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Abstract—Content-Based Image Retrieval (CBIR) aims to
retrieve relevant images based on visual content rather than
metadata, addressing the limitations of traditional retrieval
methods. This study proposes a deep learning-based CBIR system
utilizing Convolutional Neural Networks (CNNs) for automatic
feature extraction. Leveraging the CIFAR-10 dataset, the system
is evaluated against traditional handcrafted methods such as color
histograms and color moments. Various retrieval paradigms
image-based, text-based, sketch-based, and conceptual layout
are analyzed for performance comparison. Experimental results
demonstrate that CNN-based retrieval achieves over 85%
accuracy, significantly outperforming traditional approaches.
The system exhibits robustness to intra-class variation, occlusion,
and background noise, establishing deep learning as a superior
and scalable approach for large-scale CBIR applications.
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I. INTRODUCTION

With the rapid expansion of digital image repositories in fields
such as healthcare, security, e-commerce, and multimedia
management, the demand for efficient and accurate image
retrieval systems has grown significantly. Traditional image
retrieval methods, which rely on metadata, textual annotations, or
handcrafted visual features like colour histograms and texture
descriptors, often struggle to capture complex image semantics.
These approaches require extensive manual effort for annotation
and are prone to inconsistencies, making them less effective for
large-scale datasets. To overcome these limitations, Content-
Based Image Retrieval (CBIR) has emerged as a more advanced
approach, retrieving images based on their actual visual content
rather than predefined textual labels [1][2].

Deep learning, particularly Convolutional Neural Networks
(CNNs), has revolutionized CBIR by enabling automatic and
hierarchical feature extraction. Unlike traditional methods that
rely on predefined descriptors, CNNs learn representations
directly from raw images, capturing high-level semantic features
such as shapes, textures, and object structures. This capability
significantly improves retrieval accuracy and eliminates the need
for manual feature engineering. CNN-based methods have
demonstrated remarkable performance in various computer vision
tasks, making them highly effective for content-based retrieval

applications [3][4][5].

This research explores the effectiveness of CNN-based deep
feature extraction for image retrieval, comparing it against
conventional techniques that rely on handcrafted descriptors. The

study also examines  different retrieval  paradigms,
including image similarity-based retrieval, text-based search,
sketch-based search, and conceptual layout retricval, to assess
their effectiveness in different scenarios. By leveraging deep
learning, the proposed CBIR system aims to enhance retrieval
performance, making it more scalable and adaptable for real-
world applications.

For evaluation, the CIFAR-10 dataset is used instead of larger
datasets like Corel-10K, due to its balanced class distribution,
diverse object categories, and suitability for deep learning
applications. CIFAR-10 presents a more realistic challenge with
variations in object representation, background complexity, and
lighting conditions, making it ideal for testing modern CBIR
systems. Through comparative analysis, this study highlights the
advantages of deep learning-based CBIR over traditional retrieval
techniques, showcasing its potential in building more accurate
and scalable image retrieval systems [6][7].

II. LITERATURE REVIEW

The evolution of Content-Based Image Retrieval (CBIR) has
transitioned from handcrafted feature-based techniques to deep
learning-driven  approaches.  Early  systems, such as
those introduced by Smeulders et al. (2000), relied on low-level
features like color, shape, and texture. Although foundational,
these methods lacked semantic understanding and performed
poorly under varying conditions such as occlusion and intra-class
similarity. Datta et al. (2008) conducted a comprehensive survey
highlighting the limitations of manual feature engineering and the
scalability issues of traditional CBIR methods. The paradigm
shift began with Krizhevsky et al. (2012), who introduced CNN5s
(AlexNet), proving their superiority in learning hierarchical
visual  representations on  large-scale  datasets  like
ImageNet. Subsequent works by Razavian et al. (2014) and Wan
et al. (2014) reinforced the utility of deep CNN features, showing
enhanced performance without the need for task-specific
training. Babenko et al. (2015) incorporated dimensionality
reduction techniques such as PCA and whitening to maintain
retrieval accuracy while improving computational efficiency.
Gordo et al. (2016) demonstrated that domain-specific fine-tuning
could further boost CBIR performance. Alternative retrieval
strategies were explored by Wang et al. (2017), introducing
sketch-based and semantic retrieval mechanisms using datasets
like TU-Berlin and Sketchy. These methods offered more flexible
search paradigms but were often limited by abstraction gaps in
sketches and semantic labels.
The present study extends this literature by directly comparing
CNN-based and traditional CBIR methods using the CIFAR-10
dataset. It demonstrates that deep features extracted via pre-
trained CNNs achieve significantly higher accuracy and
generalizability across diverse retrieval modes, highlighting the
practical viability of deep Ilearning in real-world CBIR
systems. Table / summarizing the core contributions, datasets,
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techniques,
Retrieval (CBIR) systems, especially focusing on CNN-based and
traditional approaches [8-13]:

