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ABSTRACT

This research explores the integration of computer vision and artificial intelligence (Al) for food detection and volume
estimation to enhance nutritional analysis. As chronic diseases like obesity, diabetes, and cardiovascular conditions rise,
accurate monitoring of food intake becomes critical. Traditional methods such as self-reported food diaries have
limitations in precision and reliability. By using deep learning models, particularly Convolutional Neural Networks
(CNNs) and object detection algorithms like YOLOv11, food items can be detected and segmented from images,
followed by volume estimation to determine portion sizes. This approach allows for automated, real-time analysis of
food consumption, reducing biases from self-reported data and offering more accurate assessments of nutritional
content. The research highlights the potential of combining food recognition, volume estimation, and nutritional
databases to calculate calorie and macronutrient information. By addressing challenges such as food shape variation and
dataset diversity, these Al-powered systems can be further refined to improve accuracy and generalization across
different food types and cultural cuisines. This methodology has the potential to revolutionize dietary tracking, offering
real-time, personalized nutrition management, benefiting individuals, healthcare professionals, and large- scale studies.
The findings suggest that with continued advancements, food detection and volume estimation systems could play a
crucial role in public health strategies for better dietary management.

Keywords: (Food Detection, Volume Estimation, Nutritional Analysis, Convolutional Neural Networks, YOLOv,
Dietary Tracking)

1. INTRODUCTION

Food detection and volume estimation are essential aspects of nutritional analysis, particularly in an era where there is
an increasing focus on health and wellness. As the prevalence of chronic diseases such as obesity, diabetes, and
cardiovascular conditions rise, it is crucial to develop accurate and reliable methods for monitoring and analyzing food
intake. Traditional techniques, like self-reported food diaries and questionnaires, often suffer from biases, inaccuracies,
and subjectivity, limiting their effectiveness in providing precise nutritional data. To address these limitations, the
integration of computer vision and artificial intelligence offers a promising solution for food analysis. Specifically,
image-based food segmentation and volume estimation have garnered significant attention in recent years. This
approach utilizes deep learning algorithms, such as Convolutional Neural Networks (CNNs), to detect and segment food
items in images, followed by volume estimation to calculate the portion sizes of food. These advancements enable
automated, real-time analysis of food consumption, reducing the reliance on self-reported data and improving the
accuracy of nutritional evaluations. By estimating the volume of food items and linking this data to nutritional
databases, the system can provide precise information on the calorie and macronutrient content of a meal. This research
explores the potential of combining CNNs with object detection models like YOLOv11 to enhance food detection and
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volume estimation, providing an efficient tool for personalized dictary tracking, healthcare management, and large-scale
dietary studies. As this technology evolves, it could revolutionize the way we approach nutrition, offering practical
solutions for healthier eating habits and improved public health outcomes.

2.  RELATED WORK

The need for accurate dietary assessment has never been greater, as nutrition plays a pivotal role in the prevention and
management of various health conditions, such as obesity, diabetes, and cardiovascular diseases. Traditional methods of
dietary assessment, such as food diaries and self-reported questionnaires, have inherent limitations including
inaccuracies, biases, and time-consuming procedures. Several recent studies have explored the potential of using
technology, particularly computer vision and deep learning models, to address these challenges. For example, Fotios

S. Konstantakopoulos et al. (2024) [10] highlighted the role of computer vision in real-time nutrient estimation through
food images captured by smartphones. They systematically reviewed food image segmentation, classification, and
volume estimation methods, discussing the strengths and weaknesses of various techniques. The integration of these
methods enables the automatic analysis of food items, which could revolutionize dietary assessment and provide more
accurate insights for managing chronic diseases. Similarly, Wei Wang et al. (2022) [5] focused on Vision-Based Dietary
Assessment (VBDA), presenting multi-stage architectures involving food image analysis, volume estimation, and
nutrient derivation. They highlighted the progress made toward end-to-end dietary assessment models, which simplify
the workflow and improve accuracy, paving the way for real-time dietary tracking.

