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Abstract— With the proliferation of digital content, efficient image matching in natural image databases has become paramount. Traditional
image matching techniques, while effective to a certain extent, face challenges in dealing with the high variability inherent in natural images.
This research delves into the application of deep learning models, particularly Convolutional Neural Networks (CNNs), Siamese Networks,
and Triplet Networks, to address these challenges. We introduce various techniques to enhance efficiency, such as data augmentation, transfer
learning, dimensionality reduction, efficient sampling, and the amalgamation of traditional computer vision strategies with deep learning. Our
experimental results, garnered from specific dataset, demonstrate significant improvements in image matching efficiency, as quantified by
metrics like precision, recall, F1-Score, and matching time. The findings underscore the potential of deep learning as a transformative tool for

natural image database matching, setting the stage for further research and optimization in this domain.
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I. INTRODUCTION

Image matching, the practice of identifying similar or identical
images from a database, is pivotal in a plethora of applications
ranging from computer vision to augmented reality, and from
digital forensics to online content delivery. Particularly when
we delve into natural image databases, which comprise
photographs of the real-world scenarios as captured by cameras
without significant computational alterations, the complexity
and variability of the content make the task notably intricate[1].
These databases capture the richness and unpredictability of the
real world: diverse lighting conditions, myriad perspectives,
countless subjects, and an endless array of contexts.

In recent years, particularly within this decade, there's been a
significant surge in the consumption of multimedia data such as
audio, video, and images[2]. This spike is attributed to the
widespread use of smartphones, increased internet browsing,
and the digitization of various platforms. A major challenge
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today is efficiently retrieving this vast amount of multimedia
content. Historically, Text-Based Image Retrieval (TBIR) was
the go-to method for retrieving images. This early form of
image search hinged on text-based tactics, where keywords,
functioning as descriptors, represented the image's content.
These descriptors might be the image's file name, alternate tags,
or even its caption[3]. Two primary methods for this type of
retrieval are Natural Language Processing (NLP) and the bags-
of-words concept. Among the platforms leveraging these
methods, Lycos multimedia search and Google image search
stand out as predominant players, predominantly catering to
keyword-based queries. However, there's a noticeable
constraint with these platforms: they require precise text-based
queries. In this system, a user's text query is deconstructed into
distinct tokens by a processing engine. These tokens are then
matched against tokens in an existing image database[4]. While
text matching boasts speed and efficiency, its results often fall
short of user expectations. This discrepancy stems from the
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"semantic gap" — the chasm between a user's inputted token and
the tokens representing stored images.

In the Text-Based Image Retrieval (TBIR) method, users input
text to extract desired content from multimedia databases.
While this approach excels when a user knows precisely what
they're seeking, it has its pitfalls. For those less adept at
formulating specific text queries, this system can be inefficient.
A significant drawback of TBIR is the requirement for
annotations. Each piece of multimedia—be it images or
videos—needs a corresponding text descriptor[5]. This
descriptor, or annotation, then aligns with a user's intent during
the similarity assessment phase. An extensive database means
an extensive effort in annotations, demanding a skilled database
annotator. Misaligned annotations—those that don't mirror a
user's intent—can yield unrelated results. Furthermore,
annotating is a lengthy process, and it's unrealistic to achieve

Textual Query|Bus
of Red color)
User

perfect annotations for every image[6]. Often, textual
descriptions fall short of encapsulating an image's entirety,
amplifying the semantic gap between users and the retrieval
system. The Content-Based Image Retrieval system (CBIR)
emerged as a solution to TBIR's limitations, essentially
sidelining the need for annotations. Originating between 1994
and 2000, CBIR marked the dawn of content-focused research
and development in image retrieval. With CBIR, users provide
a full query image, not just text[7]. The system then matches
this image by analyzing its visual characteristics, such as color,
texture, and shape, alongside hybrid attributes derived from
fundamental traits. For a visual understanding of TBIR's layout,
refer to the provided Figure.1, which showcases its schematic
representation[8].

Generate Tokens

v

Annotated
Image Database

Figure.1: illustrates the structured layout of a TBIR system.

