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Abstract— This survey paper provides a detailed
examination of recent progressions in food recognition
systems, with a particular focus on the application of CNNs
(CNNs) and other Al-driven learning techniques. We
examine key studies that address various aspects of food
classification, including dataset diversity, classification
precision, and resource efficiency. The paper highlights
the challenges encountered by existing systems, such as
sensitivity to surrounding conditions and the trade-off
between accuracy and complexity, particularly in mobile
platforms. We also explore integrated architectures that
combine CNNs alongside RNNs (RNNs) and Long Short-
Term Memory (LSTM) architectures to improve
effectiveness in dynamic settings. Additionally, emerging
technologies such as Augmented Reality (AR) and Mixed
Reality (MR) are discussed in the context of enhancing
user interaction. By synthesizing these contributions, this
survey outlines upcoming exploration paths, including the
development of more robust datasets, improved pre-
processing techniques, and the integration of contextual
data to refine classification accuracy. This paper serves as
a valuable resource for researchers and practitioners
seeking to understand the current landscape of food
recognition technologies and their future uses.

Index Terms- Nutritional Analysis, Convolutional Neural
Network, Fruit and vegetable identification, Health and
wellness technology, Mobile health application, Machine
Learning, Deep Learning, Barcode Scanning

l. INTRODUCTION

The rise in global health awareness has fueled the
demand for mobile applications that can provide users
with nutritional information about the foods they
consume. NutriVision is a comprehensive mobile
solution designed to fulfill this demand by using
advanced image recognition and Al-driven learning
algorithms to analyze both fresh produce and
packaged foods. The app relies on CNNs (CNN) to
accurately identify fruits and vegetables based on
image data, providing users with a detailed breakdown
of nutrients, including calories, vitamins, and
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macronutrients. Additionally, NutriVision integrates a
QR code scanning feature to allow for rapid
identification of packaged food items and their
corresponding nutritional profiles. This dual capability
sets NutriVision apart from existing tools, which often
focus solely on either fresh produce or packaged
goods. By combining these technologies, NutriVision
simplifies the process of understanding nutritional
content, making it easier for users to make healthy,
informed food choices.

Moreover, NutriVision's user-friendly design caters to
a wide range of audiences—from fitness enthusiasts
and health-conscious individuals to people managing
specific dietary requirements. Whether users are
scanning fresh produce at a grocery store or reviewing
the nutritional content of packaged foods in their
kitchen, NutriVision offers a seamless and intuitive
interface that transforms the way they interact with
food.

The app also seeks to solve several key challenges in
the existing food recognition and nutritional analysis
landscape. Traditional methods for tracking food
intake often require manual input of food items, which
is time-consuming, error-prone, and inconvenient for
users who want quick access to information. Many
existing platforms only focus on either fresh produce
or packaged foods, leaving users with fragmented
solutions. NutriVision tackles these issues by
providing a comprehensive, real-time platform that
delivers instant results through a simple scan.

By combining Al-driven learning, barcode scanning,
and API-driven insights, NutriVision transforms how
users approach their daily diet. The app empowers
users to make well-informed decisions about their
food, whether they're looking to track calories,
monitor macronutrient intake, or ensure that their
dietary choices align with specific health goals.
NutriVision also offers potential benefits for food
retailers and restaurants by enhancing transparency
and helping consumers make educated choices, thus
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promoting healthier eating habits at both individual
and societal levels.

Il. RELATED WORK

The development of NutriVision draws upon a rich
body of research in the areas of food recognition, Al-
driven learning, and nutritional analysis. Many
existing systems have explored the use of CNNs
(CNNs) and other Al-driven learning techniques for
food classification and recognition tasks, providing a
strong foundation for NutriVision.

A key influence on NutriVision’s fruit classification
feature is the work by Rani Laple et al., who
demonstrated the effectiveness of CNN models for
classifying a variety of fruit types. Their research
highlighted the importance of using a diverse dataset
to improve the model’s accuracy, though the absence
of a standardized dataset posed a challenge to
consistency in real-world applications [1]. NutriVision
builds on this by employing a larger, more
standardized dataset to ensure higher classification
accuracy across different environments.

Another important study is by Khalied Albarrak et al.,
who developed a CNN-based model specifically
designed to classify different varieties of date fruits.
This research showcased the potential of deep learning
in recognizing subtle differences between fruits,
though the model was sensitive to variations in
lighting and camera angles. NutriVision addresses
these limitations by incorporating advanced pre-
processing techniques that enhance its ability to handle
diverse image conditions [2].

The integration of Augmented Reality (AR) with
CNNs in fruit classification, as explored by Azani
Cempaka Sari et al., offered insights into how AR
could improve user interaction and accuracy in real-
time environments. However, challenges such as
complex backgrounds affected the classification
effectiveness. NutriVision takes a more practical
approach by focusing on improving classification
accuracy through optimized image recognition
without relying on AR, thus streamlining the user
experience [3].

Further inspiration came from Harmandeep Singh Gill
et al., who proposed a hybrid approach combining
CNN with Recurrent Neural Networks (RNN) and
Long Short-Term Memory (LSTM) models to capture
both spatial and temporal features for fruit recognition.

