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ABSTRACT: Nutrition deficiency is a significant public health issue affecting people of all age groups, particularly in 
developing countries where access to regular medical testing is limited. Deficiencies such as iron, vitamin B12, vitamin 
D, and protein often cause visible changes in facial features, including skin pallor, dark circles, cracked lips, and dull 
appearance. This article presents an AI-based nutrition deficiency detection system using facial images as a non-

invasive screening approach. The system employs computer vision techniques for face detection and preprocessing, 
followed by feature extraction and classification using Convolutional Neural Networks (CNN). By analyzing facial 
regions such as the skin, eyes, and lips, the model predicts possible nutrition deficiencies at an early stage. The 
proposed system is cost-effective, fast, and easy to use, making it suitable for preliminary health screening, 
telemedicine applications, and rural healthcare support. Although it does not replace clinical diagnosis, it can assist 
healthcare professionals in early detection and health awareness. 
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I. INTRODUCTION 

 

In recent years, rapid advancements in Artificial Intelligence (AI) and Computer Vision technologies have significantly 
transformed the healthcare industry. AI-based systems are increasingly being used for disease detection, medical image 
analysis, and health monitoring applications. One of the major global health concerns is nutritional deficiency, which 
occurs when the body does not receive adequate vitamins and minerals necessary for proper growth and functioning. 
Deficiencies such as Vitamin A, Vitamin C, Vitamin B12, Vitamin K, and Iron deficiency can lead to various physical 
and psychological health problems if not identified at an early stage [1]. Many of these deficiencies often show visible 
symptoms on the human face, including pale skin, dark circles under the eyes, dry lips, dull complexion, and rough skin 
texture [3] Traditionally, nutritional deficiencies are diagnosed through laboratory blood tests and clinical examinations 
conducted by healthcare professionals. Although these methods provide accurate results, they require hospital visits, 
medical equipment, trained professionals, and financial resources [4]. In many cases, individuals ignore early facial 
signs due to lack of awareness or accessibility to healthcare services. Therefore, developing a simple, non-invasive, and 
automated screening system for preliminary detection has become an important need in modern healthcare. Automatic 
detection of nutritional deficiencies through facial analysis is a challenging task due to variations in lighting conditions, 
skin tones, facial expressions, and image quality. Traditional rule-based systems are not capable of accurately 
identifying subtle facial patterns associated with different deficiencies [2]. Machine Learning (ML) combined with 
Computer Vision techniques provides an effective solution to overcome these limitations. Deep learning techniques, 
especially Convolutional Neural Networks (CNNs), are highly effective in analyzing image data. These models 
automatically identify important visual features such as shapes, textures, and patterns directly from images without 
manual feature selection. By training on large datasets, CNNs can recognize subtle differences between classes and 
perform accurate image classification based on learned representations. [7]. By using image preprocessing techniques 
and training the model with labelled facial datasets, the system can predict possible nutrient deficiencies from facial 
images [8].This project focuses on developing an AI-based nutritional deficiency detection system that analyzes facial 
images captured through a webcam. The proposed system integrates OpenCV for face detection and TensorFlow with 
Keras for deep learning model prediction. After analyzing the facial features, the system generates an automated 
medical-style report displaying the detected deficiency along with dietary recommendations. The primary aim of this 
approach is to provide a quick, user-friendly, and awareness-oriented screening tool. Additionally, AI-based systems 
can continuously improve their performance with updated datasets and can be integrated into real-time healthcare 
applications for early monitoring and prevention of nutritional disorders [5]. 
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II. LITERATURE REVIEW 

 

2.1 Traditional Medical Diagnosis of Nutritional Deficiency  
Nutritional deficiencies have traditionally been diagnosed through clinical examinations and laboratory-based blood 
tests. Healthcare professionals analyze biochemical parameters to determine the levels of vitamins and minerals in the 
body. These methods are considered accurate and reliable; however, they require specialized laboratory equipment, 
trained medical personnel, and hospital visits. Studies indicate that while laboratory tests provide precise 
measurements, they are often time-consuming, costly, and inaccessible in rural or underdeveloped regions [1]. This 
highlights the need for alternative preliminary screening approaches that are simple and accessible. 
 

2.2 Image Processing in Healthcare Applications 

Image processing techniques have been widely applied in medical diagnosis systems. Researchers have used digital 
image analysis for detecting skin diseases, anemia, eye disorders, and other health conditions by analyzing visible 
patterns in medical images [2]. Techniques such as image segmentation, feature extraction, and color analysis have 
been used to identify abnormalities. These approaches demonstrate that visual characteristics can serve as important 
indicators of underlying health conditions. However, traditional image processing methods rely heavily on manual 
feature selection and predefined rules, which limit their accuracy and scalability. 
 