and findings related to Content-Based Image

Table 1: Literature Survey Summary

Technique /
Author(s) ||Year MethO((il Dataset || Key Findings
robustness and
scalability.

Author(s) |[Year g;;glr:gue NDataset Key Findings III. METHODOLOGY
Introduced early| This study follows a systematic approach to developing
Handcrafted CBIR framework|| a Content-Based Image Retrieval (CBIR) system using deep
Smeulders 2000 Features Corel using  low-level|| features extracted through Convolutional Neural Networks
et al. (Color,  Shape, features; limited]| (CNNs). The methodology is designed to evaluate the
Texture) semantic effectiveness of deep learning in image retrieval, comparing it
understanding. with traditional feature extraction methods. The research consists
Highlighted of multiple stages, including dataset selection; image
S limitations inll preprocessing, feature extraction, similarity ~measurement,
Datta et al. {2008 Clllsr;;y M Various feature retrieval process, and evaluation metrics (figure /):
engineering  and
retrieval accuracy. :
Demonstrated Data Collection
deep CNNs #
: surpass
irzhe“ky 2012||CNN (AlexNet)|[ImageNet halg:jcrafted Data Pre-processing
' features in ¢
classification and
retrieval. Model Selection
Showed pre- ¢
R . CNN Features Caltech trained CNN .
etajf“an 2014lffor  Off-the-|| (?1 el | features Model Training
. shelf Retrieval outperform & Evaluation
traditional features
without retraining. ¢
Deep models Model Integration
Deep Learning Holidays, |[improve retrieval *
Wan et al. |[2014||for Image Ukbench _|[accuracy, :
Retrieval especially  under Model Evaluation
noise/occlusion.
Feature . Figure 1: Methodology
compression
Babenko et Ds?ep Features Oxford5K, techmques 1. Dataset Selection:
1 2015||with Paris6K maintain
al PCA/Whitening performance while
reducing CIFAR-10 was selected for its balanced class distribution and
dimensions. real-world variability, making it suitable for testing generalizable
- CBIR systems. The CIFAR-10 dataset is chosen for this study due
Fine-Tuned Tagk-spemﬁc fine- to its diverse set of real-world objects, balanced class distribution,
Gordo et Oxford, |[luning — DOOSIS| .4 yitability for deep learning applications. CIFAR-10 consist
2016/CNNs for||Oxtord, eval ty p learning applications. C consists
al. Paris retrieva ) of 60,000 images categorized into 10 distinct classes (e.g.,
CBIR performance  in . . . . .
. . airplanes, automobiles, birds, cats, etc.), making it a suitable
specific domains. benchmark for evaluating the CBIR system. Unlike larger
Explored datasets such as Corel-10K, which primarily focus on artistic or
Sketch-Based ||TU- alternative category-based retrieval, CIFAR-10 presents a challenging
Wang et al.||2017||and ~ Semantic||Berlin, retrieval cues| retrieval problem with significant variations in background,
Retrieval Sketchy |[beyond raw|| lighting, and object appearance, making it a practical dataset for
images. real-world CBIR applications.
CNN-based
CNN. . Vs retrieval shows|| 2. Image Preprocessing:
Current Traditional 85-90% accuracy
Study 2025||(Histogram, CIFAR-10 0-65% in . .
(You) Color :;zditii al ° O Images . resized to 224x224 pixels.
Moments) methods:  better o Normalized pixel values for faster convergence.
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o Data augmentation (rotation, flipping, scaling) to improve
generalization.

