1 0.18 1 0.1 0.18
Elephants 0.8 0.1 0.44 0.8 0.2 0.18 0.9 0.2 0.33
Dinosaurs 1 0.2 0.18 0.7 0.1 0.31 1 0.1 0.18
corel_1lk.csv 0.7 0.1 0.31 1 0.11 0.18 0.1 0.18
Buses 1 0.3 0.18 0.9 0.1 0.20 0.8 0.2 0.32
Buildings 0.9 0.1 0.20 1 0.11 0.18 0.8 0.13 0.22
Beach 0.9 0.11 0.20 0.9 0.11 0.20 1 0.1 0.18
Corel-1000 E-measure Table 2 represents the numerical values of these
5 categories name, precision rate, recall rate and f-score.
90% Average Precision ratio for elephant in DenseNet,
15 for beach and building in AlexNet and in VGG-19
() F-Score shows 90% for beach and buses. The presented
1 0.83 method demonstrates notable recall results on the
O 18 013 Corel-1000 dataset across DensNet, AlexNet, and
0118 lg 0.20 598 499 VGG-19 architectures. The building category stated
olo I ISO olg I UI 20 8 significant performance with 0.13 recall rate, buses
shows highest recall rate 0.3 with AlexNet, and di-
@{\ @ «0 & é(\r-; @:g: \L-'d’ ‘}CJ@ 6\ Q?g; nosaurs with 0.2 recaII.rate. The category elephant
& Q9 e? K \') RN shows 0.2 recall rate with VGG-19 and DenseNet. In
° IA(iéxNé?\F ,@asure ® AlexNet category flower with 0.22, food recall rate 0.3

m DensNet F-measure
V(GG-19 F-measure

Figure 7. (a) Show the Average Precision (AP), (b) shows
Recall, (c) shows f-score of Corel-1000 Dataset with
AlexNet,VGG-19, and DenseNet architecture

The proposed approach processes all ten Corel-
1000 dataset categories. Furthermore, the proposed
technique excels in certain categories such as beach,
building, buses, dinosaurs, flowers, food, elephants,
horses, and mountains. Notably, in flower and
horse categories demonstrates 100% AP ratio with
DenseNet. Furthermore, horses in VGG-19 exhibit
100% AP ratio, and for AlexNet, food, mountain,
dinosaurs, and buses also achieve 100% AP ratio, as
shown in Figure 7a that shows the highest AP for all
the categories of corel-1000 dataset, Figure 7b shows
the recall ratio and Figure 7c shows the f-score.

with DesneNet and horse 0.88 recall rate with VGG-19
architecture.

The proposed method shows the 0.20 f-measure in
beach with AlexNet, whereas in building 0.22 and in
buses 0.32 with DenseNet. The VGG-19 has significant
f-score 0.31 in dinosaur's category, whereas elephant
has 0.44 and flower has 0.20 with AlexNet. The food
category has 0.83 f-score with VGG-19, food has 0.44
with AlexNet and in mountain f-score is 0.89 with VGG-
19.

Caltech-256 categories 1-20
wwith AlexNet, VWGG-19 and
DensefNet Precision

1.z

(a) Shows the top 20 categories precision of
Caltech-256 dataset
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4.3.3 Experimentation on large benchmark

Caltech-256 dataset
The Caltech-256 dataset, comprising 257 diverse
categories and exceeding 30,000 images, exhibits
heightened complexity compared to Caltech-101,
owing to its varied image categories and content
intricacies. Rigorous evaluation is conducted on each
individual category within the Caltech-256 dataset to
ascertain the precision of classification. The experi-
mental setup involves the use of fifteen distinct image
categories, encompassing items such as a bonsai,
a clock, a bag, a teddy bear, a cactus, an airplane,
a boxing glove, a teapot, a spider, a billiard ball, a
swan, a tomato, a bulldozer, a tree, and a butterfly
[21]. The significance of each category in the dataset
is underscored by its compositional pattern and the
presence of foreground and background objects [28].

