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Abstarct: 

Nutrition estimation from food images helps in understanding calorie and nutrient intake without using 

laboratory methods. Traditional chemical techniques are slow, costly, and destroy the food sample, whereas 

image-based methods are fast and non-destructive. This project uses RGB and Depth images along with a 

deep-learning model to accurately estimate calories, protein, fat, and carbohydrates. The system adopts the 

Swin Transformer for feature extraction and an Adaptive Feature Fusion and Enhancement (ADFE) module 

to combine RGB–D information effectively. Detailed-information enhancement and semantic information 

enhancement further improve feature quality. Experiments on the Nutrition5k dataset show that the model 

provides reliable nutrition prediction, making it useful for daily food analysis and health monitoring.  
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1.Introduction

Healthy eating habits play an important role in 

preventing physical and mental health problems. 

Many studies show that poor dietary patterns are 

strongly linked to diseases such as obesity, 

diabetes, depression, and heart-related issues. To 

improve eating behaviour, it is essential to 

accurately estimate the nutritional content of 

foods, including calories, fat, protein, and 

carbohydrates. Traditional nutrition analysis 

methods such as chromatography, 

spectrophotometry, and chemical testing are 

accurate but require special equipment, 

professional expertise, and often destroy the food 

sample. Therefore, they are not suitable for daily 

food analysis. With advancements in artificial 

intelligence and computer vision, image-based 

nutrition estimation has become a fast, non-

destructive, and more practical solution. Vision-

based systems use food images captured from 

mobile devices to estimate nutritional values, 

making them convenient for personal health 

monitoring. However, many early methods relied 

only on RGB images and failed to utilize 

important 3D spatial information. To overcome 

these limitations, recent research focuses on 

multimodal approaches that combine RGB images 

http://www.ijerst./


Int. J. Engg. Res. & Sci. & Tech. 2026 
 

 

 

ISSN 2319-5991                                www.ijerst.org               Vol. 22, No. 2, 2026              2250 

 

with depth information to improve accuracy. 

Models such as Swin Nutrition, Google-Nutrition, 

and fusion networks have shown better 

performance by integrating spatial and visual 

features. Motivated by these developments, our 

project uses RGB–Depth images along with the  

Swin Transformer and an Adaptive Feature 

Fusion and Enhancement (ADFE) model to 

extract richer features and produce more accurate 

nutrition predictions. This system aims to support 

healthy eating habits and contribute to the 

development of modern food analysis and 

precision nutrition.

2. Literature Survey: 

[1] Food Item Calorie Estimation using YOLOv4 

and Image Processing . This work focuses on 

estimating food calories using deep learning 

models like YOLO and image processing 

techniques. It detects food items, estimates 

portion size, and calculates calories using 

nutrition databases. The system improves 

accuracy compared to manual methods. It 

supports automated and efficient dietary 

monitoring. 

[2] Food Volume Estimation using 3D Projection 

and Wire Mesh . This study estimates food 

volume using 3D image projection and geometric 

modeling techniques. YOLO-based detection 

identifies food items, while wire-mesh and 

calibration methods estimate portion size. The 

system improves volume accuracy from 2D 

images. It enables better calorie estimation with 

minimal user effort. 

[3] Food Recognition and Volume Estimation 

using Deep Learning.This approach uses CNNs 

and models like YOLO and Swin Transformers 

for food recognition. It estimates portion size 

using geometric and 3D techniques. Nutritional 

values are calculated using databases like USDA. 

The system enhances automated dietary tracking 

accuracy. 

[4] Ingredient-Based Food Calorie Estimation 

System . This system focuses on ingredient-level 

analysis for accurate calorie estimation. It 

combines image processing, nutrition knowledge, 

and databases to calculate food values. Multi-

modal features like brightness and heat improve 

accuracy. It provides detailed nutrition insights 

beyond simple dish recognition. 

[5] Food Image-Based Calorie Estimation using 

Multi-Feature Fusion . This method integrates 

deep learning with ingredient analysis and multi-

feature fusion. It uses visual cues like texture, 

brightness, and structure for better estimation. The 

system calculates calories, proteins, and fats 

accurately. It improves performance over 

traditional single-feature models. 

[6] Advanced Multi-Feature Fusion for Nutrition 

Estimation . This study combines deep learning, 

ingredient recognition, and multi-feature fusion 

techniques. It uses models like CNN, YOLO, and 

Swin Transformers for detection. Volume 

estimation and nutrition mapping are done using 

databases. The system provides detailed and 

accurate dietary analysis. 

