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Abstract: Diabetic foot ulcers (DFU) are prone to getting infected, can lead to hospital stays of several 

weeks, and in some instances, the person has to undergo leg amputation to stop the infection from going 

further up the body and becoming a life-threatening issue. This proposed paper develops a Smart Health 

Care System for recognizing DFU with explainability. The model uses a deep learning architecture called 

EfficientNet to analyze images of feet so that both ulcerated feet and healthy feet can be correctly 

identified. It is a system that involves image prediction and symptom data and integrates the two to create 

a more correct final diagnosis according to the decision-based approach. As per the diagnosis, the system 

generates AI-based medical prescriptions, which comprise treatment schemes, prescription of 

medications, diet plans, lifestyle changes, and physical workouts. Moreover, the system creates a detailed 

PDF medical report which can be shared with the healthcare specialists to be examined further. The 

proposed system also uses explainable AI (XAI) to address the challenges related to trust and 

accountability for clinicians and patients.  
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Introduction 

 

Diabetes mellitus is a persistent metabolic impediment which has been the leading international health 

issue in recent years. The population of diabetic patients is soaring as per global health statistics, and due 

to the same, there is an increase in the number of complications. DFU is one of the worst complications 

of diabetes. DFU is a combination of the factors including neuropathy (damage of nerves), blood 

circulation problems, and vulnerability to infection. It is therefore necessary to detect the disease at an 

early stage and monitor patients to minimize the number of complications as well as increase their survival 

chances. Nevertheless, conventional diagnosis is greatly dependent on clinical examination by qualified 

healthcare workers, which is not always available particularly in rural and underserved regions. Early 

detection of diabetic foot ulcers is still a problem even with the improvement in medical technology.  The 

current diagnostic methods involve either manual examination by the health care provider or analysis 

using machine learning models on an image. Although the methods might work, they are limited in a 
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number of ways. The vast majority of systems are restricting to the range of image-based classification, 

without including the patient-reported symptoms, which are important towards proper diagnosis. 

Moreover, a considerable number of existing solutions are not accessible and aimed at end-user use by 

patients. The systems absent in providing action drug-based medical advice on diagnosing basis, including 

treatment schemes, dietary suggestions, and lifestyle tips are also lacking. That is why a multi-purpose 

and user-friendly system should be developed as incorporating both an image analysis and symptom 

assessment and real-time monitoring to help in the early diagnosis and treatment of diabetic foot ulcers. 

This proposed system enables the user to take or post images of feet and give inputs based on the 

symptom using a questionnaire or voice/text. According to the analysis, the system offers 

recommendations that assist the users in controlling their condition. The app also results in a 

comprehensive report that could be reused to consult the health service providers further. The system 

should be used to conduct screening and monitoring at an initial stage and is not supposed to substitute 

for expert diagnosis.  

 

Related work 

The systematic review of the application of machine learning (ML) to the prevention, diagnosis, and 

treatment of DFUs, a significant complication of diabetes was presented in [1]. This paper [2] presented a 

deep learning based diabetic foot ulcer detection and classification system. The proposed SSODL-DFUDC 

uses Inception-ResNet-v2 as the feature extractor, sparrow search optimization as the Tuning and stacked 

sparse autoencoder as the Classifier. Experimental findings are very accurate and reliable as compared to 

the existing techniques. This paper described [3] a deep learning-based DFU detection and classification 

approach. The feature extractor was the inception-resnet-v2 optimized with Sparrow Search Optimization 

in proposed SSODL-DFUDC, and the classification model was stacked sparse autoencoder. Diabetic foot 

ulcers are difficult to identify during the early development stages and may lead to amputation. The 

review [4] observed that deep learning is superior to traditional machine learning in that it automatically 

generates features of images. It included a general description of classification, object detection, semantic 

and instance segmentation applications and proves that CNN-based models, YOLO, Faster R-CNN, U-Net 

and Mask R-CNN did a very good job in DFU detection and classification. The authors found that deep 

learning can improve the diagnosis and patient outcome of DFU, although further research and larger 

datasets are needed to become a clinically adopted technology. 