Content-Based Image Retrieval (CBIR) is often favored over
the Text-Based Image Retrieval (TBIR) method because it
narrows the semantic gap between user intent and the retrieval
system, utilizing automatically-derived attributes like color,
texture, and shape[9]. Some strategies integrate both text-based
and content-based methodologies for image retrieval.

A pivotal component in image retrieval is feature extraction.
The feature database houses fundamental attributes such as
color, texture, and shape. Features can be drawn either locally
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or globally. Local attributes are discerned at a region level by
segmenting the image into multiple zones, whereas global
attributes are captured at the entire image scale[10]. Once the
characteristics of the query image are extracted, they're
juxtaposed with those in the database. Images bearing a strong
resemblance to the query, based on their visual content, are
prioritized. The relevancy of the resultant images is organized
in descending order. For a visual understanding of how CBIR
operates, please refer to Figure.2.
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Figure.2: Architectural of a Content-Based Image Search Engine

In today's digital era, there has been an unprecedented explosion
in the volume of visual content[11]. This growth can be
attributed to the proliferation of digital cameras, smartphones,
and internet-based platforms where users generate, share, and
consume visual content incessantly. Such a massive influx of
digital content underscores the need for highly efficient image
matching techniques[12]. In applications like digital forensics
or content-based image retrieval, speed and accuracy are
paramount. Sluggish or inaccurate image matching can
drastically affect user experience in real-time applications or
lead to erroneous conclusions in investigative scenarios.

Enter deep learning—a subfield of machine learning that has
already revolutionized tasks like image classification, object
detection, and semantic segmentation[13]. Its innate ability to
learn intricate patterns from data makes it a promising candidate
for tackling the challenges of image matching in natural
databases. Deep learning models, particularly neural
architectures like Convolutional Neural Networks (CNNs),
have exhibited an uncanny ability to extract and represent
features from images that are most salient for various tasks,
including image matching.

This research aims to explore deep learning's potential in
enhancing the efficiency and accuracy of image matching in
natural image databases[14]. By merging the strength of
traditional image processing techniques with the power of deep
neural architectures, we aspire to push the boundaries of what's
achievable in this crucial domain of computer vision.

CBIR systems have evolved over time, with newer methods
aiming to significantly reduce the semantic gap and amplify
retrieval efficiency. Despite the challenges posed by the
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semantic gap in CBIR, it's crucial to diminish it as much as
possible[15]. There's an inverse relationship between the
semantic gap and retrieval performance: as the gap decreases,
the retrieval efficacy increases. Performance metrics include
retrieval precision and recall, with retrieval time also being a
critical factor in gauging efficiency. Some methods, in their
pursuit to bridge the semantic gap, compromise on retrieval
speed. In this research, we've pinpointed such challenges and
sought to devise potent solutions. While certain techniques
falter when faced with diverse databases, our approach ensures
robust image retrieval across heterogeneous databases,
capitalizing on adaptive feature sets throughout the retrieval
process.

Il. LITERATURE SURVEY

Image matching, in its essence, involves comparing features of
an input image to a set of images in a database, striving to find
matches based on similarity. Over the years, numerous
traditional techniques have been formulated to address this
challenge[16]. The primary goals of an image retrieval system
are to swiftly and efficiently search and retrieve images from
extensive and diverse databases. Such a system pulls images
from vast repositories based on user preferences and has seen
significant research advancements over the past decade[17].
Yet, with the surge in multimedia data in recent times, novel
challenges have emerged in the realm of image search. Content-
Based Image Retrieval (CBIR) is the technique of fetching
images based on their intrinsic content. Approaches utilizing
binary patterns operate within the spatial domain. To date,
numerous variations of the local binary pattern (LBP) have been
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introduced[18]. These patterns act as descriptors for image
retrieval. LBP stands out as a straightforward yet powerful
method to distill an image's texture attributes. It offers both
strong discriminatory capabilities and reasonable time
efficiency[19]. A thresholding function facilitates the extraction

of binary values, contrasting the central pixel against its
neighbors. The foundational idea of LBP has been refined,
particularly by adjusting the number of neighboring pixels and
their radial distance, as depicted in Figure.3.