3. Feature Extraction:

o Deep Features: Extracted using a pre-trained VGG16 model by
removing fully connected layers and using the final convolutional
outputs.

o Traditional Features: Color histograms and color moments
(mean, variance, skewness) serve as baselines for comparison.

4. Similarity Measurement:

o Cosine similarity is used to calculate the closeness between the
feature vectors of the query and database images.

5. Retrieval Techniques Evaluated:

o Image-based retrieval: Matching feature vectors directly.
o  Text-based retrieval: Based on class labels.
0 Sketch-based retrieval: Edge-based comparison.
o Concept layout retrieval: Based on spatial object distribution.

6. Evaluation Metrics:

Score
Analysis

o) Accuracy, Precision,
o) Confusion Matrix
o Precision-Recall Curve

Recall, F1
and Error

7. Implementation Environment:

o Developed using Python (TensorFlow, Keras, OpenCV, Scikit-
learn).

o Executed on Google Colab with GPU support for accelerated
training and testing.

This structured approach enables a comprehensive evaluation of
the performance, scalability, and applicability of CNN-based
CBIR systems.

IV. RESULTS AND DISCUSSIONS

The proposed Content-Based Image Retrieval (CBIR) system was
evaluated using the CIFAR-10 dataset, comparing deep feature
extraction using Convolutional Neural Networks (CNNs) with
traditional handcrafted feature extraction methods. The study also
analyzed different image retrieval paradigms, including image-
based, text-based, sketch-based, and concept layout-based
retrieval. The results highlight the advantages of deep learning-
based retrieval in terms of accuracy, precision, and robustness in

between 50-65% depending on the complexity of image features.
The results indicate that handcrafted features fail to capture high-
level semantic information, making them less effective for CBIR
tasks. In contrast, CNNs learn hierarchical feature representations,
enabling more precise retrieval of visually similar images. The
Training and Validation Loss is shown in figure 2.

Comparison of Different Image Retrieval Paradigms

Image-Based Retrieval: The most effective method,
achieving high retrieval precision, as deep features accurately
capture object representations and textures.

- Text-Based Retrieval: Works well for labelled datasets but
is limited by the availability of textual descriptions, making it
unsuitable for purely content-based retrieval.

- Sketch-Based Retrieval: Performance depends on edge-based
representations; simple sketches work well, but complex object
sketches may not retrieve accurate matches due to abstraction
differences.

- Concept Layout-Based Retrieval: Useful for identifying images
based on spatial structures, but less effective for detailed object
recognition compared to deep feature matching.

Training and Validation Loss

— Wmnng Lo

— Vabdabon Loss

ne

on

Figure 2: Training and Validation Loss
Evaluation Metrics and Performance Analysis

The confusion matrix analysis (table 2) and the confusion
matrix (figure 3) indicates that CNN-based retrieval correctly
classified most images, with minor misclassification in visually
similar categories (e.g., cats and dogs). The confusion matrix
reveals the model's true performance across the 10 classes of
CIFAR-10:Table 2: Confusion Matrix Analysis

handling complex image variations. Metric Formula Value  (Sample -
Airplane Class)

Performance Comparison: CNN vs. Traditional Feature Tru.e. TP=820TP = 820TP=820 M0d§l ('zorrectly

Extraction Positive predicted 820 airplanes.
False FP=37+75+29+31+15+2 [|Airplanes misclassified

The retrieval accuracy using CNN-based deep feature |Positive 9+9+116+46=387 as other classes.

extrac‘{lon s}igmﬁcantly ogtpergormed trad1t10n2}llhmeél;1)§1s bsuc}(; False FN=18+41+19+6+16+15|[Other objects predicted

as colour histograms and colour moments. e -base Negative £0435+21=180 as airplanes.

approach achieved an average retrieval accuracy of over 85%,

while traditional methods struggled, with accuracy ranging |True ||Total samples — (TP + FP”Depends on _total
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. Value  (Sample - . CNN-Based Traditional
Metric Formula Airplane Class) Metric Retrieval Methods
Negative ||+ FN) dataset size. | similarity background noise

Confusion Natris

2
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Figure 3: Confusion Matrix

To evaluate the performance of CNN-based retrieval methods
versus traditional approaches, several key metrics were analyzed
including accuracy, precision, and error patterns. The CNN-based
models consistently outperformed traditional methods across all

major evaluation criteria (Table 3). The precision-recall
curve (Figure 4) demonstrates that CNN-based retrieval
maintains high precision even at lower recall levels,

outperforming traditional methods that show a steep drop in
precision as recall increases.

