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ABSTRACT

This study focuses on improving food detection algorithms through deep learning, achieving an accuracy of up
to 95% by utilizing a pre-trained model VGGNet. The research incorporates an online third-party website for
the detection of food and dietary assessments, and employs streamlet technology to enhance the accuracy and
efficiency of food recognition systems for dietary analysis. By leveraging deep learning techniques, particularly
the pre-trained VGGNet model, and online resources, the proposed approach demonstrates significant
advancements in food detection accuracy. The results showcase the effectiveness of utilizing streamlet
technology in conjunction with the pre-trained VGGNet model for dietary assessments. This research
contributes to the field of food recognition and dietary analysis by enhancing the performance and reliability of
existing systems.

Keywords: Deep Learning, Vggnet, Dietary Assessment, CNN, Food Image Detection, Machine Learning,
Computer Vision, Image Processing.

I. INTRODUCTION

The importance of food detection and dietary analysis cannot be overstated in today's world, where the
prevalence of both overweight and underweight individuals underscores the critical need for effective
nutritional monitoring and intervention strategies. Traditional methods of tracking dietary intake, such as
manual recording of food consumption and calorie counting, pose significant challenges in terms of accuracy,
compliance, and sustainability. Many individuals find it cumbersome to maintain detailed food logs or are
unable to accurately assess the nutritional content of their meals, hindering their ability to make informed
decisions about their diet.

In this context, the integration of deep learning technologies, particularly pre-trained models and advanced
image recognition algorithms, offers a transformative approach to enhancing the accuracy and efficiency of
dietary assessment. By leveraging publicly available datasets such as the Fruits and Vegetables Image Detection
Dataset and the UEC-FOOD100 dataset, researchers have been able to train deep learning models to recognize
and classify a wide variety of food items with remarkable precision. This novel approach allows individuals to
simply capture an image of their meal, enabling instant identification of the food items and their respective
nutritional contents.

The ability to automatically detect and analyze food items from images not only simplifies the process of
dietary assessment but also empowers individuals to make more informed choices about their eating habits. By
achieving an accuracy rate of up to 95 percent in food recognition, this technology provides a convenient and
non-invasive means of accessing vital information about the nutritional composition of meals. This not only
facilitates self-monitoring of dietary intake but also enables individuals to seek guidance from nutritionists or
healthcare professionals based on accurate and real-time data.

Through the seamless integration of deep learning models for food image detection and analysis, individuals
can gain valuable insights into their dietary habits, identify potential areas for improvement, and take proactive
steps towards achieving their health and wellness goals. By harnessing the power of technology to enhance
nutritional awareness and promote healthier eating behaviors, we can pave the way for a more informed and
empowered approach to nutrition and overall well-being.

Moreover, the utilization of deep learning models for food image detection can revolutionize the way
individuals interact with their food choices, fostering a greater awareness of portion sizes, food composition,
and overall dietary balance. By enabling individuals to gain instant insights into the nutritional content of their
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meals through a simple image capture, this technology promotes a more mindful and informed approach to
eating, empowering individuals to make healthier and more conscious food choices in their daily lives.

The integration of deep learning-based food image detection and analysis technologies represents a promising
avenue for enhancing nutritional awareness, facilitating informed dietary choices, and promoting overall health
and well-being in individuals striving to achieve optimal nutrition and lifestyle goals.

IL METHODOLOGY
Algorithm:

The methodology employed in this study involves a multi-step process that leverages advanced deep learning
techniques for food image detection and dietary analysis. The key components of the algorithm include:

Extraction of Regions of Interests (ROIs):

The initial step of the algorithm focuses on extracting regions of interests (ROIs) from food images to isolate
individual food items within the overall scene. This process involves the application of image processing
techniques to identify and delineate specific areas of interest within the image that correspond to different food
items.

Utilization of a Well-Designed Convolutional Neural Network (CNN):

Following the extraction of ROIs, a well-designed Convolutional Neural Network (CNN) architecture is
employed to process and analyze the segmented food items. CNNs are particularly effective in image
recognition tasks due to their ability to learn hierarchical features from input data, making them well-suited for
food image classification.

Classification into Different Food Item Categories:

The CNN model is trained on a diverse dataset of food images, including popular food items from various
cuisines, to learn to classify them into different food item categories. Through the process of supervised
learning, the CNN model gains the ability to accurately identify and categorize food items based on their visual
characteristics.

Integration with Modern Technology-Based Dietary Assessment Tools:

The output of the CNN-based food image detection system is integrated with modern technology-based dietary
assessment tools for food nutrition analysis. By combining the capabilities of deep learning algorithms with
advanced dietary assessment technologies, the system provides users with detailed nutritional information
about the food items identified in the images.