2.3 Machine Learning for Medical Image Classification 

With the advancement of Machine Learning (ML), researchers shifted towards automated image classification 
techniques. Algorithms such as Support Vector Machines (SVM), Decision Trees, and Random Forest have been used 
for disease detection through image data [3]. These supervised learning models analyze patterns in labelled datasets and 
classify images accordingly. Compared to rule-based systems, machine learning approaches provide improved accuracy 
and adaptability. However, their performance depends significantly on the quality of feature extraction methods. 
 

2.4 Deep Learning and Convolutional Neural Networks (CNN) 
Deep Learning has revolutionized medical image analysis, especially through the use of Convolutional Neural 
Networks (CNN). CNN models automatically extract hierarchical features from images, eliminating the need for 
manual feature engineering [4]. They have been successfully applied in areas such as cancer detection, dermatological 
disease classification, and facial analysis. Research studies show that CNN-based models outperform traditional 
machine learning techniques in image-based diagnosis tasks due to their ability to capture complex visual patterns [5]. 
These advancements support the feasibility of applying CNN models for detecting nutritional deficiencies through 
facial features. 
 

2.5 Computer Vision for Facial Feature Analysis 

Computer Vision techniques have been used to analyze facial characteristics for health assessment. Systems have been 
developed to detect fatigue, anemia, stress levels, and certain vitamin deficiencies by examining facial color 
distribution and texture variations [6]. OpenCV-based face detection combined with image preprocessing techniques 
enables real-time facial image capture and analysis. However, challenges such as lighting variations, diverse skin tones, 
and image noise still affect prediction accuracy. 
 

2.6 Real-Time AI-Based Healthcare Monitoring Systems 

Recent studies emphasize the development of real-time AI healthcare applications that integrate webcam-based 
detection and automated reporting systems [7]. These systems combine image acquisition, preprocessing, model 
prediction, and report generation into a single workflow. The use of web technologies for automated medical report 
generation improves usability and accessibility. However, most existing systems focus on specific diseases rather than 
nutritional deficiency detection. 
 

2.7 Research Gap Identified 

From the literature review, it is observed that while significant research has been conducted in medical image 
classification and AI-based healthcare systems, limited work focuses specifically on detecting nutritional deficiencies 
through facial image analysis. Existing diagnostic methods rely primarily on laboratory tests, and current AI-based 
health monitoring systems do not fully address non-invasive nutritional screening. Therefore, this project aims to 
develop an AI-based system that integrates Computer Vision and Deep Learning techniques for real-time facial analysis 
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and automated report generation. The proposed approach seeks to provide a preliminary, accessible, and user-friendly 
solution for nutritional deficiency awareness and early screening. 
 

III. PROPOSED SYSTEM 

 

The proposed system uses Artificial Intelligence and Computer Vision to detect possible nutritional deficiencies 
through facial analysis. It captures real-time images using a webcam and detects the face using OpenCV. The facial 
image is preprocessed and analyzed by a trained CNN model to predict deficiencies such as Vitamin A, Vitamin C, 
Vitamin B12, Vitamin K, or Iron deficiency. The system then generates an automated report with dietary suggestions. It 
serves as a non-invasive preliminary screening tool for health awareness. 
 

3.1 User Interface and Camera Phase 

The User Interface and Camera Phase functions as the initial component of the system, enabling interaction between 

the user and the application. This module activates the system’s webcam and continuously captures live video frames 

for processing. The captured video stream is displayed on the screen to assist the user in proper alignment and 

positioning. The system monitors the incoming frames and automatically initiates the scanning process once a face is 

detected. This automated mechanism reduces manual effort and improves usability. The module ensures reliable image 

acquisition and smooth operation, serving as the starting point for the subsequent facial analysis stages. 

 

3.2 Face Detection Phase 

The Face Detection Phase identifies and extracts the facial region from the captured video frames. Its main functions 
include: 
 

• Uses OpenCV Haar Cascade Classifier to detect human faces. 
• Converts images to grayscale for efficient processing. 
• Detects and locates the face within each frame. 
• Extracts the facial region of interest (ROI) for further analysis. 
• Removes background information to improve prediction accuracy. 
 

3.3 Image Preprocessing Phase 

This Phase prepares the detected facial image for deep learning prediction. The extracted face image is resized to 224 × 
224 pixels to match the input size of the trained CNN model. 
• Resizes the detected face image to 224 × 224 pixels. 

• Normalizes pixel values (scales between 0 and 1) for stable model performance. 

• Converts the image into array format suitable for CNN input. 

• Expands dimensions to match the required batch input shape. 

• Reduces noise and ensures uniform image quality for reliable prediction. 