[7] Ingredient-Based Food Recognition using 

Deep Learning . This research focuses on 

recognizing ingredients using region-based and 

multi-task learning. It improves accuracy in 

complex food images with mixed ingredients. 

Volume estimation techniques are also applied for 

calorie calculation. It enhances real-world dietary 

assessment systems. 

[8] Measuring Calorie and Nutrition from Food 

Image . This work uses image processing and 
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machine learning to estimate food calories. It 

analyzes features like color, texture, and size for 

food identification. Advanced segmentation 

improves accuracy. The system reduces manual 

effort in diet tracking. 

[9] Estimating Food Amount in a Circular Bowl 

This study focuses on estimating food quantity in 

bowls using single images. It models bowl 

geometry and applies image processing 

techniques. The approach reduces dependency on 

reference objects. It improves portion estimation 

in real-world scenarios. 

[10]  Multi-Task Deep Learning for Ingredient 

Recognition . This work uses multi-task and 

region-wise deep learning to identify ingredients 

in food images. It handles complex dishes with 

mixed components. Large datasets improve model 

performance. It enhances calorie estimation 

accuracy through better ingredient detection. 

[11] Prediction of Mental State from Food Images 

. This study explores the relationship between 

food habits and mental health using meal images. 

It analyzes patterns like portion size and meal 

frequency. Deep learning helps extract behavioral 

insights. It extends food analysis beyond nutrition 

to lifestyle monitoring. 

[12] Review of Food Recognition and Volume 

Estimation Systems. This paper reviews AI-based 

food recognition and volume estimation methods. 

It discusses techniques like segmentation, 

classification, and 3D reconstruction. Strengths 

and limitations of existing approaches are 

analyzed. It highlights challenges in real-world 

applications. 

[13] Food Recognition and Calorie Prediction 

using Deep Learning . This system uses CNNs and 

classifiers like SVM for food recognition. It 

detects food items and estimates calorie values 

automatically. The approach simplifies dietary 

tracking. It supports healthier lifestyle 

management. 

[14] Food Nutrition Estimation using Machine 

Learning. This study uses machine learning to 

estimate food calories from images. It applies 

CNNs for segmentation and volume estimation. 

The system automates dietary tracking. It helps 

reduce obesity and improve health awareness. 

[15]  Food Recognition and Calorie Estimation 

using Deep Learning.This approach uses CNN-

based models for accurate food identification. It 

calculates calorie values based on recognized 

items. The system is user-friendly and efficient. It 

promotes healthy eating habits through 

automation. 

[16]  Food Calorie Estimation with Spoilage 

Detection . This system combines deep learning 

with IoT sensors to detect food spoilage and 

estimate calories. It uses image recognition for 

classification. Sensors monitor freshness levels. It 

ensures both food safety and nutritional analysis. 

[17] Img2Calories – Image-Based Nutrition 

Estimation . This application estimates calories 

from food images using deep learning. It works 

with smartphone images and social media photos. 

The system provides instant nutritional 

information. It simplifies calorie tracking for 

users. 

[18]Smart Nutrition Monitoring using Edge 

Computing. This system integrates AI with edge 

computing for real-time food analysis. It performs 

food recognition, segmentation, and calorie 

estimation. Edge devices improve speed and 

efficiency. It reduces dependency on manual 

tracking. 
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[19]Adaptive Feature Fusion for Food Nutrition 

Estimation .This study proposes a Swin 

Transformer-based model for improved feature 

extraction. It combines RGB and depth data using 

adaptive fusion techniques. The system enhances 

accuracy in nutrition estimation. It outperforms 

traditional CNN-based methods. 

3. Architecture 

The architecture of the Food Nutrition & Calorie 

Estimation System is designed to process food 

images and accurately predict nutritional values 

using deep learning-based feature and e extraction 

and fusion techniques. The system follows a 

modular pipeline structure, ensuring scalability, 

high accuracy, and efficient processing. The 

architecture begins with the User Interface, where 

the user uploads a food image. This image then 

passes to the Image Preprocessing Module, where 

noise removal, resizing,normalization, and 

enhancement operations are performed to improve 

model readiness. 

 

4. Algorithm and Techinques 

1) Swin Transformer 

Swin Transformer is used for feature extraction 

using a hierarchical vision transformer 

architecture. It processes images in shifted 

windows to capture both local and global features 

efficiently. It performs better than CNNs in 

handling complex patterns like texture and shape 

variations. It extracts meaningful features from 

both RGB and depth images. 

2) Detail Information Enhancement (DIE) 

DIE enhances low-level features such as edges, 

textures, and fine details in food images. It helps 

differentiate between visually similar food items. 