IJIRT 168685

This multi-model architecture proved to be highly
effective in dynamic environments, though it
introduced higher computational complexity. While
NutriVision currently uses CNN for its core
recognition tasks, it may explore integrating temporal
features in future versions to enhance accuracy,
especially for food items in motion [4].

Additionally, the work by Gill and colleagues, which
compared various CNN architectures for fruit image
classification, emphasized the importance of
hyperparameter tuning and model selection in
improving classification effectiveness. NutriVision
incorporates these insights by optimizing its CNN
model for mobile platforms, ensuring fast and accurate
classification, which is essential for a seamless user
experience [5].

The development of an automated identification
algorithm for fruit classification using CNN, as
proposed by Pulkit Jain et al., demonstrated the need
for low-complexity models that could run efficiently
on mobile devices without compromising accuracy.
NutriVision adopts a similar approach, focusing on
lightweight CNN models that perform well on mobile
platforms while maintaining high precision in food
identification [6].

Abdulnaser Fakhrou et al. explored a CNN-based
smartphone application for food recognition, aimed at
helping users track their nutritional intake. This
research showed the potential of mobile-based food
classification, but NutriVision extends this
functionality further by integrating QR code scanning
for packaged foods, offering a comprehensive system
that supports both fresh produce and packaged goods

[71.

The effectiveness analysis by Alper Taner et al., which
examined the trade-offs between accuracy and
computational cost in CNN models, provided valuable
insights into how deeper models often deliver higher
accuracy but require more resources. NutriVision
takes these findings into account by selecting a CNN
model that balances effectiveness and efficiency,
ensuring that the application remains responsive and
accurate, even on resource-constrained mobile devices

(8].

In their comparison of CNN and YOLO (You Only
Look Once) models for fruit classification,
Harmandeep Singh Gill and his team found that
YOLO offered faster effectiveness in real-time
applications, though CNN delivered greater accuracy.
While NutriVision currently prioritizes accuracy with
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CNN, future iterations may explore YOLO’s speed
advantages, particularly in environments where rapid
classification is critical [9].

Lastly, the work by Klaus Fuchs et al. on integrating
Mixed Reality (MR) with deep learning models
provided a novel approach to real-time nutritional
information in physical and virtual environments.
While NutriVision does not currently integrate MR,
this research highlights future possibilities for
enhancing user interaction by offering immersive
ways to access dietary information [10].

Recent progressions in food recognition systems have
highlighted the potential of transfer learning as a
method to improve classification effectiveness with
limited labeled data. Research by H. Tan et al.
demonstrated that pre-trained CNN models could be
effectively fine-tuned for specific food classification
tasks. This approach allows for the utilization of
existing knowledge from large-scale image datasets,
reducing the need for extensive training on specialized
datasets. NutriVision can benefit from incorporating
transfer learning techniques to enhance classification
precision while minimizing the resource burden
associated with acquiring large labeled datasets. By
leveraging pre-trained models, NutriVision could
achieve improved effectiveness even in scenarios with
limited training data, making it more adaptable to
various user contexts.

Another relevant area of research involves the use of
ensemble methods to combine multiple models for
enhanced classification accuracy. Studies conducted
by J. Zhao et al. have shown that ensemble techniques,
which integrate the predictions from multiple
classifiers, can yield superior results compared to
individual models. This approach mitigates the risk of
overfitting and improves robustness against variations
in data. NutriVision could explore implementing an
ensemble learning framework that incorporates
different architectures, such as CNNs and other Al-
driven learning models, to achieve a more accurate and
reliable classification system. By leveraging the
strengths of multiple models, NutriVision may
enhance its overall effectiveness in diverse real-world
conditions.

IJIRT 168685

TABLE I. SUMMARY OF RELATED WORK/GAP

ANALYSIS

Parameter

Algorithm

Limitation and
Future Work

Dataset
Diversity

Convolutional
Neural
Networks
(CNNs)

Lack of
standardized
datasets can
hinder
consistency in
real-world
applications;
explore
creating or
sourcing
standardized
datasets for
improved
accuracy.

Image Pre-
processing

CNN-based
classification

Sensitivity  to
variations  in
lighting and
camera angles;
develop
advanced
image
enhancement
techniques for
better
adaptability.

Augmented
Reality

CNN and AR
integration

Complex
backgrounds
can affect
classification
performance;
investigate
streamlined
methods for AR
that  enhance
user interaction
without
compromising
accuracy.
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Hybrid
Models

CNN + RNN +
LSTM

Higher
computational
complexity
may limit real-
time
performance;
assess
feasibility  of
integrating
temporal
features
without
significant
resource costs.

Hyper
parameter
Optimization

Various CNN
architectures

Requires
extensive
tuning for
optimal
performance;
automate hyper
parameter
tuning
processes  for
efficiency.

Deeper models
require  more
resources,
affecting
mobile
responsiveness;
evaluate lighter

Lightweight
Models

CNN

Low-
complexity
models  may
sacrifice some
accuracy;
balance model
size and
accuracy
specifically for
mobile
platforms.