Several researchers have incorporated deep learning techniques, particularly Convolutional Neural Networks (CNNs), to
enhance food detection and volume estimation accuracy. Kalliopi V. Dalakleidi et al. (2022) [15] conducted a thorough
review of image-based food recognition systems (IBFRS) that combine mobile camera data with deep learning
algorithms. They found that CNNs outperformed other methods, especially when dealing with large food image
datasets. These systems segment food images, classify food types, and estimate volumes and nutrients, thus improving
dietary monitoring. Lameck Mbangula Amugongo et al. (2022) [17] also acknowledged the importance of CNNs in food
recognition, noting that mobile-based solutions for food recognition and volume estimation can significantly help
individuals manage their diets and health. Their study emphasizes the potential of mobile apps, leveraging CNNs, to
make dietary assessment more accessible and user-friendly, especially in healthcare settings. They also pointed out the
need for applications to provide explanations for their predictions to improve user trust, which remains a challenge for
many mobile-based solutions. Furthermore, Peihua Ma et al. (2022) [16] demonstrated the practical application of deep
learning models in dietary assessment by developing a food image database (ChinaMartFood-109) and applying deep
convolutional neural networks for food nutrient estimation. Their study, which utilized the InceptionV3 model, showed
significant improvements in food classification accuracy, achieving top-1 and top-5 accuracy rates of 78% and 94%,
respectively. Such progress in deep learning techniques enhances the accuracy and scalability of food detection systems.

In addition to advancements in food detection and volume estimation, researchers have highlighted the importance of
food volume estimation in the accuracy of nutritional analysis. Druwil Jain et al. (2024) [11] introduced the "Food Diet
Recaller App - FDRA," which utilizes Al and computer vision to estimate food quantity and nutritional content. This
app uses the InceptionV3 model for image classification, achieving high accuracy in food recognition. The app
calculates food volume based on linear-shaped items, allowing for accurate estimation of nutritional content. This study
emphasizes the growing role of Al-powered apps in dietary management, offering users real-time insights into their food
intake. Afnan Ahmed Crystal et al. (2024) [12] explored the role of automated technologies in reducing the burden of
diet monitoring, particularly for chronic disease management such as diabetes. They systematically reviewed food
image recognition systems (FIRS) and noted the potential of these systems in improving diet tracking, with many tools
offering suggestions for better meal planning. This review further emphasizes how mobile vision- based technologies
can simplify and automate food intake tracking, eliminating the errors and biases inherent in manual reporting methods.
These automated systems are especially valuable in managing diseases that require precise diet control, such as diabetes,
where carbohydrate tracking is essential. Finally, Sushant Kaushal et al. (2024) [13] underscored the growing
importance of vision-based technologies in improving the accuracy and efficiency of nutritional evaluation. They
highlighted the remarkable performance of deep learning models in food classification and nutrient estimation,
advocating for the integration of computer vision and Al to revolutionize the future of dietary assessment.
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The literature reveals a consistent trend toward developing robust, accurate, and user-friendly food detection and
volume estimation systems based on Al and computer vision. Researchers have made significant strides in developing
methodologies that can automatically identify and segment food items, estimate their volume, and calculate their
nutritional content. However, challenges remain, such as the need for more comprehensive food image datasets, the
ability to handle various food shapes and sizes, and the integration of real-time analysis in diverse environments. As
highlighted by Jamalia Sultana et al. (2023) [14], the variability in food presentation and occlusions presents obstacles

for image-based food analysis, requiring the development of more robust algorithms that can handle different
conditions. The large-scale deployment of these technologies in mobile applications could lead to better personalized
nutrition management and assist healthcare professionals in providing more precise dietary advice. Additionally, the
development of large food image datasets, such as those discussed by Peihua Ma et al. (2022) [16], and the
incorporation of advanced data augmentation techniques will be critical in overcoming the current limitations of food
recognition models. Future research should focus on enhancing the scalability and generalizability of food recognition
systems, ensuring their accuracy across different cultural food groups, and improving user trust through transparent
explanations of predictions. As mobile technology and deep learning continue to evolve, the integration of food
detection and volume estimation tools will likely become an indispensable part of everyday health management,
offering a more accurate and efficient way to monitor and optimize nutrition.

3.  METHODOLOGY

The process for food detection and nutritional estimation shown in figure 1 typically involves following key steps

— Input Image

Food Recognition

Volume Estimation

Calories Count

Fig.1 Food Detection and Nutritional Estimation Process Flow

Input Image The process starts with capturing an image of the food item. This image can be taken using a smartphone,
camera, or any imaging device. The quality and clarity of the image are important for accurate recognition and analysis.
The captured image serves as the input for the subsequent stages.