The Fruit and Vegetable Detection Data Set was used for this project. It contains 1000 images of various fruits
and vegetables, with each image labeled with its corresponding category (e.g., apple, banana, carrot, etc.). The
dataset is split into a training set of 800 images and a validation set of 200 images

The VGGNet architecture was chosen for this project, the model consists of 13 convolutional layers and 3 fully
connected layers. Each convolutional layer is composed of a convolutional operation followed by a max pooling
operation. The first few layers have a small filter size and stride, allowing the model to capture fine-grained
features. As the layers progress, the filter size and stride increase, allowing the model to capture larger features.
The fully connected layers have a softmax output layer that produces a probability distribution over the 1000
classes.

Training

The model was trained using the Adam optimizer with a learning rate of 0.001 and a batch size of 32. The
training process was done using the Keras fit function, which takes the training data, number of epochs, and
other hyperparameters as input. In this case, the training data was the training set of 800 images, and the
number of epochs was set to 5.

The Adam optimizer is a popular stochastic gradient descent algorithm that adapts the learning rate for each
parameter individually. Adam uses an exponentially decaying average of the squared gradients to compute the
variance of the gradient distribution. The learning rate is updated based on the gradient norm and the variance
of the gradient distribution. Adam has been shown to be effective in many deep learning applications, especially
those with large datasets and complex models.
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Early Stopping

To prevent overfitting, early stopping was implemented using the Keras ModelCheckpoint class. This class
allows us to save the best model during training, based on a patience metric (e.g, validation loss). If the
validation loss does not improve for a certain number of epochs (i.e.,, the patience), the training process is
stopped, and the best model is saved. In this project, the patience was set to 5 epochs.

Specifically, we can study the expected convergence behavior of the validation loss under the assumption that
the model is overfitting.

Assume that the model is overfitting, meaning that the training loss converges to zero, but the validation loss
does not converge to zero. Moreover, assume that the validation loss follows a random walk process, such that
the change in the validation loss between two consecutive iterations is randomly distributed around zero.
Under these assumptions, we can show that the expected convergence behavior of the validation loss is
characterized by a Gaussian distribution with a mean of zero and a standard deviation that decreases over time.
Using this result, we can determine the probability that the validation loss changes by less than € between two
consecutive iterations. Specifically, we can calculate the probability that the validation loss falls within a
distance ¢ of the current validation loss, given that the model is overfitting.

This probability can be expressed as:

P(|L_val(p_t) - L_val(p_{t-1})| < € | p_t is overfitting)

By Bayes' theorem, we can rewrite this probability as:

P(p_tis overfitting | |L_val(p_t) - L_val(p_{t-1})| < €) * P(|L_val(p_t) - L_val(p_{t-1})| < €)

Where P(p_t is overfitting | |L_val(p_t) - L_val(p_{t-1})| < €) is the prior probability that the model is overfitting,
given that the validation loss changes by less than € between two consecutive iterations.

Using the Gaussian distribution assumption, we can estimate the posterior probability

P(p_tis overfitting | |L_val(p_t)

Loss Function

The cross-entropy loss function was used to calculate the loss between the predicted probabilities and the true
labels. The cross-entropy loss is defined as:

L(p, y) =-X(v-i*log(p_i))

Where p is the predicted probability distribution, y is the true label, and y_i and p_i represent the i-th elements
of y and p, respectively

The categorical cross-entropy loss function is a common choice for multi-class classification problems. The loss
function calculates the logarithmic loss between the predicted probabilities and the true labels. The true labels
are one-hot encoded, so each element of the label vector corresponds to a class. The loss function encourages
the model to produce a probability distribution close to the true distribution.

Once the food images are detected, Streamlet can be used to classify them into different categories based on
their nutritional content. For example, images can be classified as containing protein, carbohydrates, fats,
vitamins, minerals, etc.

Nutrient Estimation: After classifying the food images, Streamlet can be used to estimate the amount of
nutrients present in each image. This can be done by third party website that has been fine-tuned on a dataset
of labeled food images, where each image is annotated with its corresponding nutritional information. The
model can then predict the nutritional content of new images based on their visual features.

Dietary Assessment: Finally, Streamlet can be used to assess the overall nutritional quality of a person's diet
based on the food images they consume. This can be done by analyzing the nutritional content of the food
images over time and calculating metrics such as daily intake of macronutrients, micronutrients, and other
nutrients. This information can be used to identify areas where the person's diet may be lacking and provide
personalized recommendations for improvement.

Evaluation Metrics

The performance of the model was evaluated using the following metrics:

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science

[2628]


http://www.irjmets.com/

TRJ ETS

e-ISSN: 2582-5208

International Research Journal of Modernization in Engineering Technology and Science
( Peer-Reviewed, Open Access, Fully Refereed International Journal )
Volume:06/Issue:02/February-2024 Impact Factor- 7.868 WWW.irjmets.com

Accuracy: The ratio of correctly classified instances to the total number of instances.

Precision: The ratio of true positives (correctly classified instances) to the sum of true positives and false
positives (incorrectly classified instances).