Caltech-256 demonstrates notable performance
across the majority of its categories. Distinguished

Caltech-256 Categories 1-20
Recall

PRINRSEES
oRrNbLpbaNkbr

= AlexMet FE%(_QH W VGG-19 Recall M Dense Net Recall

(b) Shows the recall of top 20 categories of
Caltech-256 dataset

Caltech-256 top 20
categories F-score
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(c) Shows the F-score of top 20 categories of Caltech-256

dataset

Figure 8. (a),(b), (c) shows average precision, recall and

f-score of top 20 categories of caltech-256 dataset with
AlexNet, DenseNet andVGG-19

by its voluminous nature with 256 categories, the
graphical representation of the Caltech-256 dataset is
stratified into the top 20 categories, average 5 cate-
gories, and below-average 3 categories, as delineated
below.

Graphical representation in figure 8a illustrates
the top 20 categories, while table 3 provides the
corresponding numerical values, including category
names and precision rates. Notably, the categories
Airplanes, backpack, baseball-bat, bear, beer-mug,
billiards, binoculars, and brain exhibit a 100% Av-
erage Precision (AP) when employing the VGG-19
architecture.

Figure 8b represents the graphical representa-
tion of the top 20 categories, while table 3 offers
the numerical values pertaining to these categories,
encompassing their respective names and recall rates.
The highest recall rate is 0.33 in most of the categories
American-flag with DenseNet, bat with AlexNet and
VGG-19, bowling-ball with AlexNet, and bowling-pin
with DenseNet architecture.

Figure 8c represents the top 20 categories, and
table 3 supplements this presentation with numerical
values denoting category names and corresponding
F-score rates. Notably, a predominant number of
categories demonstrate the maximal F-score 0.29 and
0.31.

Figure 9a depicts the average precision for the 5
categories, while Table 4 provides the corresponding
numerical details including category names and preci-
sion rates. Figure 9b visually represents the average
recall for the same categories, with Table 4 again
supplementing this with numerical values for category
names and their respective recall rates. Finally, Figure
9c shows the graphical representation of the average
F-score for the categories, complemented by Table 4
which details category names and their corresponding
F-score rates.

Caltech-256 average 5 categries

.8
b= -5 Cl 5 0 B.5
2
M B
f=3 o
L2 o> -
[N #

o
AlexhNet VGG-19 DenseMat
1iris jesus-christ jovy-stick

(a) Average Precision
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Table 3 Precision. Recall and F-score with AlexNet. WVGG-192, and DenselMNet of Caltech-256 dataset top 20
categories

Caltech-256 Dataset top 20 categories

AlexMNet VGG-19 DenseNet

Category Precision Recall F- Precision Recall F- Precision Recall F-
SCOore SCore SCore

airplanes-101 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
ak47 1 0.1 018 0.7 0.14 0.23 0.7 0.14 0.23
american-flag 0.5 0.2 029 0.8 0.13 022 0.3 0.33 0.31
backpack a.s 0.11 0.2 1 0.1 0.18 0.8 017 0.2a8
baseball-bat 0.6 0.17 026 1 0.1 0.18 0.6 0.17 026
baseball-glove Q.7 014 0.23 0.8 0.13 022 0.5 0.2 0.29
basketball- 0.3 0.33 0.31 0.2 0.5 029 0.2 0.5 029

hoop

Bat a3 0.33 0.31 0.3 0.33 0.31 0.4 025 0.31
Bear 0.6 0.17 026 1 0.1 0.18 0.4 0.25 0.31
beer-mug .S 0.11 0.2 1 0.1 0.18 0.8 0.13 022
billiards 1 0.1 0.18 1 0.1 0.18 1 0.1 0.18
binoculars 1 0.1 018 1 0.1 018 0.8 0.13 022
birdbath 0.4 0.25 0.31 0.4 0.25 0.31 0.1 1 0.18
blimp 0.8 0.17 0248 0.7 0.14 0.23 0.3 0.33 0.31
bonsai-101 0.8 0.13 022 (o3 0.25 0.31 (o3 0.25 0.31
boom-box 1 0.1 0.18 0.9 0.11 0.2 0.5 0.2 0.29
bowling-ball 0.3 0.33 0.31 0.7 0.14 0.23 0.2 0.5 029
bowling-pin Q.7 014 0.23 0.5 0.2 0.29 0.3 0.33 0.31
boxing-glove 0.8 0.13 022 0.5 0.2 029 0.5 0.2 029
brain-101 0.4 0.25 0.31 1 0.1 0.18 0.5 0.2 0.29