Food Recognition: This step involves identifying the type of food present in the image using a Convolutional Neural
Network (CNN) model. The image is preprocessed (resized, normalized, etc.) and passed through a trained CNN model
designed to classify different food types. The model identifies the food item by analyzing its visual features, enabling the
system to recognize whether the item is, for instance, an apple, rice, or pizza. Food recognition is essential, as the type of
food will influence the volume, weight, and calorie estimations.

Volume Estimation: Once the food type is identified, the next step is to estimate its volume. This can be achieved
through various techniques, such as stereo-based methods, model-based approaches, or depth-camera measurements. For
example:

Depth Camera-Based Approach: Depth sensors like Time of Flight (TOF) cameras can capture depth information,
allowing for direct volume estimation.
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Image-Based Techniques: Mecthods like perspective transformation or stereo images can approximate the volume

based on shape and size.

Calories Count: After estimating the volume and weight of the food, the system can calculate the calorie content. It
does this by referencing a nutritional database that provides calorie information per gram for various food items. By
multiplying the weight with the calorie value per gram, the total calorie content of the food item is determined. This step
completes the nutritional analysis by providing a calorie count, which can then be displayed or logged for the user.

4. RESULTS

Mask

Fig.2 Image and Mask Comparison of a Pizza

The figure 2 shows an image of a pizza on the left, with toppings such as pepperoni and olives clearly visible. On the
right, the corresponding mask highlights different areas of the pizza, using color-coded regions to represent various
components of the pizza, such as the pepperoni slices (marked in pink) and other elements (possibly the crust or olives) in
different shades. This mask serves as a simplified version of the original image, potentially used for segmentation or

analysis purpose.

+v Downloading data from btps://storsge. soogleanis. con/tensorflow/kerss-applications resnet /reseet ) weights
162967424/ 102967428 I fus/st20

1] e 36 055820
Domnloading data from bttps://storss

3536335363

Top 3 Predictions:

¥ valily

diasondback: 33,568
piza: B.AR

\ v
hognase snake: 13.864

Fig.3 Top Predictions for an Image Classification Model

The figure 3 displays the output from an image classification model, showing the top three predictions for a given
image. The model predicts the highest likelihood for the class "diamondback" at 33.56%, followed by "pizza" at
25.43%, and "hognose snake" at 13.86%. This suggests that the image may resemble a "diamondback" more closely
than the other categories, despite "pizza" being another plausible label based on the model's prediction.
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Fig.4 Model Predictions and Mask Image for Pizza

The figure 4 shows a matrix of numerical values, likely representing model predictions or feature activations, followed by
a pizza image labeled "New Mask Image for Inspection” at the bottom. The matrix of numbers may correspond to pixel-
level confidence values or a segmented mask that the model has generated, while the pizza image serves as the visual
reference being analyzed. These outputs could be part of a machine learning model inspecting or classifying parts of the

pizza based on the input image.

Fig.5 Multi-class Segmentation of the Food Image

The figure 5 shows a segmented image of a pizza with different regions highlighted in a distinctive color, representing the
application of multi-class segmentation to the food image. This segmentation method breaks the image into distinct
classes or components, making it easier to identify and analyze individual elements like toppings, crust, or other features

within the pizza.
Uploaded Image 2

Fig.6 Two Different Views of Pizza
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The figure 6 image displays two different shots of pizza: one of a whole pizza on a wooden tray with some seasonings
and a drink beside it, and the other of a single slice of pepperoni pizza with a beer and seasoning bottles in the
background. These images showcase different presentations of pizza, offering a variety of views from a full pizza to a

f 2y
e,
¢ IJSREM
@ g International Journal of Scientific Research in Engineering and Management (I]SREM)

close-up of a slice ready to be enjoyed.
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Fig.7 Cooking Broccoli in a Pan

The figure 7 image depicts a close-up of broccoli being sautéed in a pan with steam rising, and a blue spatula stirring the
mixture. The highlighted text on the image indicates that the software has recognized broccoli in the scene with a
confidence score of 0.41. This suggests that the system is identifying the broccoli as an object in the cooking process,

though the recognition confidence is relatively low.
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Fig.8 Sautéing Broccoli in a Pan with Multiple Object Recognition

