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Abstract 

Vitamin deficiency is a critical health concern that can lead to serious complications if not identified and 

addressed in its early stages. The skin, being the body’s largest and most externally exposed organ, often 

exhibits visual symptoms associated with such deficiencies. However, recognizing these early indicators—

such as the emergence of new skin marks or alterations in existing moles—is challenging without expert 

medical evaluation. Stage 1 vitamin deficiency, if detected promptly, can be effectively managed, but early 

identification is crucial. Typically, dermatologists use dermatoscopic imaging to capture high-resolution 

visuals of affected skin areas. These images are then subjected to computer-aided analysis to isolate the 

abnormal regions from healthy skin through a process known as segmentation. Leveraging digital image 

processing techniques not only enhances the clarity of these medical images but also significantly aids in 

accurate and timely diagnosis. This technological intervention supports clinicians in making informed 

treatment decisions, ultimately leading to improved patient care and health outcomes. 

Keywords: Vitamin Deficiency, Stage 1, Malignant / Non-malignant, Dermoscopy, Segmentation, Digital 
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I INTRODUCTION 

Vitamin D deficiency remains one of the most 

widespread and concerning nutritional 

deficiencies globally, often leading to serious 

health complications despite the significant 

advancements in medical science and technology. 

Among the various manifestations of vitamin 

deficiencies, the incidence of adenocarcinoma—

a type of cancer often linked to vitamin D 

deficiency—has been rising at an alarming rate.  

 

This trend is primarily attributed to lifestyle 

factors such as increased tobacco consumption, 

including both active and passive smoking. 

Additionally, exposure to harmful fumes from 

indoor air pollution and genetic predispositions 

are also recognized as contributing factors, as 

highlighted in studies by Park et al. (2008).For 

the diagnosis of conditions related to vitamin 

deficiencies, especially those progressing into 

more severe complications like adenocarcinoma, 

various imaging modalities have been explored. 

These include traditional techniques like light 

http://www.ijmece.com/


                ISSN 2321-2152 

                   www.ijmece.com  

                Vol 13, Issue 2, 2025 

 

 
 

933 

microscopy, X-rays, CT scans, and MRI. Each 

method has its own merits and limitations in 

terms of cost, invasiveness, resolution, and 

accessibility. However, among these, sputum 

cytology imaging stands out as a particularly 

effective prescreening tool due to its non-invasive 

nature and cost efficiency. Previous research by 

Oswald et al. (1971), Veena et al. (2012), Palcic 

et al. (2002), and Thunnissen (2003) strongly 

supports the clinical relevance and practical 

utility of sputum cytology in detecting early-stage 

abnormalities associated with vitamin deficiency. 

Furthermore, the work of Schreiber and Mecrory 

(2003) reinforces that sputum cytology is 

especially useful in distinguishing between 

various pathological types linked to vitamin-

related disorders. In this context, the present work 

focuses on the development of a low-cost, 

scalable, and reliable pre-screening system based 

on sputum cytology that can aid in the early 

detection of vitamin deficiencies, potentially 

reducing the burden of severe complications 

through timely intervention. 

II LITERATURE SURVEY 

The growing role of technology in healthcare, 

particularly in the early detection of vitamin 

deficiencies, is well-supported in existing 

literature. Eide et al. [1] demonstrated that web-

based training significantly enhances diagnostic 

capabilities among non-specialist healthcare 

providers, aligning with our system’s goal of 

using dermoscopic image analysis to support 

early, accurate detection even outside of clinical 

environments. Foundational data from the 

American Vitamin Deficiency Society [2] 

emphasizes the widespread nature and risks of 

vitamin deficiencies, providing strong 

justification for developing accessible, AI-

powered tools that promote early diagnosis and 

awareness. Clinical standards, such as those 

outlined by Telfer et al. [3], emphasize the use of 

visual clues in managing conditions like basal 

cell carcinoma—an approach mirrored in our 

system through dermoscopic image segmentation 

and automated assessment. Research by Kricker 

et al. [4] stresses the importance of tracking 

growth patterns in skin abnormalities, which our 

model addresses by applying feature extraction 

techniques like GLCM. Gordon Spratt and 

Carucci [5] highlight the vulnerability of 

immunosuppressed individuals, for whom our 

system provides a low-cost, remote diagnostic 

alternative using smartphone imaging. The 

clinical overview by Ogden and Telfer [6] 

supports our use of ABCDE-based features 

(Asymmetry, Border, Color, Diameter, 

Evolution) for classification, reinforcing the 

clinical relevance of our design. Korotkov and 

Garcia [7] provide a comprehensive review of 

computerized lesion analysis, validating our 

methodology involving Otsu thresholding and 

Wiener filtering to separate lesions from 

surrounding tissue. Berg and Best [8] advocate 

for proactive screening practices, resonating with 

our system’s public health potential through its 

non-invasive and scalable architecture. Rahman 

and Bhattacharya [9] introduced an interactive 
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support system combining CNNs and image 

retrieval, closely related to our approach of using 

deep learning for probabilistic classification and 

decision support. Finally, Isasi et al. [10] 

reinforced the utility of pattern recognition and 

ABCD rule application in skin diagnosis, which 

parallels our implementation of CNN-based 

classification aligned with non-invasive clinical 

standards. Together, these studies form a robust 

foundation that supports the technical and clinical 

rationale for our vitamin deficiency detection 

system. 

