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Abstract: Object detection plays a crucial role in various real-world applications, including assistive technology for the visually
impaired. This research presents a deep learning-based object detection and recognition framework utilizing SSD300 (Single Shot
MultiBox Detector) and InceptionV3 to enhance object classification, specifically for currency note recognition. The integration of
these models allows the detection of 22 object classes, including currency notes, achieving an accuracy of over 98%.The proposed
framework addresses the limitations of traditional object detection models by improving feature extraction and classification
accuracy. The hybrid SSD-Inception model leverages SSD300’s speed and InceptionV3’s deep feature learning capabilities, ensuring
robust detection performance. Extensive experiments were conducted using a dataset of Indian old currency notes, demonstrating
significant improvements in classification accuracy. The system is designed to assist visually impaired individuals by accurately
recognizing and categorizing objects in their environment. The findings indicate that deep learning models, when integrated
effectively, can provide highly reliable real-time object detection solutions. Future advancements may include the incorporation of
new currency datasets, real-time implementation, and deployment on edge devices for enhanced accessibility.

Keywords— Deep Learning, Object Detection, SSD300, InceptionV3, Currency Recognition, Assistive Technology, Feature Extraction,

Real-Time Detection, Computer Vision, Visually Impaired Assistance.

LINTRODUCTION

The issue of missing children is a growing global concern, with
millions of cases reported annually due to various factors such as
abduction, human trafficking, and accidental separation [1]. The
emotional and psychological toll on affected families and
communities is profound, making the timely recovery of missing
children a critical priority. Traditional search methods, including
manual investigations, public awareness campaigns, and the
dissemination of posters, often face limitations in terms of speed
and accuracy [2]. These conventional approaches frequently
struggle to adapt to the complexities of modern society, where vast
geographical areas and wurban landscapes hinder swift
identification.Advancements in artificial intelligence (AI) and deep
learning technologies have introduced innovative solutions to
overcome these challenges. Al-powered systems, particularly those
utilizing Convolutional Neural Networks (CNNs), have shown
exceptional accuracy in facial recognition tasks. Unlike traditional
approaches, Al algorithms can analyze large datasets within
seconds, identifying unique facial features despite variations in age,
image quality, and lighting conditions [3]. Additionally, age
progression models enhance identification Object detection has
witnessed significant advancements with deep learning techniques,

improving accuracy and efficiency [1]. Traditional computer vision
approaches, such as edge detection and template matching, often
struggle with complex real-world environments due to variations in
lighting, occlusion, and object deformations [2]. Deep learning
methods, particularly convolutional neural networks (CNNs), have
demonstrated remarkable improvements in object detection
accuracy by learning hierarchical features directly from raw images
[3].

Among the widely used deep learning models, Faster R-CNN,
YOLO, and SSD are prominent for real-time object detection tasks
[4]. While Faster R-CNN offers high accuracy, it is computationally
expensive, making it less suitable for real-time applications [5].
YOLO provides high-speed processing but may struggle with
smaller objects due to its coarse grid-based detection mechanism
[6]. SSD strikes a balance between speed and accuracy, making it
ideal for detecting multiple objects in real-world scenarios
[7].Object detection plays a critical role in assistive technology,
particularly for visually impaired individuals who rely on
automated systems for recognizing objects in their surroundings.
Currency recognition is one such essential task, enabling visually
impaired users to perform financial transactions independently.
Despite the availability of various object detection techniques, the

30



|| Volume 8 || Issue 01 || 2025 ||
challenge of accurately distinguishing currency notes persists due
to differences in note conditions, designs, and lighting variations
[8].This research presents a hybrid SSD-Inception model for object
detection, particularly in recognizing Indian currency notes. The
SSD300 model is employed for initial object detection, while
InceptionV3 enhances classification accuracy by extracting more
intricate features. By combining the advantages of these models, the
proposed approach aims to improve the accuracy and robustness of
currency recognition, aiding visually impaired individuals in their
daily transactions. The effectiveness of this framework is evaluated
through extensive experimentation and performance comparisons
with existing state-of-the-art models.
accuracy by simulating the natural aging process, enabling the
recognition of children who have been missing for extended periods
[4]. Deep learning-based object detection has found applications in
various domains, including autonomous driving, surveillance,
healthcare, and robotics [9]. The ability to recognize and classify
objects in real-time has significantly improved with advancements
in deep neural networks. However, challenges such as
computational complexity, scalability, and dataset limitations still
persist [10]. In particular, object detection for visually impaired
assistance requires models that are not only accurate but also
lightweight and deployable on mobile or embedded devices. The
proposed SSD-Inception hybrid framework aims to address these
challenges by leveraging the speed of SSD and the feature
extraction capabilities of InceptionV3, making it an efficient and
practical solution for real-time currency recognition.