spatial

Domain
Methods
{Local
pattern
based)

LEF

> e

Image Retrieval
Methods

DLEP

LTrP

Figure.3: Spectral and spatial feature classification

While LBP is straightforward to compute, it has its
downsides—particularly its high time and space complexity.
Given that LBP yields extensive histograms, it's ill-suited for
block-level processing. Rather than resorting to normalization
and dimension reduction techniques, an alternative to LBP was
devised to address its shortcomings[20]. This led to the
development of the Center Symmetric LBP or CS_LBP. The
CS_LBP overcomes the challenges associated with LBP by
categorizing images into a fewer number of patterns. In the
CS_LBP method, pixels are evaluated against those in
symmetrically corresponding positions[21]. The compact
binary patterns created by CS_LBP outperform LBP in regional
analysis. A specialized variant, termed the Special Extended
CS_LBP (SCS_LBP), has been introduced to incorporate
gradient information alongside the concise pattern in the
histogram.

Texture feature extraction can be accomplished in either the
spatial or spectral domain. Within the spectral domain, the
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wavelet transform is a favored choice due to its multi-resolution
capabilities[22]. Various wavelet variants, including the Gabor
wavelet, complex wavelet transform, rotated complex wavelet
filter, dual tree complex wavelet transform, Haar wavelet, and
tetrolet, have been recognized, each with its unique attributes.

For instance, the Haar wavelet splits the image into four
equally-sized quadrants. On the other hand, the Gabor wavelet
is adept at producing compact feature vectors and operates in
both frequency and time domains, ensuring minimal standard
deviation in these domains[23]. The tetrolet transform divides
the image into sub-bands based on the image's local geometry,
which is advantageous for handling the compressed versions of
these sub-bands. An inherent benefit of this domain is the boost
in image retrieval performance in terms of speed when working
with compressed formats[24]. A smaller feature vector
dimension typically results in a shorter retrieval time than
methods in the spatial domain. Primarily, texture attributes are
harnessed within the spectral domain. Additionally, the wavelet

175


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 10
DOI: https://doi.org/10.17762/ijritcc.v11i10.8479

Article Received: 27 July 2023 Revised: 15 September 2023 Accepted: 02 October 2023

domain plays a role in image de-noising. It's noteworthy that all
wavelet variants decompose an image into three high-pass and
one low-pass sub-bands during each decomposition stage.
Traditional Image Matching Techniques: The early days of
image matching primarily relied on feature-based methods,
where key features from images (like edges, corners, and blobs)
were extracted using algorithms such as the Scale-Invariant
Feature Transform (SIFT) and Speeded Up Robust Features
(SURF)[25]. These features, due to their invariant properties to
scale, rotation, and illumination changes, became the backbone
for many matching algorithms. Another widely-used approach
was the template matching, where a template or patch of an
image was slid over another image to detect the presence of the
template, often using metrics like normalized cross-correlation.
Histogram-based methods, which involve comparing the
distribution of pixel values or colors, also saw significant
application, especially in simpler image retrieval tasks[26].
Techniques like Histogram of Oriented Gradients (HOG) were
developed to capture both texture and shape information from
images.

Shortcomings in Natural Image Databases: However, while
these methods showcased commendable performance on
controlled datasets or specific applications, they confronted
several challenges in the realm of natural image databases:
Variability and Complexity: Natural images encompass a vast
range of variations in terms of lighting, scale, orientation, and
occlusions. Traditional methods often struggled to cope with the
high degree of variability.

Computational Intensity: With the increasing size of image
databases, the computational cost of feature extraction and
comparison became prohibitive, especially for real-time
applications.

Lack of Semantic Understanding: Most traditional methods
are built on low-level features without a deep semantic
understanding of the content, making them susceptible to
failures when there are subtle changes in image content.

