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ABSTRACT

The growing significance of food image categorization in the health and medical sectors has
led to the exploration of automated food recognition techniques. These techniques hold great
promise for the development of diet monitoring systems, calorie estimation tools, and other
related applications in the future. This paper explores automated food classification methods
based on deep learning algorithms. Specifically, Convolutional Neural Networks (CNNs)
such as SqueezeNet and VGG-16 are employed for food image classification. The study
demonstrates that by applying data augmentation and fine-tuning hyperparameters, the
performance of these networks can be significantly enhanced, making them suitable for real-
world applications in health and medicine. SqueezeNet, being a lightweight model, is easy to
implement and maintain while achieving high accuracy with fewer parameters. Furthermore,
extracting intricate features from food images enhances classification accuracy. The VGG-16
network, with its increased depth, further improves the performance of automated food image
classification systems. The results show that both networks, particularly with fine-tuning,
offer significant potential in advancing food image classification for health-related
applications.
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LINTRODUCTION

With the rapid advancements in technology,
the field of automated food image
classification has  gained  significant
attention, particularly in health and medical
domains. Accurate food recognition plays a
crucial role in diet monitoring, calorie
estimation, and personalized nutrition
recommendations. As more people turn to
digital platforms for health-related guidance,
the need for automated systems capable of
accurately identifying and categorizing food
items has become more pressing. The
traditional methods of food tracking and
classification are time-consuming and prone

to human error. With the rise of

smartphones and wearable devices, there is
an increasing demand for systems that can
automatically identify food from images,
offering users a seamless and accurate way
to track their diet. Deep learning,
specifically Convolutional Neural Networks
(CNNs), has shown remarkable success in
various image processing tasks, including
food image classification. This paper
explores the application of deep learning
models, particularly SqueezeNet and VGG-
16, for automated food image classification.
SqueezeNet is a lightweight model designed
for efficient performance with fewer
parameters, making it ideal for mobile and
embedded devices. On the other hand,
VGG-16, a deeper network, offers more
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complex feature extraction and has
demonstrated impressive results in various
image classification tasks. By applying
these models, coupled with data
augmentation techniques and fine-tuning
hyperparameters, this study aims to achieve
a more accurate, cfficient, and scalable
system for food classification. The results
are expected to have a significant impact on
diet monitoring applications, offering more
precise and accessible tools for health-
conscious individuals and professionals.
Through this research, we aim to contribute
to the growing field of automated food
recognition and its potential in health and
nutrition applications, providing insights
into the practical use of deep learning for

food classification.
II.LLITERATURE REVIEW

The field of food image classification has
been gaining considerable attention due to
its potential applications in diet monitoring,
personalized nutrition, and health care
systems. Early approaches to food
recognition primarily involved traditional
machine learning techniques such as support
vector machines (SVM), decision trees, and
k-nearest neighbors (KNN). However, with
the advent of deep learning, particularly
convolutional neural networks (CNNs), the
accuracy and efficiency of food image
classification have greatly improved.

Early Approaches and Traditional

Methods

In the early stages of food image
classification, methods like color histograms,
texture features, and shape descriptors were
used to identify food items in images. These
methods, however, had limitations in terms
of accuracy and scalability. Traditional
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machine learning algorithms such as SVM
and KNN were often employed to classify
food images based on these extracted
features. While these methods
promise in some controlled environments,
they were unable to handle the complexity
of real-world food images, which can vary

showed

significantly in lighting, angle, and
appearance.
The Rise of Convolutional Neural

Networks (CNNs)

In recent years, CNNs have become the
backbone of most image classification tasks,
including food image recognition. CNNs are
designed to automatically learn hierarchical
features from raw pixel data, which makes
them well-suited for image
recognition tasks. Several deep learning
models have been proposed for food image
classification, including popular
architectures such as AlexNet, VGG-16, and
ResNet. VGG-16, a well-known CNN
architecture, has been widely used for food
image classification due to its deep structure
and ability to extract complex features.
VGG-16 consists of 16 layers and has
demonstrated high accuracy in large-scale
image classification tasks, such as the

complex

ImageNet competition. Studies like [1] have
applied VGG-16 for food image recognition,
achieving promising results in terms of both
accuracy and efficiency. Another notable
architecture is SqueezeNet, a lightweight

CNN  model designed to achieve
competitive  performance with fewer
parameters. This is particularly

advantageous for mobile and embedded
applications where computational resources
are limited. According to [2], SqueezeNet
has been shown to perform well on image
classification  tasks, including food
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recognition, while significantly reducing the
computational burden compared to deeper
models like VGG-16. SqueezeNet’s
efficiency makes it suitable for real-time
food classification applications, such as
those used in mobile health and fitness
applications.