This improves feature clarity and precision. As a 

result, overall model accuracy is increased. 

3) Semantic Information Enhancement (SIE) 

SIE focuses on improving high-level semantic 

features like shape and category of food items. It 

helps the model understand the overall structure 

and context of the image. This improves food 

recognition capability. It works together with 

detailed features for better predictions. 

4) Adaptive Feature Fusion and Enhancement 

(ADFE) 

ADFE combines features from RGB and depth 

images into a unified representation. It assigns 

importance to different features adaptively. This 

improves the integration of visual and spatial 

information. As a result, prediction accuracy and 

system performance are enhanced. 

5. Proposed system: 

The system provides a well-structured, simple, 

and user-friendly graphical interface that enables 

smooth interaction between the user and the 

application. Each form is designed to perform a 

specific function in the workflow, ensuring ease 

of use and efficient processing of food images. 

Home Page:   

The Home Page serves as the entry point of the 

application. It displays the project title, brief 

description, and navigation options to access 

different functionalities of the system. It may also 

include instructions or guidelines for users on how 

to use the application. This page ensures that even 
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first-time users can understand the workflow 

easily. 

 

Upload Form: 

The Upload Form allows users to input food 

images into the system. Users can upload RGB 

images and, if available, corresponding depth 

images for better accuracy. The form supports file 

selection, preview options, and validation to 

ensure correct image formats. This step is crucial 

as the quality of input images directly affects the 

accuracy of the results. 

 

Processing Page: 

The Processing Page displays the current status 

of the system while the uploaded images are 

being analyzed. It shows messages such as 

“Processing,” “Feature Extraction,” or “Model 

Running” to keep users informed. This page 

improves user experience by providing feedback 

and preventing confusion during computation. 

 

 

 

Result page  

The Result Page presents the final output of the 

system in a clear and structured format. It displays 

predicted nutritional values such as calories, 

proteins, fats, and carbohydrates. Additional 

details like identified food items and estimated 

portion size may also be shown. The results are 

organized in a readable format (tables or labels) to 

help users easily understand their dietary 

information. 

 

6.Result Analysis: 

The result analysis of the proposed system is 

carried out to evaluate its performance in 

estimating nutritional values from food images. 

The system processes both RGB and Depth 

images and predicts values such as calories, fat, 

carbohydrates, and protein. The performance of 

the model is analysed by comparing the predicted 

nutritional values with the actual values available 

in the dataset. The results show that the system 

produces accurate and consistent predictions for 

most of the food items. The use of Depth 

information along with RGB images helps in 

better understanding of food portion size, which 

improves the estimation accuracy. The integration 

of the Swin Transformer plays a significant role in 

extracting meaningful features from the images. It 

captures both local details and global patterns 

effectively. Additionally, the enhancement 
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modules such as Detail Information Enhancement 

(DIE) and Semantic Information Enhancement 

(SIE) improve the quality of features by focusing 

on fine details and high-level information. The 

Adaptive Feature Fusion and Enhancement 

(ADFE) module further improves the 

performance by combining features from different 

sources. This fusion helps the system to generate 

more precise and reliable outputs. The system also 

performs well under different testing conditions. 

It handles normal inputs efficiently and provides 

appropriate outputs for low-quality or unclear 

images. In cases of invalid input, the system 

responds with suitable error messages, ensuring 

robustness. Overall, the experimental results 

indicate that the proposed system achieves good 

accuracy with low error rates. The model is 

efficient, stable, and suitable for real-time food 

nutrition estimation applications. 

 

7. Conclusion: 

The testing and validation results indicate that the 

proposed system performs effectively under 

different conditions. The system is capable of 

processing various types of food images and 

generating consistent and reliable nutritional 

predictions. During testing, the system 

successfully handled different scenarios such as 

valid inputs, invalid files, low-quality images, and 

missing inputs. In all cases, the system responded 

appropriately by either generating accurate results 

or displaying suitable error messages. The 

validation results show that the model achieves 

good accuracy with low error rates. The use of 

both RGB and Depth images improves the 

prediction performance by providing better 

understanding of food structure and portion size. 

The integration of Swin Transformer for feature 

extraction, along with DIE, SIE, and ADFE 

modules, enhances the overall efficiency and 

accuracy of the system. These components help in 

extracting meaningful features and combining 

them effectively for 20 better predictions. Overall, 

the system is stable, reliable, and efficient. It can 

be effectively used for real time food nutrition 

estimation and has potential applications in diet 

monitoring and health management.  
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