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ABSTRACT: This research addresses the challenge of classifying food images, which are prevalent on social media
but often disorganized. Using convolutional neural networks (CNNs), was explored both training from scratch and
transfer learning with pre-trained models. Employing the Food-101 dataset, was tested several models, including
AlexNet, VGG16, ResNet50, and InceptionV3.

I. INTRODUCTION

As the saying goes, "we eat with our eyes." With the surge of social media platforms like Instagram, which now boasts
500 million daily active users, our digital interactions have become increasingly image-driven. Food images, in
particular, dominate these platforms, with over 360 million photos tagged with #food. These images significantly
influence dining experiences, food festivals, cooking classes, and the burgeoning trend of gastro- tourism. A 2015
survey revealed that 88% of respondents consider food a defining factor in selecting travel destinations.

Despite their prevalence, most food images remain unlabeled or poorly organized, complicating the food search and
discovery process. This project aims to address this issue by employing convolutional neural networks (CNNs) to
classify food images, thereby enhancing image labeling and clustering by dish. Improved food image classification can
revolutionize digital food experiences, offering better recommendations and search functionalities. The objective of this
study is to develop a model that, given an image of a dish, accurately categorizes it by label. Through this work, we aim
to contribute to the broader field of image classification and improve the organization and usability of food images on
digital platforms.[1]

II. RELATED WORK

In recent years, there has been a significant surge in research focused on food image classification, driven by
advancements in deep learning and the increasing availability of large-scale datasets. Traditional image classification
techniques, which rely on handcrafted features and conventional machine learning algorithms, have been largely
surpassed by convolutional neural networks (CNNs) due to their superior ability to automatically learn and extract
hierarchical features from raw images. Notable contributions in this domain include the Food-101 dataset introduced by
Bossard et al., which has become a standard benchmark for evaluating food classification models. Various deep
learning architectures have been explored for this task, including AlexNet, VGGNet, and ResNet, each demonstrating
varying degrees of success.

III. METHODOLOGY
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The methodology for classifFyigin. 1g. Tfoheodpro impoasgedesfraumsi enw gorckotnovreoclougtnioizneathl enfeouor
dailtenmestwfroomrkism (aCgeNs.Ns) involves several key steps, as outlined in the proposed flow diagram in the
paper. Here's a detailed explanation of each step [1]

A. Food Image Database

Dataset Selection: The Food-101 dataset is chosen for this work. This dataset includes 101,000 images across 101
food categories, with each category containing 750 training images and 250 test images. The images have been resized to a
uniform size of 299x299 pixels.

B. Image Preprocessing

Image Preprocessing Techniques: Several preprocessing techniques are applied to the images to enhance the
performance of the CNN:

e Rotation Range: Images are randomly rotated by up to 45 degrees to account for different angles.

Width Shift Range: Images are horizontally shifted by 20% to allow for variations in horizontal alignment.
Height Shift Range: Images are vertically shifted by 20% to allow for variations in vertical alignment.
Horizontal Flip: Images are randomly flipped horizontally to increase pattern diversity.
Fill Mode: Points outside the image boundaries are filled using a reflect mode.
Random Crop Size: All images are cropped to 299x299x3 to ensure compatibility with the network input.

C. Neural Network Configuration
Google Inception V3 Model: The architecture of the neural network is based on the Google Inception V3 model, which
has been pretrained on ImageNet. The network configuration includes several layers:

e AvgPool: An AveragePooling2D layer with a pool size of 8x8 to reduce variance and computational
complexity.

e Convolution: A Convolution2D layer with input size 299x299x3 to create feature maps by convolving input

data.

MaxPool: A MaxPooling2D layer to extract important features like edges.

Concat: A layer to concatenate multiple input blobs into a single output blob.

Dropout: A Dropout layer with a rate of 0.4 to prevent overfitting.

Fully Connected: Fully connected layers to connect every neuron in one layer to every neuron in another.

Softmax: A Softmax layer to output a probability distribution over the classes.

D. Image Processing to CNN

e Reshaping Images: All images are resized to 299x299x3 before being fed into the CNN.

e Global Average Pooling: This function is applied to take the average of all features in an image, reducing
dimensionality.

e Dense Function: Defines the dimensionality of the output space.

e Dropout: A fraction rate of 0.5 is used on input units to avoid overfitting.

o Softmax Activation: Used to determine the actual class from the set of possible classes by selecting the one
with the highest probability.

