
International Journal of Innovative Research in 

Computer and Communication Engineering 
(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal) 

 

         Impact Factor: 8.771 Volume 13, Issue 5, May 2025 
 



. 

© 2025 IJIRCCE | Volume 13, Issue 5, May 2025|                         DOI:10.15680/IJIRCCE.2025.1305253

 

IJIRCCE©2025                                                |    An ISO 9001:2008 Certified Journal   |                                                         11084 

Image-Based Diagnosis of Vitamin Deficiencies 

using Deep Learning 
 

Dr. Sujatha Cyril, Uma. C 

Faculty, Department of Electronics and Communication, UVCE, Bengaluru, India 

M. Tech, Department of Electronics and Communication, UVCE, Bengaluru, India 

 

ABSTRACT: This project presents a deep learning-based approach for detecting vitamin deficiencies and skin-related 

conditions through image analysis, employing a structured workflow encompassing model training, validation, and user 

interaction via a Flask web framework. The process initiates with the "Vitamin Deficiency Image Dataset," which 

undergoes preprocessing steps such as image resizing, pixel normalization, and feature extraction. Two models—
Convolutional Neural Network (CNN) and DenseNet201—are trained to classify images based on features indicative of 

various vitamin deficiency levels. The Flask-based interface enables users to upload images, receive diagnostic 

predictions, and view disease probability scores. Additionally, the system provides preventive health advice and 

personalized recommendations based on the predicted outcomes. Comparative model analysis revealed that while the 

CNN model achieved a validation accuracy of 72%, the DenseNet201 model outperformed it with a validation accuracy 

of 89.80%. Although the detection performance is promising, the project also addresses the need for personalized 

health insights by integrating tailored recommendations to bridge this gap. 
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I. INTRODUCTION 

 

Vitamin deficiencies and skin diseases are prevalent health issues that, if left undiagnosed, can lead to severe and long-

term complications [1]. Early detection plays a crucial role in preventing the progression of these conditions. However, 

traditional diagnostic methods are often invasive, costly, and require access to specialized healthcare facilities—factors 

that limit their availability, especially in underserved or remote regions [2]. 

 

With rapid advancements in artificial intelligence (AI) and image processing, there is a growing opportunity to develop 

non-invasive, efficient, and scalable diagnostic tools [3]. This project aims to address that need by integrating deep 

learning techniques with medical image analysis to detect vitamin deficiencies and related skin disorders. 

 

The motivation behind this project arises from the limitations of conventional diagnostics and the increasing demand 

for accessible healthcare solutions. To this end, a web-based application built using the Flask framework has been 

developed, allowing users to upload images for real-time analysis. The system predicts the likelihood of vitamin 

deficiencies and skin conditions and offers personalized preventive health recommendations, making it both user-

centric and informative [4]. 

 

At the core of the system are two advanced deep learning architectures: Convolutional Neural Network (CNN) and 

DenseNet201. These models are trained on the “Vitamin Deficiency Image Dataset,” which is preprocessed through 

techniques such as resizing, pixel normalization, and feature extraction. Comparative performance analysis revealed 

that while the CNN model achieved a validation accuracy of 72%, the DenseNet201 model significantly outperformed 

it with an accuracy of 89.80% [5]. 

 

Beyond detection, the system's unique capability lies in its ability to provide actionable health advice based on the 

predictions, addressing a critical shortcoming of existing solutions [6]. This integration of AI and healthcare paves the 

way for a cost-effective, scalable, and non-invasive solution that is especially beneficial in regions with limited medical 

infrastructure.By bringing early diagnosis and health guidance directly to end-users, this project aims to promote 

proactive health management and reduce the risk of complications arising from nutritional deficiencies and skin 

disorders [7]. 
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II. RELATED WORK 

 

The application of artificial intelligence (AI) and image processing in healthcare has witnessed significant 

advancements in recent years. Researchers have explored various machine learning and deep learning approaches for 

disease diagnosis, medical imaging, and personalized healthcare solutions. This chapter reviews key studies that have 

laid the foundation for the current project, focusing on three core areas: vitamin deficiency detection, image-based 

medical diagnostics, and neural network architectures. 

 

In [1], the authors introduced a system for detecting vitamin D deficiency by analyzing facial features using machine 

learning. The study emphasized the correlation between visual skin cues and underlying nutritional health, showing 

potential for non-invasive screening tools. However, the accuracy was limited due to reliance on traditional classifiers 

and a small dataset. 

 

A more advanced approach was explored by Zhang et al. in [2], who employed convolutional neural networks (CNNs) 

to classify skin diseases based on dermoscopic images. Their work demonstrated the effectiveness of deep learning in 

extracting complex features from medical images, achieving classification accuracies comparable to dermatologists. 

This highlights the capability of CNNs to handle subtle variations in visual data, making them suitable for vitamin 

deficiency detection. 