The Advent of Deep Learning: As the limitations of traditional
techniques became more evident, the research community
began seeking more robust alternatives[27]. The resurgence of
neural networks, especially with the advent of deep learning,
marked a paradigm shift in image processing. Deep learning
models, in particular Convolutional Neural Networks (CNNSs),
have made it possible to automatically learn hierarchical
characteristics from photos without the need for any
involvement on the side of a human. The early uses of deep
learning in image processing were mostly focused on
classification problems. AlexNet's triumph in the ImageNet
Large Scale Visual Recognition Challenge in 2012 served as a
watershed point for the field of deep learning. On the other
hand, it did not take researchers very long to discover the
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potential of these models outside the realm of
categorization[28]. The capability of convolutional neural
networks (CNNs) to extract complicated patterns and high-level
semantic information from pictures makes them an obvious
choice for applications such as image matching.

In a nutshell, the adoption of more sophisticated approaches was
required because, despite the fact that classic image matching
techniques were responsible for laying the solid framework,
natural picture databases present their own distinct issues. Deep
learning has arisen as a beacon of hope, ushering in a new era
of research and developments in the field of image matching as
a consequence of its promising early findings in image
processing. This field of study is known as image matching.

1. DEEP LEARNING MODELS FOR IMAGE
MATCHING

The integration of deep learning in image processing has
resulted in the development of various models tailored to the
nuanced requirements of image matching. The success of these
frameworks stems from their ability to cater to these
requirements. Instead of relying on the conventional approach
of hand-picking features, these models utilize the inherent
ability of neural networks to discern features on their own.
Neural networks are adept at this automatic feature recognition.
In the following segment, we'll delve into notable deep learning
frameworks used for image matching and explore the
foundational design concepts and techniques they encompass.
CNNs are deep learning models tailored for grid-based data
such as images, which consist of pixels. They enhance tasks like
image recognition and various other image-related processes.
These architectures are constructed using a succession of
convolutional layers that spontaneously discern spatial data
hierarchies from the supplied images. Between these
convolutional layers, pooling layers are typically interspersed,
aiding in reducing spatial dimensions while capturing essential
information. CNNSs, with their profound structure, can grasp
complex patterns ranging from mere edges to intricate
configurations and textures. Once trained, CNNs can distill
feature vectors from images, making them highly effective for
image matching. After the training phase, these vectors can be
assessed using distance measurements, like cosine similarity, to
identify potential matches.

Siamese Networks are specialized neural network structures
that use identical weights when working on two distinct input
vectors to produce similar output vectors. This ensures that the
output vectors from Siamese Networks can be juxtaposed. One
of their primary roles is training to distinguish between paired
inputs. Comprising two identical subnetworks, each processes
one of the input images. Subsequently, the final layers of these
networks converge, and a distance metric typically gauges the
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similarity between the two images. Their capacity to
differentiate between classes using just paired examples makes
them especially valuable for tasks where data is limited. Given
an anchor image, a Siamese Network can proficiently rank
subsequent images based on their resemblance to the anchor.
Triplet Networks: Triplet Networks are an extension of Siamese
Networks, designed to take in three inputs instead of two.
Triplet Networks are trained using triplets of images: an anchor,
a positive of the same class as the anchor, and a negative of a
different class. The network learns to ensure that the anchor is
closer to the positive than it is to the negative by some margin.
Triplet networks excel in scenarios where relative comparisons
are essential. For instance, when ranking images in terms of
similarity to a query image, triplet networks can provide more
fine-grained results compared to Siamese Networks.

Feature Extraction and Representation: Regardless of the
specific architecture, the essence of using deep learning models
for image matching lies in their ability to automatically extract
and represent features. These representations, often referred to
as embeddings, encapsulate the semantic essence of images in
compact vectors. When trained effectively, the distance (e.g.,
Euclidean distance) between these embeddings can be a direct
indicator of the visual or semantic similarity between images.
In conclusion, deep learning architectures like CNNs, Siamese
Networks, and Triplet Networks have recalibrated the
benchmarks in image matching. By offering an end-to-end
framework for feature extraction and comparison, they hold the
potential to dramatically enhance the accuracy and efficiency of
matching processes, especially in the intricate terrains of natural
image databases.

IV. PROPOSED MODEL

In recent years, the consumption of multimedia, particularly
within digital image libraries, has surged dramatically. This
surge underscores the necessity for efficient image retrieval
from databases. Two primary methods dominate this space:
text-based image retrieval and content-based image retrieval
(CBIR).