Table 4 AP, Recall and F-score with AlexNet., VGG-19, and DenseNet of Caltech-256 dataset average 5
categories
Caltech-256 Dataset average S categories

AlexNet VGG-19 DenseNet
Category Precision Recall F- Precision Recall F- Precision Recall F-score
score score
iris 1 0.1 0.18 0.5 0.2 0.29 0.6 0.17 0.26
jesus-christ 0.2 0.5 0.29 0.2 0.5 0.29 0.2 0.5 0.29
joy-stick 1 0.1 0.18 1 0.1 0.18 0.4 0.25 0.31
kangaroo- 0.6 0.17 0.26 0.6 0.17 0.26 0.5 0.2 0.29
101

kayak 0.5 0.2 0.29 0.8 0.13 0.22 0.5 02 0.29

Caltech-256 average 5 categries F-
Caltech-256 average 5 categries & g

0.5 0.5 0.5 score
0.5
0.4
0.4 0.3
== kayak
w 03 2 0 £ 8 kgggarm}IOI
3 0.1 = Jo.17 _o. S foosick
g 0.2 13 o jesus-christ
0. 5 - \\?} = iris
ot & & N
~ &
0 Qrz,“\
AlexNet VGG-19 DenseNet
— - - - - m0-0.1 0.1-0.2 ®mO0.2-0.3 ®m0.30.4
Wiris ™ jesus-christ ™ joy-stick ™ kangaroo-101 ™ kayak
(b) Recall (c) F-Score

Figure 9. a Shows the Precision, b shows the Recall and ¢
shows the F-score of average 5 categories of Caltech-256
dataset with AlexNet, DenseNet, and VGG-19
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cafegories

Caltech-256 Dataset below average 3 categories

AlexNet VGG-19 DensesNet
Category Precision Recall F-score Precision Recall F-score Precision Recall — F-score
varmulke 0.6 0.17 026 0.8 013 022 03 0.33 0.31
¥0-Y0 0.6 0.17 026 04 025 031 0.2 0.5 0.29
zebra 1 0.1 0.8 1 0.1 018 0.7 0.14 0.13

Notably, the "iris" category achieves 100% precision
when using the AlexNet architecture, while "joy-stick"
achieves 100% precision with both AlexNet and VGG- 1
19. Interestingly, the "jesus-christ" category exhibits 1 >
the highest recall at 0.5 across all three CNN architec- ‘(g
tures. "lris" attains a recall of 0.2 with VGG-19, and "joy-
stick" achieves a recall of 0.25 with DenseNet. Note-

Caltech-256 below average 3
categories

7

P

Preci%ion
o
@

e 0.14

~_ 0.4/
worthy findings include "iris" achieving an F-score of 0.4 0.3 ”‘O““;
0.29 with VGG-19, "jesus-christ" attaining an F-score of o .
0.29 across all three CNN architectures, and "joy-stick"
exhibiting an F-score of 0.31 with DenseNet. Addition- ? yarmulke Joyo b
ally, the "kangaroo" category registers an F-score of
0.29 with DenseNet. —— AlexNet —8—VGEG-19 - . DensNet
The graphical representation of Caltech-256 (a) Average Precision
dataset is divided into below average 3 categories,
as presented underneath. In figure 10a, 10b, and Caltech-256 below average 3
10c, a graphical representation is provided for the categories
below average 3 categories and table 5 represents the ‘é!
numerical values of these categories name, precision
rate, recall rate and f-score. The category yarmulke rr?a
and yo-yo shows 60% precision rate with AlexNet = ° ﬂ
whereas yarmulke shows 80 % with DenseNet. The S O S
category zebra shows 100 % precision rate with e °©Z © — -
AlexNet and VGG-19. The category yarmulke shows it
0.33 recall, yo-yo shows recall rate 0.5 and zebra
shows 0.14 recall with DenseNet. The category YARMULKE YO-YO ZEBRA

yarmulke shows 0.31 f-score with DenseNet, yo-yo AlexNet VGG-19  m DenseNet
shows f-score 0.31 with VGG-19, whereas zebra shows