III EXISTING SYSTEM 

Existing systems for detecting vitamin deficiency 

using image-based analysis typically involve two 

main stages: image acquisition and 

preprocessing. In the acquisition phase, digital 

images—mostly in RGB format due to the 

importance of color in skin analysis—are 

captured using standard cameras and collected 

from various sources, resulting in non-

standardized image sizes. These images are then 

fed into the system for preprocessing, where their 

quality is enhanced by removing artifacts like 

hairs, air bubbles, and noise that can interfere 

with accurate diagnosis. Preprocessing ensures 

the images are clean and ready for further 

analysis such as segmentation. However, a major 

limitation of existing systems lies in the 

segmentation process, where pixel classification 

is often rigid and fails to accurately separate 

lesion areas from healthy skin tissue. This lack of 

precise lesion isolation leads to compromised 

performance in subsequent classification stages, 

ultimately affecting the system's ability to detect 

vitamin deficiency reliably. 

IV PROBLEM STATEMENT 

Despite advancements in digital image analysis, 

existing systems for detecting vitamin deficiency 

through skin images face critical challenges in 

accuracy and reliability. The current diagnostic 

process involves image acquisition and 

preprocessing; however, the lack of 

standardization in image size and quality, along 

with limited effectiveness in artifact removal, 

often results in inconsistent outputs. A significant 

limitation lies in the segmentation stage, where 

improper allocation of pixels fails to clearly 

distinguish lesion areas from healthy skin tissue. 

This leads to poor feature extraction and 

inaccurate classification, ultimately reducing the 

diagnostic value of the system. Therefore, there is 

a need for a robust and intelligent detection 

framework that can perform precise lesion 

segmentation, enhance preprocessing quality, and 

improve early-stage vitamin deficiency diagnosis 

using color image analysis. 

V SYSTEM ARCHITECTURE 
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VI IMPLEMENTATION 

The implementation of the proposed vitamin 

deficiency detection system is structured into 

several integrated modules, each performing a 

specific function in the diagnostic pipeline. The 

process begins with the Image Acquisition 

Module, where digital images of sputum 

cytology samples are captured using a 

microscope and digital camera. These images, 

usually in RGB format, retain vital color 

information necessary for detailed cellular 

analysis. To ensure diagnostic accuracy, the 

images must have high resolution to reveal subtle 

structural features of glandular cells. 

Following acquisition, the Preprocessing 

Module enhances the quality of the raw images. 

This stage begins with Wiener filtering, which 

effectively reduces both physical noise 

(introduced during image capture) and biological 

noise (such as non-glandular components). To 

further highlight fine structural details, 

particularly cell edges, the Curvelet Transform is 

applied. The outcome is a noise-suppressed, high-

contrast image optimized for segmentation. 

Next, the Segmentation Module isolates the 

glandular regions from the surrounding 

background. Using a combination of Otsu’s 

thresholding and morphological operations, the 

system generates a binary image that clearly 

delineates cell boundaries. This step is crucial for 

ensuring that only relevant regions are passed on 

for feature analysis. 

In the Feature Extraction Module, various 

quantitative descriptors are derived from the 

segmented images. These include morphological 

features such as area, shape, and perimeter, along 

with texture descriptors calculated using the 

Gray-Level Co-occurrence Matrix (GLCM), and 

scale-space features. These numerical attributes 

capture essential distinctions between normal and 

abnormal cells, serving as the foundation for 

accurate classification. 

The Classification Module employs machine 

learning algorithms trained on a labeled dataset to 

categorize the extracted features into benign or 

malignant classes. By learning from previously 

validated samples, the model predicts the 

condition of newly input images and assigns the 

appropriate diagnostic label. 

Finally, the Result Display and Diagnosis 

Module presents the classification outcomes to 

the user. It displays whether the identified cells 

are benign or malignant, often accompanied by a 

confidence score or probability.  

VII RESULTS 
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VIII CONCLUSION 

we successfully developed an image-based 

vitamin deficiency detection system by 

integrating advanced image processing 

techniques with deep learning models. The 

primary objective was to classify medical images 

based on visible symptoms of vitamin deficiency 

using a trained model deployed through a user-

friendly web interface built with Flask. The 

system processes user-submitted images and 

analyzes them using a TensorFlow-based model 

to identify potential deficiencies. Unlike 

traditional approaches that relied on 2D wavelet 

transforms for basic statistical feature extraction, 

our solution incorporates advanced techniques 

such as Wiener filtering and Curvelet transforms 

to enhance image clarity and extract fine edge 

details—crucial for accurate medical image 

interpretation. Furthermore, Otsu’s thresholding 

was employed to automate and improve 

segmentation by effectively distinguishing 

between foreground and background regions. 

These enhancements collectively improve 

classification performance, resulting in a more 

reliable diagnostic tool. The combination of 

technologies—including Flask, TensorFlow, 

OpenCV, and Pillow—forms a complete, 
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scalable, and efficient framework. The system 

has demonstrated promising results, and future 

improvements may include enhancing the 

preprocessing pipeline and expanding the 

training dataset to further boost accuracy and 

robustness. 
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