I RELATED WORKS
Several studies have explored deep learning for object detection,
utilizing architectures such as Faster R-CNN, YOLO, and SSD.
Faster R-CNN is widely recognized for its high accuracy in object
detection; however, its computational cost makes it less suitable for
real-time applications [1]. YOLO, on the other hand, provides faster
processing speeds but may struggle with detecting smaller objects
due to its coarse grid-based detection approach [2]. SSD balances
speed and accuracy, making it a suitable choice for detecting
multiple objects in real-world scenarios [3].In the domain of
assistive technology for visually impaired individuals, deep
learning-based object detection has been employed for tasks such
as pedestrian detection, obstacle avoidance, and currency
recognition. Some prior research has explored the application of
CNN s for currency recognition, focusing on feature extraction from
different currency note designs [4]. However, existing solutions
often lack robustness when applied to real-world conditions, such
as varying lighting, occlusion, and note degradation.

Recent advancements in hybrid deep learning models have
shown promise in improving object detection performance. Studies
incorporating InceptionV3 with other architectures have
demonstrated enhanced feature extraction capabilities, leading to
improved classification accuracy in challenging datasets [5].
Inspired by this, our approach integrates SSD300 with InceptionV3
to refine object recognition, particularly in currency classification.
Unlike previous works, which primarily focus on generic object
detection, our study is tailored to the specific challenge of currency
recognition for the visually impaired, ensuring high precision and
real-time applicability.

2.1 Existing System

The existing object detection systems primarily rely on deep
learning-based models such as Faster R-CNN, YOLO, and SSD.
These models have significantly improved object recognition
accuracy and real-time detection capabilities. Faster R-CNN provides
high detection accuracy by employing a region proposal network
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(RPN) to refine object localization, making it suitable for detailed
object detection tasks [1]. YOLO (You Only Look Once) is known
for its fast inference speed and ability to detect multiple objects in a
single forward pass, making it ideal for real-time applications [2].
SSD (Single Shot MultiBox Detector) balances speed and accuracy
by predicting object locations and categories in a single shot, using
multiple feature maps for detecting objects of varying sizes [3].In
assistive technology applications, deep learning-based object
detection has been successfully implemented for tasks such as
pedestrian  detection, obstacle recognition, and currency
identification. Mobile and embedded vision systems utilize these
models to assist visually impaired individuals by identifying objects
in their surroundings. Additionally, transfer learning techniques have
been employed to fine-tune pre-trained models on specific datasets,
enhancing their ability to recognize unique objects such as different
currency notes [4].

2.1.1 Draw backs of Existing System.

e High Computational Cost — Some models, like Faster R-
CNN, offer high accuracy but are too slow for real-time
applications.

e Accuracy vs. Speed Trade-off — YOLO provides fast
detection but struggles with small or overlapping objects.

e Limited Generalization — Object detection models may not
perform well in real-world conditions like poor lighting or
occlusion.

e Feature Extraction Limitations — SSD may not capture fine
details, reducing accuracy in tasks like currency
recognition.

e Data Dependency — Requires large labeled datasets, which
are not always available for specific applications.

e Hardware Constraints — High-performance models can be
difficult to deploy on mobile or embedded devices due to
memory and processing limitations.

2.2 Proposed System

The proposed system integrates SSD300 and InceptionV3 to

enhance object detection accuracy and efficiency. SSD300 is

used for real-time object detection, while InceptionV3 improves

feature extraction and classification. This hybrid approach

ensures precise identification of objects, particularly currency

notes, even in challenging conditions. The model is optimized

for real-time processing, making it suitable for assistive

applications like visually impaired assistance.

1.2.1  Advantages of the Proposed System

e Improved Accuracy — Combines SSD’s detection capability
with InceptionV3’s advanced feature extraction for precise
classification.

e Real-Time Performance — Optimized for faster detection
while maintaining high recognition accuracy.

e Better Small Object Detection — Effectively detects fine
details, making it suitable for currency recognition.

e Robust to Variations — Handles lighting changes, occlusion,
and different object conditions efficiently.

e Scalability — Can be trained on new datasets to recognize
additional objects beyond currency notes.

e Deployable on Edge Devices — Optimized for mobile and
embedded applications, enabling real-world usability.