(b) Recall
0.23 f-score with DenseNet.
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Caltech-256 below average =
categories
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Figure 10. a Shows average precision, b shows Recall and ¢
shows F-score of below average 3 categories of Caltech-256
dataset AlexNet, DenseNet, and VGG-19

The graphical representation of Caltech-256
dataset is divided into below average 3 categories,
as presented underneath. In figure 10a, 10b, and
10c, a graphical representation is provided for the
below average 3 categories and table 5 represents the
numerical values of these categories name, precision
rate, recall rate and f-score. The category yarmulke
and yo-yo shows 60% precision rate with AlexNet
whereas yarmulke shows 80 % with DenseNet. The
category zebra shows 100 % precision rate with
AlexNet and VGG-19. The category yarmulke shows
0.33 recall, yo-yo shows recall rate 0.5 and zebra
shows 0.14 recall with DenseNet. The category
yarmulke shows 0.31 f-score with DenseNet, yo-yo
shows f-score 0.31 with VGG-19, whereas zebra shows
0.23 f-score with DenseNet.

In Figure 11, the Average Precision (AP) scores
for the Caltech-256 Dataset are depicted, presenting
the performance of DenseNet, AlexNet, and VGG-19
architectures. All used CNNs have highest average
precision of 1.0 on some categories (car-side-101,
faces-easy-101, frying-pan, Harp, leopards-101, Mars,
Photocopier, motorbikes etc.)

Caltech-256 Precision
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Figure 11. AP of Caltech-256 Dataset with AlexNet, VGG-19,
and DenseNet

In Figure 12, the recall ratio for the Caltech-256
Dataset are depicted, presenting the performance of
DenseNet, AlexNet, and VGG-19 architectures. CNNs
architectures has highest recall rate 0.33 on some
categories (computer- mouse, windmill, superman,
ladder etc.)

Caltech-256 Recall
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Figure 12. Caltech-256 Recall rate with AlexNet, VGG-19,
and DensNet
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Figure 13. Caltech-256 dataset f-measure with DenseNet,
AlexNet and VGG-19
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In Figure 13, f-score for the Caltech-256 Dataset are
depicted, presenting the performance of DenseNet,
AlexNet, and VGG-19 architectures. All used CNNs
have highest f-measure of 0.31 on most of the
categories.

5 Conclusion

A new method for image extraction using feature
vector details and points of interest is proposed. To
classify images, the proposed model first converts the
input image into grayscale and computes the Hessian
matrix and Harris determinants. Blob structuring is
then performed to identify potential regions of inter-
est that can adequately describe texture, color, and
shape at different representation levels and the Harris
corner detector is used to identify keypoints within
these regions. Moreover, scale adaptation method
is applied to the determinants of the Harris matrix
and the Laplacian operator to extract scale-invariant.
Meanwhile, the input image undergoes processing
through VGG-19, DenseNet, and AlexNet architectures
to extract features representing diverse levels of
abstraction. Furthermore, the RGB channels of the
input image are extracted and their color values are
computed. All extracted features local, global, and
color subsequently passed through bag-of-words
model to rank and retrieve images based on their
shared visual characteristics. Combining high-level
and low-level information improves the proposed
model's ability to distinguish between foreground
and background objects. The results show that this
technique can successfully distinguish between back-
ground and foreground objects in various datasets
such as Corel-1000, Cifar-10, and Caltech-256. Pro-
posed method provides high precision and recall for
most image categories.
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