A literature review of the identification of DFUs was provided in this paper [5] since this is a more 

advanced complication of diabetes that may lead to amputation. Traditional methods of diagnosis are 

both expensive and time-consuming; therefore, automated methods are attractive. The earliest methods 

used classical machine learning on thermal images and handcrafted features with the tradeoff of small 

data and low accuracy. The recent deep learning models especially the CNN-based models have been 

found very accurate in classification, detection and segmentation. However, the problems associated 

with, but not confined to, the lack of datasets, the discrepancies in the presentation of the ulcer, and the 

utilization of it within the clinically realistic context remain topical. The bottom line is that cost-efficient, 

dependable, and scalable DFU detection systems through deep learning have tremendous potential, 

especially when applied to telemedicine. This research [6]  demonstrated the use of LLLT in conjunction 

with standard therapy to accelerate wound healing, reduce pain and enhance nerve conduction in diabetic 

patients. During clinical studies, pain and functional improvement of plantar fasciitis and Achilles 
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tendinitis were significantly reduced. The other trials, but, were inconclusive or mixed in their results, and 

bigger studies are required. In general, LLLT is a potentially useful, non-invasive adjunctive therapy, which 

not only demonstrates positive results in diabetic problems, but also in musculoskeletal disorders. In this 

[7], the authors discussed the application of artificial intelligence (AI) in monitoring and managing DFUs. 

DFU care used to be based on clinical examinations and photographic records, which were supplemented 

by digital archiving. The article[8] introduced both existing and emerging antimicrobial approaches to the 

treatment of DFUs, increasingly prevalent in a population of approximately 25 per cent of diabetic 

individuals and commonly complicated by severe infections, amputation, and fatalities. Systemic 

antibiotics, state-of-the-art dressings, frequent debridement, management according to classification, 

and all the rest of this are major therapeutic options; however, antimicrobial resistance, polymicrobial 

infections, and high recurrence rates remain. Newer therapies exist with potential, such as molecular and 

regenerative medicine, antimicrobial peptides, nanomedicine, energy-based interventions such as ozone 

or light, and plant-derived products. This is a literature review[9] of the management of diabetic foot 

ulcers (DFUs) which is one of the most frequent and expensive cases of diabetes that occurs in 

approximately 15% of patients throughout their lives. DFUs are linked to neuropathy, vascular disease, 

foot deformity, and incompetence in terms of glycemic control, and they constitute one of the most 

frequent reasons to be sent to the hospital and amputated. This paper[10] suggested the artificial 

intelligence system, based on Convolutional Neural Networks (CNNs), to identify and evaluate DFUs early. 

ESP32 camera captures real-time images and runs them through an image processing engine to detect 

ulcer edges, severity, and provide stage-specific treatment recommendations. This system reduces the 

necessity of the human factor in the work, enhances the quality of diagnosis and promotes the timely 

control of the risk of the development of complications: infection, gangrene, and amputation.  

PROPOSED SYSTEM METHODOLOGY 

The suggested system will offer an intelligent and real-time solution in detecting and monitoring diabetic 

foot ulcers. The system incorporates image processing, symptom analysis and decision making modules. 

The workflow of the suggested system is shown in general below in Figure 1. 

 

 
Fig. 1: Flowchart of Proposed System 
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It comprises three main parts: Image processing module, Symptom analysis module and Decision-Making 

module. The information that is fed to the system consists of a foot image and patient symptoms. A deep 

learning model is used to process the image and a structured questionnaire to collect the symptoms. Both 

modules are made to generate the final diagnosis and recommendations by combining the results of these 

modules. 

 

• Image Processing Module 
 

The image processing module will analyze the picture of the uploaded foot using a deep learning model. 

Preprocessing includes resizing and normalizing the images and sending them to the EfficientNet model. 

The model derives pertinent features and classifies the image as either being ulcer or healthy. It also gives 

a confidence score to determine the reliability of the prediction. 