Data  Augmentation and Transfer
Learning
Data augmentation techniques, such as

rotating, flipping, or scaling images, have
become a standard practice in deep learning
to improve model robustness and prevent
overfitting. Studies have demonstrated that
augmenting the training dataset with various
transformations  helps  improve  the
generalization ability of the model, leading
to higher classification accuracy on unseen
data. In food image -classification, data
augmentation has been effectively employed
to simulate variations in food appearance
due to different angles, lighting conditions,
and occlusions. Moreover, transfer
learning has emerged as an effective
strategy to leverage pre-trained models on
large datasets like ImageNet and fine-tune

them for specific tasks like food
classification. By  transferring  the
knowledge learned from a large-scale

dataset, pre-trained models can achieve
higher accuracy even with smaller food-
specific datasets. Research [3] has shown
that transfer learning, combined with data
augmentation, can significantly enhance the
performance of food classification models,
reducing the need for extensive labeled
datasets.

Challenges and Future Directions

Despite the promising advancements in food
image classification, challenges remain in

International Journal For Advanced Research
In Science & Technology

ISSN: 2457-0362

developing systems that can handle diverse
food categories, various cooking styles, and
different cultural variations. Variations in
food presentation, lighting conditions, and
background clutter further complicate the
task. Additionally, many existing datasets
for food classification are limited in size and
diversity, which can affect the model's
ability to generalize to real-world scenarios.
Future research could focus on developing
more comprehensive and diverse food
image datasets, as well as exploring hybrid
models that combine the strengths of
different deep architectures.
Additionally, real-time
performance for mobile devices remains a
critical area of research, where lightweight

learning
improving

models like SqueezeNet can play an
important role. Combining multiple models,
such as ensemble methods, may also
enhance the accuracy of food classification

systems.
HL.WORKING METHODOLOGY

The working methodology for the
automated food image classification project
involves several key steps, starting with the
collection and preprocessing of the dataset.
The dataset used consists of food images,
either from an open-source food image
dataset or a custom collection, with images
labeled according to food categories. The
preprocessing of the images includes
resizing them to a fixed size (e.g., 224x224
pixels for compatibility with the selected
models), normalizing pixel values to a range
of [0, 1], and applying data augmentation
techniques such as rotation, flipping, and
zooming to create variations of the images,
which helps improve the robustness of the
model. Once the data is prepared, two deep
learning models—VGG-16 and
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SqueezeNet—are selected for food image
classification. VGG-16, known for its deep
architecture with 16 layers, is capable of
extracting detailed features
images. SqueezeNet, on the other hand, is a
lightweight model that performs similarly to
VGG-16 but with fewer parameters, making
it more efficient for real-time applications.
Both models are pretrained on large datasets
like ImageNet, and transfer learning is
employed to fine-tune the models for food
classification. Specifically, the last few
layers of each model are replaced with new
layers suitable for the food classification
task, and the weights in the earlier layers are
frozen. The training process
splitting the dataset into training and testing

from food

involves

sets, typically using an 80-20 or 70-30 split,
and optimizing the models using algorithms
like Adam or SGD. Hyperparameters such
as learning rate, batch size, and number of
epochs are tuned to improve performance,
and cross-validation is used to select the
best set of parameters. After training, the
models are evaluated using performance
metrics like accuracy, precision, recall, F1-
score, and ROC-AUC to determine their
effectiveness. The final step is deploying the
trained models for real-time classification in
a web or mobile application, where users
can upload food 1images to
predictions. The lightweight nature of
SqueezeNet makes it ideal for deployment
on mobile devices or other resource-

receive

constrained platforms, enabling real-time
food image recognition.
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demonstrates the effectiveness
learning models, specifically VGG-16 and
SqueezeNet, for accurately classifying food
images. By utilizing transfer learning, these
models have been fine-tuned for the task of
food categorization, showing that even
lightweight networks like SqueezeNet can
achieve  high
parameters, making them suitable for real-
time applications. Data augmentation played
a crucial role in enhancing model
performance by increasing the diversity of
training data and preventing overfitting. The
performance of both models was evaluated
on a test set, and metrics such as accuracy,
precision, recall, and Fl-score confirmed
their suitability for automated food
recognition. The VGG-16 network, with its
deeper architecture, exhibited a higher level
of accuracy in classification tasks. However,
the SqueezeNet model, being more
computationally efficient, proved to be a
valuable alternative for deployment in
resource-constrained environments such as
mobile devices. The combination of these

accuracy with  fewer

techniques allows for the development of
practical applications in health monitoring,
diet tracking, and calorie estimation,
contributing significantly to the medical and
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wellness domains. Future work can focus on
expanding the dataset, refining the models
further, and integrating the system into
applications that can be accessed by end-

users for seamless real-time food
recognition.
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