 

Further work by Tan and Le [3] introduced DenseNet, a deep neural network architecture known for its dense 

connectivity pattern, which allows feature reuse and mitigates the vanishing gradient problem. DenseNet has shown 

superior performance over traditional CNNs in medical image classification tasks, especially when working with 

limited training data. 

 

In the context of user accessibility, a study by Kumar et al. [4] focused on developing AI-powered mobile applications 

that enable patients to self-assess skin conditions through image uploads. This study aligns with the present project's 

use of a Flask-based web interface to provide diagnostic feedback and health recommendations in real-time. 

 

Additionally, Lee et al. [5] highlighted the need for AI systems that not only detect conditions but also provide 

personalized health advice. Their framework incorporated rule-based logic and probabilistic models to generate user-

specific recommendations. Inspired by this approach, the current system enhances the utility of diagnosis by suggesting 

actionable preventive measures. 

 

Despite the progress in AI healthcare applications, most existing systems focus either on detection or classification, 

with limited attention to user engagement or personalized care. This project addresses this gap by integrating predictive 

models with health advisory components, leveraging the strengths of both CNN and DenseNet201 architectures for 

improved diagnostic accuracy. 

 

III. PROPOSED ALGORITHM 

 

The proposed system is an AI-powered diagnostic platform designed to detect vitamin deficiencies and skin diseases 

using deep learning and image processing techniques. It integrates a user-friendly Flask-based web interface with 

powerful neural network models to provide real-time analysis and personalized health recommendations. The system 

begins by accepting user-uploaded images, which undergo preprocessing steps such as resizing, normalization, and 

feature extraction to ensure uniform input quality. These images are then fed into two different deep learning models: 

Convolutional Neural Network (CNN) and DenseNet201. Both models are trained on the Vitamin Deficiency Image 

Dataset, but DenseNet201 outperforms CNN, achieving a higher validation accuracy of 89.80% compared to CNN’s 

72%. 

 

Once the image is processed, the trained model classifies it based on the likelihood of vitamin deficiency or associated 

skin diseases. Unlike conventional diagnostic tools that end with detection, this system goes a step further by offering 

tailored health recommendations based on the model’s prediction. These recommendations provide actionable guidance 

to users on improving their nutritional and skin health. The integration of the Flask framework allows for seamless user 

interaction, enabling individuals to upload images and receive instant diagnostic results through a simple and accessible 

web interface. 
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This comprehensive approach not only ensures high accuracy through advanced model selection but also addresses a 

major gap in existing solutions by providing preventive health advice. The system’s design emphasizes accessibility, 

scalability, and real-world usability, particularly for users in regions with limited access to traditional healthcare 

diagnostics. Overall, the project combines technical innovation with practical health utility, aiming to empower users 

with early detection and personalized care recommendations in a non-invasive and cost-effective manner. 

 

IV. SYSTEM ARCHITECTURE 

 

The workflow illustrated in Figure below outlines the process of model training, validation, and integration with the 

Flask framework. It begins with the "Vitamin Deficiency Image Dataset," which is used to train the model to recognize 

visual indicators of vitamin deficiencies. The dataset undergoes several preprocessing steps, including image resizing, 

pixel normalization, and handling of missing data, to ensure consistency and model compatibility. Following 

preprocessing, the model extracts significant features from the images that are indicative of specific vitamin 

deficiencies. These features are then used to classify the images into different categories based on the severity or type 

of deficiency. 

 

Once the model completes the classification, its predictions are evaluated to determine the presence and extent of any 

vitamin deficiency. In parallel, a web interface built using the Flask framework enables users to upload images for 

analysis. When a user submits an image, the trained model processes it, generates a probability score indicating the 

likelihood of a deficiency, and returns the diagnostic result. Along with the prediction, the system also offers relevant 

health advice or preventive actions tailored to the identified condition. 

 

This seamless integration between the deep learning model and the Flask interface provides a user-friendly platform for 

real-time image-based health assessment. It effectively demonstrates how machine learning models can be trained on 

medical datasets and deployed within web applications to deliver immediate diagnostic insights and health 

recommendations to end-users. 

 

 
 

Figure 1: System Architecture 

 

 

1.Dataset 

This project employs the "Vitamin Deficiency Image Dataset" sourced from Kaggle, which contains a collection of 

labeled images depicting various skin conditions associated with different types of vitamin deficiencies. The dataset 

includes categories such as Vitamin D deficiency, Vitamin B12 deficiency, and others. Serving as the foundation for 
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training and evaluating deep learning models, the dataset requires thorough preprocessing to ensure uniformity in 

image dimensions and standardization for optimal model performance. 

 

2.Data Preprocessing 

To prepare the data for training, all images are resized to a uniform dimension of 224x224 pixels to ensure 

compatibility with the input requirements of the neural network. Pixel values are normalized to a range between 0 and 

1, which accelerates training and improves convergence. Any corrupted or missing images are either removed or 

substituted with synthetically generated data, ensuring the dataset remains robust and clean for the training process. 