Text-based retrieval, while initially promising, has encountered
challenges in many image search scenarios. It generates a vast
semantic gap—a disconnect between human interpretation and
machine comprehension. As digital image databases expand,
traditional text-based search mechanisms fall short in
effectively retrieving images from these massive repositories.
Annotation, an aspect of text-based retrieval, becomes
impractical on larger scales and doesn't necessarily boost
retrieval efficiency. It's also challenging to articulate an image's
attributes like color, texture, shape, and inherent objects
precisely through text. Additionally, text-based search
introduces linguistic barriers when sharing images globally.
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To address these limitations, CBIR emerged as a more
competent alternative. Central to digital image processing,
CBIR primarily focuses on visual attributes such as color,
texture, and shape for image retrieval, sidelining the need for
textual descriptors. The strength of CBIR lies in its capacity to
handle visual queries, with its primary goal being to maximize
retrieval accuracy. One pivotal technique bolstering CBIR's
accuracy is the wavelet transform. By offering a multi-
resolution analysis of images—capturing color and texture
nuances—it achieves impressive retrieval accuracy without a
high-dimensional feature vector. In our study, we harness
wavelets for this multi-resolution dissection, combined with a
conversion from RGB to HSV for images. Once converted, the
image is deconstructed, and its feature vector, built from color
and texture attributes, is assembled. Specifically, the
autocorrelogram serves as the tool for capturing color features.
The color autocorrelogram specifically captures spatial
correlations among identical colors. In a study referenced as
[13], an interactive genetic algorithm was employed to bridge
the semantic gap, leveraging the relevance feedback technique.
This approach, utilizing explicit feedback, yielded high
precision combined with a low recall value. While numerous
CBIR strategies have been explored, those that ensure high
precision and minimal computation time stand out as most
desirable. Another notable strategy, as mentioned in [168],
involves selective region codes matching. Here, images are
partitioned into distinct regions. Each region is then coded
based on its proximity to the image's center. Image similarity is
gauged using these region codes. Yet another innovative
approach, cited as [15], integrates navigation-based relevance
feedback. This reduces feedback iterations, allowing for
superior precision in less computational time. This strategy
keeps a query log consisting of navigation patterns that contain
a session id and item set. Redundant navigation patterns are
pruned from this log. In our research, we've employed the
tetrolet transform for image decomposition. Bijective mapping
aids in the analysis phase, serving as the conduit for mapping.
For feature extraction, we've homed in on the high-frequency
coefficients of the decomposed image at every tier. As a result,
each level vyields twelve high-frequency coefficients,
culminating in a feature vector composed of standard deviations
and means. Decomposition extends to the fourth level, with the
low pass serving for further decomposition. Analysis continues
up to the fourth level, considering every potential image
reflection and rotation. The optimal geometry is determined
from all tetromino combinations. A visual representation of our
proposed image retrieval system can be seen in Figure.4.
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Figure.4: System for retrieving texture images

The fundamental objective of our suggested image retrieval
technique is to elevate the average retrieval rate while
concurrently reducing both the image retrieval and feature
extraction durations. To accomplish this, our methodology
refines the directional pattern calculation process by
emphasizing the magnitude of pixel variances over their sign.
In contrast, WD-DLEP effectively distinguishes between

Divide
Image into
non

overlapping
blocks

different texture patches. Furthermore, by computing the
feature descriptor at the block level, our method significantly
bolsters its discrimination capabilities. A visual depiction of our
envisaged image retrieval system is presented in Figure.5,
where DB1 represents the uniform sub-database and DB2
denotes the non-uniform sub-database.

Figure.5: The structure of the proposed image retrieval system

The process of image retrieval unfolds in two primary stages:
feature extraction and the computation of similarity. Initially,
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the query image is segmented into discrete, non-overlapping
sections or blocks. Subsequently, features are derived for each
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of these blocks. In addition to this feature extraction, a
"roughness" metric, denoted as R, is determined for the query
image. Depending on the roughness value R, the gleaned
features are then juxtaposed either with those from uniform
texture images or non-uniform texture images, utilizing a
specific similarity metric. Ultimately, the database yields the
top N images that exhibit the closest match based on this
similarity evaluation.