E. Neural Network Training

Training Process: The Stochastic Gradient Descent (SGD) with a rapidly decreasing learning schedule is used for
training the neural network. The CNN is trained using the preprocessed images, and the trained model is then used for
classifying new images based on the patterns and features learned during training.

F. Analysis and Future Directions
e Testing the System: The trained model is tested using the test set of the Food-101 dataset to evaluate its
performance.
e  Comparison with Other Models: The performance of the proposed CNN-based model is compared with
other feature-based models to validate its effectiveness.
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G. Testing and Comparison
Additional analysis is performed to identify and improve the performance of the system, and potential directions for future
research are discussed.[1]

IV. CONCLUSION

This research paper investigated the use of convolutional neural networks (CNNs) for food image classification,
focusing on the Google Inception V3 model and the Food-101 dataset. The study demonstrated that CNNs, with
appropriate preprocessing techniques and architectural design, can effectively classify food images across various
categories. The model achieved promising results, showing strong accuracy and robustness, highlighting its potential
applications in areas like automated dietary monitoring and food-related commerce. Future research could further
enhance the model's performance through additional data augmentation, architecture optimization, or expanding the
dataset.

V. THE DATASET

The dataset employed in this research is the Food-101 dataset, a comprehensive collection curated to facilitate the
development and evaluation of food image classification models. Introduced by Bossard et al., the Food-101 dataset
consists of 101 distinct food categories, each represented by 1,000 images, amounting to a total of 101,000 images. The
images encompass a wide range of food items, capturing significant intra-class variability due to differences in
presentation, ingredients, and preparation styles. This variability makes the Food-101 dataset an ideal benchmark for
testing the robustness and generalization capabilities of food classification algorithms.[2]

The dataset is organized into training and testing sets, with each category comprising 750 training images and 250 testing
images. The training images are annotated with food labels and contain varying degrees of noise, including occlusions,
non-food items, and poor lighting conditions, which simulate real-world scenarios and present additional challenges for
classification models. The testing images are clean and serve as a benchmark for evaluating model performance under
ideal conditions.

To prepare the dataset for training, several pre-processing steps were undertaken. Images were resized to a standard
resolution to ensure uniformity and to facilitate the training process.[1] Data augmentation techniques, such as random
cropping, rotation, and flipping, were applied to the training images to artificially expand the dataset and improve the
model's generalization ability. These augmentations help the model to learn invariant features and become more
resilient to variations in the input data.

VI. RESULTS AND DISCUSSION

The results of this research demonstrate significant advancements in the accuracy and robustness of food image
classification using the proposed deep learning-based system. By leveraging Convolutional Neural Networks (CNNs)
and innovative pooling techniques, the model achieved a substantial improvement in classification performance on the
Food-101 dataset.

The accuracy of the model was evaluated on the testing set of the Food-101 dataset, and the results indicated a top-1
accuracy of 87.5% and a top-5 accuracy of 95.3%. These results showcase the model's capability to correctly identify the
top candidate food items with high precision. The performance gains can be attributed to the effective use of data
augmentation techniques, which enhanced the model's ability to generalize to new and unseen images.[4]

Furthermore, the introduction of innovative pooling techniques contributed to the model's enhanced performance. These
techniques helped in capturing and preserving essential features from the images, leading to better classification
outcomes. The model's robustness was also tested against various challenging conditions, such as occlusions, different
lighting conditions, and non-standard food presentations, where it consistently maintained high accuracy.

A comparative analysis with existing state-of-the-art models revealed that the proposed system outperformed them in

terms of both accuracy and computational efficiency. The model's architecture, which balances depth and parameter
efficiency, ensures that it can be deployed on devices with limited computational resources without compromising
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performance.

In addition to quantitative results, qualitative analysis was conducted by visualizing the feature maps and decision
boundaries of the CNN. This analysis provided insights into the model's learning process and highlighted the
discriminative features it used for classification. The visualizations revealed that the model effectively learned to focus
on key characteristics such as texture, color, and shape, which are crucial for distinguishing between different food
categories.[5]

In conclusion, the results underscore the efficacy of the proposed deep learning-based system for food image
classification. The model's high accuracy, robustness to variations, and efficiency make it a valuable tool for practical
applications in the food industry, such as automated menu recognition, dietary monitoring, and culinary content analysis.
Future work will focus on further refining the model, exploring additional datasets, and extending the approach to multi-
label classification scenarios.
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