 

3.Data Augmentation 

To address class imbalance and enhance generalization, data augmentation techniques are applied, particularly for 

categories with fewer than 500 images. Techniques such as rotation, zooming, and horizontal/vertical flipping are used 

to generate additional synthetic samples. This process helps mitigate the risk of overfitting and improves the model’s 
ability to learn features across diverse image variations. 

 

4.Feature Extraction 

Feature extraction is carried out using Convolutional Neural Networks (CNNs), which automatically learn to identify 

key features such as texture, color, edges, and patterns relevant to the diagnosis of vitamin deficiencies. These features 

are critical for accurate classification and are learned progressively through multiple convolutional and pooling layers 

during model training. 

 

5.Model Training 

The primary model architecture employed is a CNN consisting of several convolutional layers, pooling layers, and fully 

connected (dense) layers. The model is trained using a categorical cross-entropy loss function and optimized with the 

Adam optimizer, using a learning rate of 1e-3 and a decay rate of 1e-4. Training is conducted over 50 epochs, and 

metrics such as accuracy and loss are monitored to assess learning progress and prevent overfitting. 

 

6.Classification and Prediction 

Upon completion of training, the model is evaluated on a test dataset. Predictions generated by the model are compared 

with the actual class labels to assess performance. Evaluation metrics include accuracy, precision, recall, F1-score, and 

the confusion matrix. These metrics provide a comprehensive view of the model’s ability to correctly identify vitamin 

deficiencies. 

 

7.Model Performance 

The CNN model demonstrated satisfactory performance on the validation dataset, with evaluation metrics reported 

using classification reports and confusion matrices. However, the DenseNet201 model—pretrained on ImageNet and 

fine-tuned for this specific task—significantly outperformed the CNN model. DenseNet201 achieved higher validation 

accuracy and consistently better precision, recall, and F1-scores across all deficiency categories. 

 

8.Model Saving 

Both the CNN and DenseNet201 models are saved for future deployment. These models can be loaded during runtime 

to predict skin-related vitamin deficiencies, ensuring reusability and integration within the Flask-based web application. 

 

V. SIMULATION RESULTS 

 

The Vitamin Deficiency application is designed to assist users in identifying potential vitamin deficiencies through 

image-based predictions. The front-end interface provides essential functionalities such as user authentication, image 

uploads for prediction, and result displays. The application leverages DenseNet-201, a deep learning model, to ensure 

accurate and reliable predictions. Below is a breakdown of the key components and their workflows.  
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User Authentication  

The signup form allows new users to create an account by providing their name or email, setting a password, and 

confirming it. A "SIGNUP" button submits the form, while a navigation link directs existing users to the login page. 

 

 
 

Figure 5.5.2: Login page 

 

 

Prediction Interface  

The main interface allows users to upload images for vitamin deficiency detection. Key components include an image 

selection button, an upload button, and navigation links for graphical data, password updates, and logging out.  

 

 
     

 

The main interface allows users to upload images for vitamin deficiency detection. Key components include an image 

selection button, an upload button, and navigation links for graphical data, password updates, and logging out.Once an 

image is processed, the prediction result page displays the identified condition along with the probability score. It also 

provides information on the associated vitamin deficiency and recommendations, such as dietary changes, topical 

applications, or supplements. 
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The Prediction Result Page displays the outcomes of image-based predictions for vitamin deficiencies. Users can 

upload an image using the Choose File and Upload buttons, after which the page shows the Model Prediction (like 

Bullous Disease) with its Probability ( like 99.26%). It also identifies the specific Vitamin Deficiency (like Vitamin E) 

and provides actionable recommendations, such as increasing intake of Vitamin E-rich foods like nuts, seeds, and leafy 

greens, using Vitamin E oil topically, and considering supplements if recommended by a healthcare provider. The page 

is designed to be user-friendly, offering clear and concise information to help users understand and address potential 

deficiencies effectively. 

 

VI. CONCLUSION AND FUTURE WORK 

 

The Vitamin Deficiency Prediction System effectively integrates advanced deep learning models—Convolutional 

Neural Network (CNN) and DenseNet201—to classify skin-related conditions linked to vitamin deficiencies. Among 

the two, DenseNet201 demonstrated superior performance, achieving a validation accuracy of 89.8%, highlighting its 

strong generalization capabilities over the traditional CNN model. The system leverages essential image processing 

techniques and evaluation metrics to ensure accurate and reliable predictions. 

 

To enhance accessibility and usability, the project incorporates a lightweight and responsive web interface developed 

using the Flask framework. This interface allows users to upload images, receive real-time predictions along with 

probability scores, and obtain personalized health recommendations to address the identified deficiencies. The seamless 

integration of deep learning with a user-friendly frontend makes the system both practical and impactful for early, non-

invasive health assessments. 

 

Overall, the project demonstrates a successful application of AI in the healthcare domain, showcasing how deep 

learning models can be utilized for efficient, automated diagnostics. It offers a promising solution for proactive health 

monitoring, particularly in scenarios with limited access to traditional medical infrastructure. 
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