 

3.4 Deep Learning Prediction Phase 

This is the core Phase of the system. It loads the trained Convolutional Neural Network (CNN) model developed using 

Tensor Flow and Keras. The preprocessed facial image is fed into the model, which analyzes facial features and 

predicts the most probable nutritional deficiency. The model classifies the image into predefined categories such as 

Vitamin A, Vitamin C, Vitamin B12, Vitamin K, or Iron deficiency. 

 

3.5 Result Analysis Phase 

During the scanning period, multiple predictions are generated from different frames. This Phase collects all predicted 
results and applies majority voting to determine the most frequently predicted deficiency. This approach improves 
reliability and reduces the impact of occasional misclassification. 
 

3.6 Diet and Symptom Mapping Phase 

Once the final deficiency is determined, this Phase maps the predicted result to corresponding facial indicators and 
recommended dietary suggestions stored in the system database. It ensures that the output provides meaningful and 
actionable information to the user. 
 



© 2026 IJMRSET | Volume 9, Issue 3, March 2026|                                       DOI:10.15680/IJMRSET.2026.0903108 

 

IJMRSET © 2026                                                 |    An ISO 9001:2008 Certified Journal     |                                                    2102 

3.7 Report Generation Phase 

This Phase generates a structured HTML report displaying: 
• Detected nutritional deficiency 

• Observed facial indicators 

• Recommended dietary plan 

• Medical disclaimer 

The report is styled using CSS to provide a clean, professional, and easy-to-read medical layout. The generated file 

automatically opens in the user’s default web browser. 

 

3.8 System Integration Phase 

This Phase ensures smooth coordination between all other modules in the system. It manages the complete workflow 

starting from webcam initialization, face detection, image preprocessing, model prediction, and finally report 

generation and display. It controls the flow of data between modules to maintain proper sequence and synchronization. 

The module also performs basic error handling, such as checking camera availability and model loading status. It 

ensures that the entire system operates efficiently, reliably, and without interruption during execution. 

 

3.9 Advantages over Existing System 

• Provides non-invasive and quick preliminary screening without laboratory tests. 

• Performs real-time facial analysis using a simple webcam. 

• Generates instant automated reports with dietary suggestions. 

• Cost-effective, user-friendly, and easily accessible for health awareness. 

 

IV. SYSTEM ARCHITECTURE 

 

The system architecture of the AI-Based Nutrition Deficiency Detector from Face defines how the proposed healthcare 
screening system is structured and how data flows from facial image capture to final report generation. The architecture 
is designed to perform real-time face detection, deep learning–based prediction, and automated report generation 
efficiently and accurately. 
 

4.1 Architecture Components 

4.1.1 Camera Input Layer 

• Captures real-time video frames using a    built-in or external webcam. 
• Continuously streams video data to the face detection module. 
• Initiates scanning automatically when a human face appears in front of the camera. 
 

4.1.2 Face Detection Phase 

• Detects human faces from live video frames using OpenCV Haar Cascade Classifier. 

• Extracts only the facial region to remove background noise. 

• Ensures accurate and focused image input for further processing.  

 

4.1.3 Image Preprocessing Layer 

• Resizes the detected face image to 224 × 224 pixels. 

• Normalizes pixel values to improve prediction accuracy. 

• Converts the image into the required format (array reshaping) for the deep learning model. 

 

4.1.4 Deep Learning Feature Extraction & Prediction Layer 

• Loads the trained Convolutional Neural Network (CNN) model developed using TensorFlow and Keras. 

• Automatically extracts facial features such as skin tone, texture, and eye region patterns. 

• Classifies the image into predefined categories such as: 

▪ Vitamin A Deficiency 

▪ Vitamin C Deficiency 

▪ Vitamin B12 Deficiency 

▪ Vitamin K Deficiency 

▪ Iron Deficiency 
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4.1.5 Result Aggregation Phase 

 

• Collects predictions from multiple frames during the scanning duration. 

• Applies majority voting to determine the most frequently predicted deficiency. 

• Improves reliability and reduces random prediction errors. 

 

4.1.6 Diet & Symptom Mapping Phase 

 

• Maps the predicted deficiency to corresponding facial indicators. 

• Retrieves recommended dietary suggestions stored in the system database. 

• Prepares structured output content for report generation. 

 

4.1.7 Report Generation Phase 

• Generates a structured HTML report with a professional light-themed design. 

• Displays detected deficiency, facial indicators, diet plan, and disclaimer. 

• Automatically opens the report in the default web browser. 

 

4.1.8 Evaluation & System Maintenance Layer 

• Performs testing including unit testing, integration testing, and system testing. 

• Ensures smooth module interaction and system reliability. 

• Allows future retraining of the model with improved datasets for better accuracy. 