- Prediction Accuracy: CNN-based retrieval achieved 87-92%
accuracy (figure 5), while traditional methods ranged between 50-
65%.

- Precision: CNN-based retrieval maintained a precision score
above 0.85, while traditional methods struggled with scores
below 0.65.

- Error Analysis: Retrieval errors primarily occurred in cases
of occlusion, background clutter, or intra-class similarity (e.g.,
airplanes misclassified as birds due to similar shapes).

Table 3: Results and Analysis Table

Metric CNN-Based Traditional

Retrieval Methods
[Prediction Accuracy [85% — 90% 150% — 65% |
Precision >0.85 <0.65
[Recall (estimated)  |~0.88 |~0.60 \
F1 Score (estimated) ||~0.86 ~0.62

Occlusion, Misalignment,
Common Errors background poor

clutter, intra-class||generalization,

Prapwion. Recal Curve

Figure 4: Precision-Recall Curve

Predicted airplane (91.77%)

Figure 5. Input and Prediction

Discussion on System Efficiency and Scalability:

The experimental results highlight the superiority of CNN-based
CBIR systems over traditional methods in terms of both accuracy
and robustness. The pre-trained VGG16 model was effective in
capturing high-level semantic features, contributing to faster and
more accurate image retrieval. Despite the higher computational
cost compared to handcrafted methods, the improved retrieval
accuracy (87-92%) justifies the trade-off, particularly in
applications where precision is critical.
The system demonstrated reliable performance across diverse
retrieval modes, with image-based retrieval being the most
effective. However, text-based and sketch-based retrieval
were limited by the quality of annotations and abstraction in
sketches, respectively. The concept layout-based retrieval showed
potential for spatial recognition but lacked precision in
detailed object matching.
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V. CONCLUSION

This study establishes the effectiveness of CNN-based deep
learning approaches for Content-Based Image Retrieval (CBIR),
significantly outperforming traditional handcrafted
feature techniques. By utilizing the CIFAR-10 dataset and
evaluating multiple retrieval paradigms, the research confirms
that CNNs provide superior retrieval accuracy, robustness to
visual variations, and scalability for large datasets. The system
achieved over 85% accuracy, while traditional methods lagged
with 50-65% performance. The deep learning framework
eliminates the need for manual feature design and supports
various query types, making it adaptable for applications
in medical imaging, surveillance, and multimedia retrieval. These
findings validate deep learning as a reliable and efficient solution
for next-generation CBIR systems.

VI. FUTURE SCOPE

While deep learning has significantly advanced CBIR, several
avenues remain for future exploration. A key direction is the
development of  multi-modal  retrieval that
integrate image, text, and sketch-based queries to provide more
flexible and user-friendly search interfaces. Incorporating natural
language processing (NLP) for text-based queries and generative
models (e.g., GANs) for sketch-to-image translation can enhance
query precision system interactivity.
Scalability remains a challenge, especially with the computational
demands of CNNs. Future research can focus on optimizing
speed  using like  dimensionality
reduction, approximate nearest neighbor (ANN) search, and
lightweight neural architectures. Edge computing and federated
learning can be explored to enable decentralized, real-time
retrieval without centralized server dependency.
Domain-specific CBIR applications, particularly in medical
imaging, remote sensing, and forensics, can benefit from custom-
their  unique
characteristics. Finally, the integration of explainable Al (XAI)
can improve transparency, allowing users to understand and trust
the retrieval process, which is essential for sensitive domains like
healthcare and legal systems.

systems

and

retrieval methods

trained models tailored to visual
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