A review of these techniques are discussed in Table I.
TABLE I. COMPARISON OF FACIAL DETECTION METHODS
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Author(s) & Year

Title

Methodology

Findings and Limitations

M. B. Shaik, Y. N. Rao,
2024

Secret Elliptic Curve-Based Bidirectional
Gated Unit Assisted Residual Network
for Enabling Secure IoT Data
Transmission and Classification Using
Blockchain

Blockchain and Deep Learning
(BGRN)

Improved security and
classification accuracy; requires
further optimization for real-
time scenarios.

S. M. Basha, Y. N.
Rao, 2024

A Review on Secure Data Transmission
and Classification of IoT Data Using
Blockchain-Assisted Deep Learning
Models

Literature Review

Provided insights into secure
transmission techniques; lacks
implementation-based
comparison.

Liu et al.,, 2016

SSD: Single Shot MultiBox Detector

Proposed SSD for real-time
object detection using multi-
scale feature maps.

Achieved a balance between
speed and accuracy but
struggled with detecting small
objects.

Redmon et al., 2016

You Only Look Once (YOLO)

Developed a grid-based single-
stage detector for real-time
object detection.

High-speed detection but
suffered from lower accuracy
for small and overlapping
objects.

Ren et al., 2017

Faster R-CNN: Towards Real-Time
Object Detection

Introduced a region proposal
network (RPN) to improve
accuracy.

Provided high accuracy but was
computationally expensive,
limiting real-time applications.

Bochkovskiy et al.,
2020

YOLOV4: Optimal Speed and Accuracy

Improved YOLO with
CSPDarknet53 and better data
augmentation techniques.

Enhanced speed and accuracy
but required high computational
resources.

Fuetal., 2017

DSSD: Deconvolutional Single Shot
Detector

Extended SSD with
deconvolution layers for better
small object detection.

Improved accuracy but
increased computational
complexity.

Szegedy et al., 2016

InceptionV3: Rethinking the Inception
Architecture

Introduced a CNN model with
factorized convolutions for
efficient feature extraction.

Achieved state-of-the-art
classification accuracy but
required extensive training.

Proposed System

Hybrid SSD-InceptionV3 for Object
Detection

Combines SSD300 for detection
and InceptionV3 for feature
extraction.

Enhances accuracy and
efficiency, addressing small
object detection and real-time
processing challenges.

Liuetal., 2016

SSD: Single Shot MultiBox Detector

Proposed SSD for real-time
object detection using multi-
scale feature maps.

Achieved a balance between
speed and accuracy but
struggled with detecting small
objects.

II. PROPOSED METHODOLOGY

The proposed system integrates SSD300 for object detection and
InceptionV3 for feature extraction to improve accuracy and
efficiency, particularly for currency recognition.

3.1 System Architecture

Object
recognition
module

Aquisition

‘ Camera }—‘

Image

Mode select

}— Headphone

Colar
recognition
module

Figl: System Architecture

The methodology consists of the following key steps

3.2 Dataset Preparation

e A dataset of Indian currency notes is collected and

preprocessed.

e Data augmentation techniques such as rotation, scaling, and

brightness
generalization.

adjustments  are

applied to

improve

e The dataset is split into 80% training and 20% testing for

model evaluation.
3.3 Model Architecture

e SSD300 Model: Used for object localization and detection

in real-time.

o InceptionV3 Model: Extracts fine-grained features to
enhance classification accuracy.
e A hybrid approach is implemented, where SSD300 detects
objects, and the extracted features are further classified by

InceptionV3.
3.4 Training Process

e SSD300 is trained first for general object detection.
e The detected objects are passed to the InceptionV3 model,
which is fine-tuned on the currency dataset.
e  The training is conducted using 15 epochs with optimization
techniques like Adam optimizer and cross-entropy loss to

improve accuracy.

3.5 Performance Evaluation
e Detection Accuracy: The proposed model is evaluated
using precision, recall, and F1-score.

e  Loss Analysis: Training loss is monitored to ensure stability
and avoid overfitting.
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e Comparison with Baseline Models: The hybrid model is
compared against SSD, YOLO, and Faster R-CNN to
validate improvements.

3.6 Deployment and Application

e The trained model is optimized for real-time execution on
mobile and edge devices.

e The system is designed to assist visually impaired
individuals by detecting and recognizing objects in real-
world scenarios.

I11. RESULTS

4.1 Performance Evaluation

The proposed SSD-InceptionV3 model was evaluated based on
accuracy, precision, recall, and F1-score. The results demonstrated
significant improvements in object detection and classification.

e Detection Accuracy: Achieved 98.2% accuracy in
recognizing objects, including currency notes.

e  Precision and Recall: High precision (97.5%) and recall
(98.1%) indicate effective object detection with minimal
false positives and false negatives.

e F1-Score: The model achieved an Fl-score of 97.8%,
ensuring a balanced trade-off between precision and recall.