The figure 8 shows a pan with broccoli being cooked, with two separate areas highlighted by the object detection
system, indicating the recognition of broccoli with confidence scores of 0.36 and 0.41. This suggests that the system is
identifying and labeling the broccoli in the pan, though with relatively low confidence, as seen in the differing

confidence levels for each recognition box.
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plate_diameter_cm = 25
plate_diameter_piwels = 200

scale_Tactor = plate_dismeter_cm / plate_dismeter_pixels
print(f Scale factor: scale _factor cm per pixel")

Tood_area_am2 = Tood_area_pixels * (scale_factor ** 2)
print(f'Estimated Area (in cm?): [food_area_cm2}")

Scale factor) @,125 cm per pixel
Estimated Ares (in cm®): 13141.25%

food_height_cm = 2

food_volume _cmd = food_ares_cm2 * food_height_cm
print(f"Estimated Volume (in em?*) food_volume_cm3) ")

Eatimated Volume (in cm*): 26282.5%

Fig.9 Estimation of Food Area and Volume from Image Data

The figure 9 image displays Python code used to estimate the area and volume of food based on pixel measurements.
The code first calculates the scale factor from the known diameter of a plate, then uses it to estimate the area of the food

in square centimeters and its volume in cubic centimeters, with an assumed food height.
nutrition = food_nutrition[food_type.lower()]

rint(f"Nutritional information for {food type}:")

rint(f"Calories: {nutrition['calories']} kcal")

rint{f"Protein: {nutrition['protein']} g")

rint(f"Fat: {nutrition['fat']} g")

rint(f"Carbs: {nutrition['carbs']}

[
p
D
r
D
r
D
P
"
0 g
F o )

print(f“Nutritional information for {food_type} not found.")

v Nutritional information for pizza:
Calories: 285 kcal

Protein: 12 g

Fat: 10 g

Carbs: 36 g

Fig. 10 Displaying Nutritional Information for Food Type

The figure 10 image shows Python code that retrieves and displays nutritional information based on the food type
entered. In this case, the code successfully retrieves and prints the nutritional details for pizza, including calories,
protein, fat, and carbs, by referencing a dictionary of food data.

5. CONCLUSION

Food detection and volume estimation for nutritional analysis hold significant promise in enhancing dietary monitoring
and personalized health management. By leveraging advanced computer vision techniques and deep learning models,
such as Convolutional Neural Networks (CNNs) and object detection algorithms like YOLOv11, it is possible to
accurately detect food items and estimate their portion sizes in real-time. This approach eliminates the reliance on self-
reported data, which is often prone to inaccuracies and biases, thus offering a more objective and efficient method of
assessing dietary intake. The integration of these technologies into mobile applications and wearable devices can
empower users to track their food consumption more effectively, enabling better health decisions and disease
management, particularly for chronic conditions like diabetes, obesity, and cardiovascular diseases.

Moreover, the methodology combining food recognition, volume estimation, and nutritional content calculation
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provides a comprehensive tool for assessing food intake. The ability to segment food items and estimate their volume
with high accuracy directly impacts the precision of nutritional analysis, such as calorie counting and macronutrient
breakdown. Studies reviewed in this paper demonstrate the potential of CNNs to outperform traditional methods,
providing significant improvements in food classification and volume estimation accuracy. Furthermore, the integration
of depth-sensing technologies and stereo-based methods for volume estimation enhances the overall accuracy of the
system, offering more reliable insights into food intake. This technology, in combination with vast food image datasets,
contributes to improving the scalability and generalizability of food recognition models across diverse cuisines and food
presentations.

In conclusion, the continuous development of food detection and volume estimation systems powered by Al and
computer vision is poised to revolutionize the field of nutritional analysis. As these systems evolve, their accuracy and
applicability will expand, providing critical tools for individuals, healthcare professionals, and researchers. Future
research should focus on overcoming challenges such as variations in food presentation, dataset diversity, and model
transparency. With these advancements, automated, real-time food analysis could become an indispensable part of
public health strategies, aiding in personalized nutrition management and enabling more accurate dietary assessments
across various populations.
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