Traditional image retrieval approaches often utilize either a
singular feature or a combination of multiple features. Our
proposed method, however, integrates a multi-feature strategy,
operating sequentially across three distinct stages. Notably,
while this approach considers the trifecta of primary features—

Apply tetrolet
transform to
extract the
texture feature

Extract edge
orientation
histogram

y

Similarity
1 4 measure

color, texture, and edge—it does not apply them
indiscriminately to every database image. Instead, with each
progressing phase, the pool of considered images shrinks,
making the process increasingly streamlined. The first stage
employs the tetrolet transform to derive texture attributes. The
subsequent stage focuses solely on the top 'M' images, as
determined by texture characteristics, and calculates an edge
orientation histogram for each. The final phase delves into color
feature extraction, drawing its input from the curated set of
images that emerged from the second stage. This method's
hierarchical structure ensures a reduction in non-relevant
images at every step, resulting in a narrower search arena and
faster retrieval times.

Color feature
Database

Extract top
M Images

Figure.6: Retrieval of Images Using a Feed-Forward Network

The experimental framework was designed to test various
feature sequences, but the texture-edge-color sequence
consistently outperformed others. In the feed-forward
methodology, optimal results are achieved when the most
influential feature is prioritized in the initial stage. Among the
combinations tested, the texture feature stood out for its
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adaptability and prowess in local geometry analysis. Using the
color feature in the initial stage isn't feasible, as most images in
this phase would share color attributes with the query image.
The feed-forward architecture serves as the backbone for image
retrieval. As each stage progresses, the search scope is refined
by filtering out images less relevant based on their texture, edge,
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and color attributes. A distinct advantage of our approach is that
it lessens the dependency on fusion and normalization
techniques. A hallmark of our method is its sequential refining
process: each stage employs a single feature for refinement,
ensuring no one feature overshadows the others. To capture
superior texture attributes at the outset, we utilize the tetrolet
transform.

V. CHALLENGES IN MATCHING NATURAL IMAGES

Natural image databases encapsulate the vastness and diversity
of the real world, making them one of the most complex
domains for image matching. Despite the significant advances
achieved through deep learning models, several challenges
intrinsic to natural images persist. These challenges not only
demand sophisticated models but also underline the need for
further research and development. Matching images from
natural image databases presents a unique set of challenges that
stem from the inherent complexity and variability of the real
world. First and foremost, natural images are subjected to a
broad spectrum of environmental variables. Differences in
lighting conditions, for instance, can drastically alter an object's
appearance in an image. The introduction of shadows, glares,
and reflections by varied light sources can modify crucial
features, making two similar images appear distinct.
Additionally, the angle and perspective from which an image is
captured can lead to significant variations. An object, when
viewed from different angles or distances, can present diverse
features, further complicating the matching process. This is
especially evident when considering scale variability, where
images of the same object can be captured from varied
distances, leading to differences in the level of detail presented.
Beyond these factors, natural images often include occlusions,
where essential parts of an object or scene are obscured by other
elements, such as a tree blocking a portion of a building. This
obscuration can render key features invisible, adding another
layer of complexity to the image matching task. Moreover, non-
rigid transformations, like deformations in flexible objects or
variable facial expressions, alter the intrinsic structure and
appearance of subjects in images. Lastly, from a computational
perspective, the sheer volume of images in today's digital
databases poses significant challenges. With millions, or even
billions, of images to search through, ensuring real-time
matching, particularly with deep learning models which can be
computationally intensive, becomes a monumental task. This
challenge is further exacerbated when considering the demands
of storing and efficiently retrieving high-resolution images from
such extensive databases. In essence, while natural images offer
a rich and varied dataset for matching, they also introduce
multifaceted challenges that necessitate sophisticated and
innovative solutions.
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VI. TECHNIQUES TO IMPROVE EFFICIENCY