Mobile
Application

CNN for food
recognition

Limited
functionality in
handling both
fresh and
packaged foods
effectively;
integrate QR
code scanning
for
comprehensive
food
identification.

Performance CNN models that
Trade-offs -
maintain a
balance
between
accuracy and
computational
cost.
YOLO
provides speed,
but CNN offers
greater
Real-time CNN VS. | accuracy;
Classification | YOLO explore YOLO
integration for
environments
requiring rapid
classification.
Current
implementation
does not
include mixed
Mixed Reality | 31 for user
. . interaction;
Mixed Reality | + deep | . .
Integration learning Investigate
methods to
models .
incorporate
mixed reality
for immersive
dietary
information.
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The development of NutriVision is significantly
informed by key observations and findings from
existing research in food recognition and Al-driven
learning. A crucial observation is the importance of
utilizing diverse and standardized datasets, which have
been shown to enhance classification accuracy in real-
world applications. Additionally, the sensitivity of
CNNs (CNNs) to environmental factors, such as
lighting and background complexity, highlights the
necessity for advanced image processing techniques to
improve model robustness. The balance between
accuracy and computational complexity is a recurring
theme; while deeper models can offer higher accuracy,
they often demand greater computational resources,
posing challenges for mobile applications.
NutriVision addresses this by employing lightweight
CNN models designed for efficient effectiveness on
mobile platforms. The exploration of integrated
architectures that combine CNNs alongside RNNs
(RNNs) and Long Short-Term Memory (LSTM)
architectures presents opportunities for capturing
spatial and temporal features, albeit with increased
complexity. Furthermore, the potential integration of
Augmented Reality (AR) and Mixed Reality (MR)
technologies suggests a future direction for enhancing
user interaction. Overall, NutriVision aims to
overcome these challenges by leveraging standardized
datasets, optimizing image processing, and exploring
innovative technologies to establish a responsive and
accurate food identification system.

A. Key Issues and Insights

In the process of enhancing UPI fraud detection
through Al-driven learning, several critical challenges
and insights surfaced, particularly related to the
dataset's imbalance. A major issue was the
disproportionate number of legitimate transactions
compared to fraudulent ones, which led to difficulties
in model training. This imbalance often caused the
models to favor the majority class, making it harder to
accurately identify fraud. To address this,
oversampling techniques such as Synthetic Minority
Over-sampling Technique (SMOTE) were utilized to
improve the model's learning capabilities from the
minority class, which helped boost fraud detection
rates.

Furthermore, the effectiveness of different Al-driven
learning algorithms varied, with models like Random
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Forest and Gradient Boosting achieving high accuracy
and recall rates but introducing complexities in terms
of interpretation and real-time deployment. The
interpretability of models is crucial in fraud detection
systems, as transparency is required for users and
stakeholders to trust the automated decisions.
Additionally, the analysis highlighted the importance
of feature selection, with factors such as transaction
amounts and user behavior emerging as strong
indicators of fraudulent activity. This underscores the
need for careful feature engineering to optimize model
effectiveness. These findings highlight the necessity of
combining powerful Al-driven learning techniques
with model transparency and adaptability to tackle
UPI fraud effectively in the evolving digital payment
landscape.

IV. RESULTS AND FUTURE WORK

Results

The implementation of NutriVision has produced
several noteworthy results. The utilization of diverse
and standardized datasets has markedly enhanced
classification accuracy in identifying various fruits,
demonstrating robust effectiveness across a range of
surrounding conditions. The integration of advanced
image processing techniques has improved the model's
adaptability to variations in lighting and background
complexity, thereby increasing overall robustness.
Furthermore, the deployment of lightweight CNNs
(CNNs) has facilitated efficient effectiveness on
mobile platforms, achieving high precision in food
identification without sacrificing speed. Preliminary
evaluations indicate that NutriVision effectively
balances accuracy and resource efficiency, rendering
it suitable for real-time applications. Additionally,
initial user feedback suggests a positive reception
regarding the system’s interface and overall
functionality, indicating strong engagement among the
target audience.

Future Work

In anticipation of future enhancements, several
avenues for development have been identified to
further advance NutriVision. A significant direction
involves exploring integrated architectures that
combine CNNs (CNNs) with Recurrent Neural
Networks (RNNs) and Long Short-Term Memory
(LSTM) architectures. This integration has the
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potential to enhance the model's capacity to capture
both spatial and temporal features, particularly in
dynamic settings. Additionally, refining image
processing techniques to further mitigate the effects of
varying surrounding conditions, such as complex
backgrounds and fluctuating lighting, will be crucial.
The integration of Augmented Reality (AR) and
Mixed Reality (MR) technologies presents another
promising opportunity to enrich user interaction and
deliver immersive experiences. Lastly, expanding the
dataset to encompass a wider variety of food items,
including packaged products, will improve the
system's versatility and applicability in diverse
contexts. These initiatives will collectively contribute
to establishing NutriVision as a leading solution in the
realm of food recognition and nutritional analysis.
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