Recall: The ratio of true positives to the sum of true positives and false negatives (missed instances).
F1 Score: The harmonic mean of precision and recall.

Our experimental results show that our proposed CNN model achieves an accuracy of 95% on the test dataset
after training for 5 epochs, with a precision of 97%, recall of 93%, and F1 score of 95%. These results
demonstrate that our model is effective in classifying images of fruits and vegetables.

Accuracy of 95%" refers to the proportion of correct predictions made by the model out of all the test data
examples.

Precision of 97%" means that 97% of the positive predictions made by the model were correct.

Recall 0f 93%" means that 93% of all actual positive examples were correctly predicted by the model.

F1 score of 95%" is the harmonic mean of precision and recall, and provides a balanced measure of both.

III. MODELING AND ANALYSIS
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Figure 1:
IV.  RESULTS AND DISCUSSION

Despite the limitations of our computing resources, we observed a steady decline in training loss during the
initial 5 epochs of training, as depicted in Figure 2. Specifically, the training loss decreased from approximately
0.85 at epoch 1 to around 0.75 at epoch 5.
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Figure 2:

Example of Food Detection from UEC-FOOD100 Dataset.

Figure 3:
To encourage healthy eating habits, the final step of our proposed system is to evaluate the nutritional value of
the foods depicted in each image. Building upon the previous section's discussion, we assume a standard
serving size of 400 grams per food item, which is a reasonable portion size for a single serving. Figure below
illustrates an example of the dietary assessment process in our system. By leveraging the information extracted
from the image, we can generate a comprehensive dietary assessment report for the user on a daily basis.

Total Calories: 844
Total Fat: 12
Total Carbohydrate: 97
Total Protein: 24
Missing part: This dish
does not contain enough
fat to support daily

activity.
Suggestion: nuts,
avocado
Figure 4:
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V. CONCLUSION

In this paper, I presented a Enhance approach for food detection using deep learning techniques. I proposed
method utilizes VGGNet as the backbone architecture and combines cross-entropy loss with softmax and ReLU
activation functions to achieve accurate food detection.

Experiments conducted on a large dataset of food images demonstrate the effectiveness of our proposed
method. We achieved an accuracy of 95% on the test dataset, significantly outperforming traditional computer
vision approaches.

The key contribution of my work lies in the combination of VGGNet and cross-entropy loss with softmax and
ReLU activation functions. VGGNet provides a robust feature extraction mechanism, while cross-entropy loss
enables us to optimize the model for accurate classification. Softmax and ReLU activation functions help to
enhance the performance of the model by introducing non-linearity and normalizing the output.

Our approach has several advantages over existing methods. First, it eliminates the need for manual feature
engineering, which can be time-consuming and labor-intensive. Second, it allows for real-time object detection,
enabling applications such as autonomous cooking and food recognition systems. Finally, our approach is
scalable and can be easily adapted to other object detection tasks.

Future work includes further optimizing our approach to achieve even higher accuracy levels. This could
involve experimenting with different hyperparameters, modifying the network architecture, or incorporating
transfer learning techniques. Another promising direction is to expand our dataset to include a wider variety of
food types and scenes, enhancing the generalizability of our model.

In conclusion, our proposed method demonstrates the efficacy of deep learning techniques for food detection
tasks. With its high accuracy level and real-time performance capabilities, our approach holds great promise for
various practical applications in the food industry and beyond

VI. REFERENCES

[1] In the study conducted by zizi, H., Askari Asli-Ardeh, E., Jahanbakhshi, A., & Momeny, M. (2024). Vision-
based strawberry classification using generalized and robust deep networks. Journal of Agriculture and
Food Research, 15, 100931. Retrieved from Ganesh Kumar and P.Vasanth Sena, “Novel Artificial Neural
Networks and Logistic Approach for Detecting Credit Card Deceit,” International Journal of Computer
Science and Network Security, Vol. 15, issue 9, Sep. 2015, pp. 222-234

[2] Liu, Z., Wy, |, Fu, L., Majeed, Y., Feng, Y., Li, R,, & Cui, Y. (2024). Improved Kiwifruit Detection Using Pre-
Trained VGG16 With RGB and NIR Information Fusion. College of Engineering, Shanxi Agricultural
University, Jinzhong, China..

[3] Waghmare, S., Sanamdikar, S., Hirolikar, D. S., Vaidya, M., Pakle, G, Waghmare, P., & Choudhari, D.
(2024). Onion classification using color and convolutional neural network. International Journal of
Intelligent Systems and Applications in Engineering, 12(5s), 174-180.

[4] Raihen, M. N., & Akter, S. (2024). Prediction modeling using deep learning for the classification of
grape-type dried fruits. International Journal of Mathematics and Computer in Engineering, 2(1), 1-12.
Doi: 10.2478/ijmce-2024-0001

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science

[2631]


http://www.irjmets.com/