Efficiency in image matching, especially within extensive
natural image databases, is paramount, and various techniques
have emerged to enhance this efficiency. One of the most
common approaches is data augmentation. By creating
modified versions of existing images, such as rotated, flipped,
or brightness-adjusted versions, the training dataset is
artificially expanded. This ensures that models are exposed to a
wide array of scenarios, enhancing their robustness and
reducing overfitting. Another pivotal technique is transfer
learning, which capitalizes on the knowledge gained from pre-
trained models on large datasets, adapting this knowledge to
specific, often smaller, datasets. Instead of training a model
from scratch, which requires considerable data and
computational power, transfer learning uses architectures like
VGG or ResNet, fine-tuning them for specific image matching
tasks, often resulting in quicker and more generalizable models.
As deep learning models tend to produce high-dimensional
feature vectors, dimensionality reduction techniques, such as
Principal Component Analysis (PCA), have become crucial. By
transforming original features into a reduced set that retains the
most significant information, computations become faster, and
the curse of dimensionality is alleviated. Moreover, not all
images in a dataset contribute equally to model training. Hence,
efficient sampling techniques, like active learning, prioritize the
selection of the most informative samples for training. This
ensures quicker model convergence and better generalization.
Lastly, recognizing the strengths of both traditional and modern
approaches, hybrid models have emerged. These models
integrate the robustness of deep learning with the precision of
traditional computer vision techniques, leading to enhanced
efficiency in image matching. Together, these techniques form
a comprehensive toolkit, enabling researchers and practitioners
to tackle the complexities of natural image databases with
greater efficiency.

VII. EXPERIMENTAL SETUP AND RESULTS

Our experimental journey into image matching within natural
image databases was anchored around a comprehensive dataset
sourced from the Repository. This rich dataset, comprising half
amillion images, captures a wide gamut of scenes, ranging from
bustling urban landscapes to serene natural terrains and intricate
indoor settings. The diverse nature of these images presents
challenges typical to natural datasets, such as changing lighting
conditions and varied perspectives. For the training process, we
harnessed the power of a distributed GPU cluster, specifically
leveraging NVIDIA Tesla V100 GPUs. These powerful
computational resources, combined with a multi-GPU setup,
allowed each model to be trained for about 150 epochs,
amounting to a total training span of around 450 hours. Key
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hyperparameters, including a learning rate set at 0.001
(decaying by a factor of 0.95 every five epochs), a batch size of
128, and the Adam optimizer, were meticulously chosen to
ensure optimal training. Upon completion of the training phase,
the models were subjected to a rigorous evaluation process.
Metrics such as precision, recall, F1-Score, and matching time
were used to gauge their performance. The results were
illuminating: while CNNs showcased a precision of 85% and a
matching time of 120ms per query, Siamese Networks upped
the ante with 89% precision and a brisker 100ms matching time.
Triplet Networks emerged as a frontrunner with a commendable
90.5% F1-Score, further emphasizing the potential of deep
learning in this domain. For context, traditional methods like
SIFT-based matching lingered at an F1-Score of 74%, with a
slower 200ms matching time. This stark contrast not only
underscores the advancements brought about by deep learning
techniques but also signals a transformative shift in the
landscape of image matching within natural image databases.
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To expedite the image retrieval process, the image database is
partitioned into two sub-databases. This streamlined search
space significantly trims the retrieval time compared to other
prevailing image retrieval techniques. Interestingly, the
retrieval duration of the proposed system fluctuates based on
the database's composition. Databases with a more varied, or
heterogeneous, assortment of images tend to have quicker
retrieval times compared to more uniform, or homogeneous,
databases. The overall time taken in the retrieval process
comprises both the feature extraction duration and the time for
image similarity matching. A comparison of the feature
extraction and retrieval durations of the proposed method with
other leading techniques is presented in a table. Furthermore, as
gleaned from Figure.7, our proposed method typically boasts
shorter retrieval times compared to most methods, with the
notable exceptions being the LBP and CS-LBP approaches. The
efficiency of these two methods can be attributed to their more
concise feature vector lengths.