4.2 Loss Analysis

The training and validation loss were monitored over 15 epochs,
showing a steady decline, indicating effective learning and
convergence of the model.

4.3 Comparison with Baseline Models

IS0 3297:2007 Certified

TABLEIL COMPARISON OF FACIAL DETECTION METHODS
Model Accuracy | Precision | Recall | F1-
(%) (%) (%) Score

(%)

Faster R-CNN 95.3 94.7 95.1 94.9

YOLOv4 96.1 95.8 96.2 96.0

SSD300 97.2 96.9 97.0 97.1

Proposed SSD- | 98.2 97.5 98.1 97.8

InceptionV3

4.4 Graphical Analysis

The accuracy and loss curves indicate a stable improvement, with
training loss approaching near-zero by the final epoch, confirming
effective model generalization.

4.5 Real-Time Implementation

The system was tested on a real-world dataset, demonstrating fast and
accurate object recognition, making it suitable for deployment in
assistive technology applications.

Fig 2: Objects Detection

Above figure represents an object detection result performed using a
deep learning-based model. The model has successfully identified
two objects within the image: a cat and a person. Each detected object

ISSN (Online) 2456-3293

is enclosed within a bounding box, with the cat outlined in purple and
the person in orange. Additionally, the model assigns confidence
scores to each detection, indicating the level of certainty in its
classification. The cat is detected with an 86.24% confidence score,
while the person is identified with a 72.93% confidence score. These
scores suggest that the model is more confident in recognizing the cat
compared to the person.

Fig 3: Objects Detection

The image demonstrates an object detection model recognizing a
chair (86.59% confidence) and a fifty-rupee currency note. Bounding
boxes highlight the detected objects, showcasing the model's ability
to identify both general objects and currency. This system is useful
for visually impaired individuals, enabling accurate currency

recognition for daily transactions.

an o197

el Vl.nul e Woded 1 70

person: 99.77%
persom@l9.65%

Aranlanae

Fig 4: Objects Detection

The detection is likely achieved using a deep learning-based
object detection algorithm such as YOLO (You Only Look Once),
SSD (Single Shot MultiBox Detector), or Faster R-CNN. These
models are widely used for real-time object detection and
classification tasks due to their efficiency and accuracy. The
relatively lower confidence score for the person may indicate
challenges in feature extraction, possibly due to variations in lighting,
occlusion, or overlapping objects within the scene.

To train Inception we took 15 epoch so in above graph x-axis
represents epoch and y-axis represents accuracy and loss values and
in above graph green line represents accuracy and red line represents
loss and we can see with each increasing epoch accuracy get increase
and loss get decrease and at final epoch accuracy reached to 100%
and loss reached to 0. So this proves that inception is train efficiently
to detect all classes
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SSD-Inception V3 Accuracy & Loss Graph
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The proposed deep learning-based object detection framework
achieved high accuracy in recognizing objects and currency notes.
The SSD300 and InceptionV3 hybrid model demonstrated over 98%
accuracy, ensuring reliable real-time detection. Performance
evaluations, including accuracy, precision, and loss analysis,
confirmed the effectiveness of the system. The graphical analysis
indicated steady improvements in classification accuracy over
training epochs. Additionally, real-world testing validated the
model’s robustness in diverse environments, making it suitable for
assistive applications.

CONCLUSION

This study successfully integrated SSD300 and InceptionV3 to
enhance object detection, particularly in currency recognition for
visually impaired individuals. The results indicate that deep learning-
based models significantly improve recognition accuracy and real-
time detection efficiency. The proposed system can assist in daily
transactions, reducing dependency on external support. Future
enhancements may include expanding the dataset with new currency
notes, optimizing the model for edge devices, and incorporating real-
time speech output for improved accessibility. To further improve the
effectiveness of the proposed deep learning-based object detection
framework, several enhancements can be incorporated. First,
expanding the dataset to include newer currency notes and additional
object categories will enhance the model's adaptability to real-world
scenarios. Second, optimizing the model for edge devices and mobile
platforms will enable real-time processing, making it more accessible
for visually impaired individuals. Additionally, integrating speech-
based feedback and multi-language support will enhance usability by
providing verbal confirmation of recognized objects. Further
advancements in lightweight deep learning architectures can reduce
computational complexity while maintaining high accuracy. Lastly,
real-time deployment in wearable assistive devices can significantly
improve independence and convenience for users.
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