 

4.2. System Workflow 

1. Webcam/Camera captures the user’s facial image → 

2. Face Detection (OpenCV) identifies and extracts the face region → 

3. Preprocessing resizes the image to 224 × 224 and normalizes pixel values → 

4.  CNN Model (TensorFlow/Keras) analyzes the processed image → 

5. System predicts the type of nutrient deficiency → 

6. Deficiency result is finalized and validated → 

7. HTML Report is generated with deficiency details and dietary suggestions → 

8. Final result is displayed in the web browser. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure1: System Flow 
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V. EXPERIMENTAL RESULT 

 

The experimental results demonstrate the effectiveness of the proposed AI-Based Nutrition Deficiency Detector from 
Face system. The experiments were conducted using a labeled facial image dataset representing different nutritional 
deficiency conditions. The system was evaluated based on classification accuracy and performance metrics to measure 
its reliability as a preliminary screening tool. 
 

5.1 Dataset Preparation 

• Source: Publicly available facial image datasets and curated medical image samples representing visible symptoms 
of nutritional deficiencies. 
• Classes: Vitamin A Deficiency, Vitamin C Deficiency, Vitamin B12 Deficiency, Vitamin K Deficiency, Iron 
Deficiency. 
• Size: Approximately 5,000–8,000 facial images across all categories. 
• Image Format: RGB images resized to 224 × 224 pixels. 
• Labelling: Images categorized based on visible facial indicators associated with specific deficiencies. 
• Split Ratio: 
▪ Training Set – 70% 

▪ Validation Set – 15% 

▪ Test Set – 15% 

 

5.2 Preprocessing and Feature Extraction 

• Face detection performed using OpenCV Haar Cascade Classifier. 
• Images resized to 224 × 224 pixels to match CNN input requirements. 
• Pixel values normalized (scaled between 0 and 1). 
• Data augmentation techniques applied: 
o Rotation 

o Horizontal flipping 

o Brightness adjustment 
o Zoom variations 

• Automatic feature extraction performed using Convolutional Neural Network (CNN) layers. 
 

5.3 Deep Learning Models Tested 

The following models were trained and evaluated on the dataset: 
 

Table 1: Model Performance Comparison 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure2: Model Accuracy 
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5.4 Class-wise Performance 

 

Table 2: Deficiency-wise Performance 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure3:DeficiencywiseAccuracy 

 

5.5 Discussion 

 

Effectiveness: 
The proposed system achieved high classification accuracy, demonstrating that facial image analysis using deep 
learning can assist in preliminary nutritional deficiency screening. 
 

Model Comparison: 
Transfer learning models such as ResNet50 and MobileNet outperformed the basic CNN model due to their deeper 
architectures and pretrained feature extraction capabilities. 
 

Real-Time Application: 
The integrated system successfully performed real-time face detection and prediction using webcam input, making it 
suitable for quick home-based screening applications. 
 

Challenges: 
• Limited availability of medically verified facial deficiency datasets. 
• Variations in lighting conditions and skin tones may affect prediction accuracy. 
• Nutritional deficiencies may not always show strong visible facial symptoms, limiting visual-based detection. 
 

5.6 Conclusion from Experimental Results 

• The AI-Based Nutrition Deficiency Detector from Face system demonstrates strong performance in classifying 
visible deficiency indicators. 
• Transfer learning significantly improves prediction accuracy compared to traditional CNN models. 
• The system proves to be an effective non-invasive preliminary screening tool, though it should not replace 
professional medical diagnosis. 
• With larger datasets and improved training, the system has potential for future deployment in healthcare awareness 
applications. 
 

VI. CONCLUSION 

 

This project developed an AI-based system for detecting nutritional deficiencies using facial image analysis. Deep 
learning models were trained to identify visible symptoms related to vitamin and iron deficiencies. Among the models 
tested, transfer learning techniques achieved higher accuracy and better performance. The system integrates face 
detection, image preprocessing, and CNN-based classification to enable real-time analysis through a webcam. 
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Automated report generation with dietary recommendations helps users better understand their health condition and 
promotes preventive care. The approach provides a non-invasive, cost-effective, and accessible method for early 
deficiency screening. The results show that facial features can serve as useful indicators for preliminary health 
assessment. With further dataset expansion and clinical validation, the system can be improved for practical use in 
healthcare and community health monitoring. 
 

VII. FUTURE SCOPE 

 

The future scope of this project focuses on improving the accessibility and accuracy of the nutritional deficiency 
detection system. A mobile application can be developed to allow users to capture facial images using smartphone 
cameras for real-time health screening. The system can also be enhanced to detect more nutritional deficiencies using 
larger and diverse datasets. Advanced machine learning techniques can further improve prediction accuracy and 
reliability. In addition, continuous model retraining can help the system adapt to new health patterns. Deploying the 
system on a cloud platform can enable better processing, data storage, and remote access. These improvements can help 
the system be used effectively for large-scale health monitoring. 
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