DLEP LBPSEG Proposed Proposed
Method-1 Method-2

Total average retrieval time(secconds)

Figure.7: Average retrieval times using the suggested strategy against other approaches

The first methodology introduces a texture image retrieval
system rooted in both spectral and spatial analyses. Images
undergo block-level scrutiny, emphasizing the local geometry
and the edge's directional selectivity. Blocks are optimally sized
to curtail information loss and bolster discriminative capacity.
In the spectral realm, features from Tetrolet-decomposed
images are gauged using standard deviation and energy, while
in the spatial domain, the DLEP histogram, oriented in four
directions, serves as the feature measure. Notably, BLK-DLEP
computes patterns using fewer pixels than DLEP. Image
similarity assessments are conducted by comparing the
corresponding blocks of the query and target images. This
streamlined search space, coupled with heightened
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discriminative prowess, yields superior retrieval accuracy in
reduced time. The secondary strategy focuses on texture image
retrieval through spatial analysis, utilizing both DLEP and WD-
DLEP histograms at each block, oriented in four directions, as
the feature gauge. The extrema pattern, given its concise length,
curbs time complexity. When combined with block-level
feature extraction, the pattern's discriminative attributes are
amplified. This proposed method outpaces the traditional DLEP
in both time efficiency and retrieval accuracy. Again, image
similarity evaluations are grounded in comparing the respective
blocks of the query and target images.
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Figure.8: Comparison of the suggested method's ARP retrieval results at n = 40 on the COREL -2K database to those of other current techniques
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Figure.9: Comparison of the ARR retrieval results of the proposed approach to those of other current methods on the COREL -2K database

The proposed image retrieval method has demonstrated
superior performance when compared to existing techniques,
registering an improvement of 1.03%, 7.03%, 8.43%, 5.43%,
and 6.53% in terms of Average Retrieval Rate (ARR) on the
COREL-2K database. Visual results showcased in Figure.8 and
Figure.9 affirm that our retrieval system not only achieves high
accuracy but also optimizes the retrieval time. Central to our
approach is the feed-forward architecture, which incrementally
refines the search space at each stage, successively filtering out
less relevant images based on distinct features like texture,
edge, and color. This methodology sidesteps the often-used
fusion and normalization processes. A salient characteristic of

IJRITCC | October 2023, Available @ http://www.ijritcc.org

our method is its iterative refinement process: each stage
leverages a single feature for initial refinement, and subsequent
features are used for further honing, ensuring a balanced impact
of each feature without any overshadowing. For nuanced
texture extraction, the tetrolet transform is applied in the initial
phase. When tested, the system achieved a performance rate of
86.12% on the COREL-2K database and 88.99% on the CIFAR
database, gauged by precision. This feed-forward design
efficiently winnows out irrelevant images after each refinement
stage. Experimental outcomes, when juxtaposed with other
prevailing retrieval systems, underscore our approach's
superiority for the majority of query images. Furthermore, our
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system excels in retrieval time efficiency, especially on
expansive databases. Notably, the system's retrieval time
doesn't escalate dramatically with the addition of images to the
database. While the retrieval time of our system surpasses
single-feature methods, it's quicker than most multi-feature
techniques. Crucially, in terms of retrieval accuracy, our
approach  outshines both single and multi-feature
methodologies.

VIII.CONCLUSION

Deep learning, over the past few years, has paved the way for
transformative advancements in the field of image processing
and computer vision. In the specific context of efficient image
matching in large-scale natural image databases, deep learning
techniques have demonstrated remarkable potential. Our study
explored various deep learning models and techniques to
understand their efficacy in retrieving and matching images. We
found that deep learning models, particularly convolutional
neural networks (CNNSs), are adept at extracting hierarchical
features from images, allowing for nuanced distinctions
between even subtly different images. Traditional methods of
image matching rely on manual feature extraction, which can
be both time-consuming and less accurate in the face of large
and diverse datasets. Deep learning models automate this
feature extraction and adapt themselves for better performance
with continued training. When benchmarked against
conventional image matching techniques, deep learning models
showcased faster retrieval times and higher accuracy rates,
especially in databases with high intra-class variability.
Additionally, the flexibility of deep learning models allows
them to be integrated with other technologies, such as hashing
techniques, to further enhance retrieval speed without
compromising on accuracy.
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