 

• Symptom Analysis Module 
 

The symptom analysis module obtains patient data via a questionnaire. These symptoms are pain, 

swelling, redness, discharge of pus and fever. These inputs are incorporated to enhance the accuracy of 

diagnosing inputs through real-life patient conditions. The system is also voice input and multilingual 

enabled which increases the accessibility of the users. 

 

• Decision-Making Module 
 

It is the decision-making module that synthesises the outputs of the image model and the symptom 

analysis to produce the final diagnosis. Figure 2 represents the interaction between system modules. The 

condition is divided into the following four classes according to the system: 

• High Risk 

• Medium Risk 

• Low Risk 

• Healthy 

 
Fig. 2:Interaction Between System Modules 

According to the ultimate diagnosis, the system produces AI-driven medical recommendations. 
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DATASET DESCRIPTION 

The dataset involved in this project was diabetic foot images that were gathered using medical datasets, 

which were openly available, and online databases. The dataset has the images of ulcer and healthy feet 

in various lighting and environmental conditions. The dataset is meant to be used in binary classification 

where the model classifies whether a particular image has a diabetic foot ulcer or not. The images contain 

differences in skin texture, severity of wounds, and amount of infections, which serve to enhance the 

quality of the model. The images used to form the dataset are of varied sources to make patient situations 

diverse. There are mild cases and severe cases of ulcers and healthy samples to get an ideal classification. 

Images are first resized to 224 by 224 pixel, and trained. Normalization of pixels is used to enhance 

convergence of the model. To enhance variability of the datasets and avoid overfitting, rotation, flipping, 

and scaling algorithms are applied to augment the data. The data is separated into training and testing to 

test the performance of the model. 

Results and discussion of the experiment. 

The suggested system for the detection of DFUs is an EfficientNet architecture-based deep learning 

technique combined with symptom analysis, allowing accurate and dependable detection of diabetic foot 

ulcers. The system processes diabetic foot images as well as analyzes symptoms reported by patients. 

Experimental results prove the validity of the proposed approach in detecting DFUs and making 

personalized recommendations concerning healthcare. 

• Classification performance 

Accuracy, precision, recall, and F1-score indicators are used for evaluation of classification performance 

of the suggested solution. According to Table 1, the performance of the suggested model was estimated 

as follows: 95% accuracy, 94% precision, 93% recall, and 94% F1-score. Thus, one can conclude that the 

use of EfficientNet allows efficient feature extraction from diabetic foot images and their classification 

into healthy and ulcerated ones. The obtained high precision indicator implies minimal rates of false-

positives, whereas recall indicates efficiency in identifying most ulcers. 

Image Analysis VisualizationThe input images can be analyzed visually and assisted in comprehending 

how the model distinguishes between the state of ulcer and the healthy one. The below figure (Fig. 3) is 

a Sample prediction 
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Fig. 3: Sample Image Predictions 

The figure presents some samples of input images and their predicted labels. Normal images of ulcers 

present with visible dry areas of the wound, decreased colour, and tissue destruction, whilst healthy 

pictures display normal skin texture. These patterns were successfully found and the images were 

properly classified in most cases by the model. Small misclassifications might also be made on borderline 

cases, whereby the difference of the visuals is slight. 

• Model Prediction Confidence 

The model reflects the offered scores of confidences and predictions, which show the reliability of 

classification. Figure 4 is representation of confidence levels of ulcer and healthy predictions. 

 

Fig. 4: Prediction Confidence Visualization 

The scores on the confidence factor indicate that the model yields a high confidence score on the clear 

cases and a low confidence score on ambiguous cases. This can be used to determine the certainty of 

predictions. 

• Evaluation Metrics 

Standard classification measures like accuracy, precision, recall and F1-score are used to determine the 

performance of the model. Performance of the system is given in the Table 1(Table. 1)  

Accuracy 95% 
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Precision 94% 

Recall 93% 

F1-Score 94% 

Table 1: Performance Metrics and values 

These findings show that the model is effective in DFU detection with high reliability. 

• Computational Performance 

The system is made to be efficient and capable of real-time applications. The model has a size of about 

40-45 MB hence it can be deployed on mobile machines. It has a low inference time and hence predictions 

can be made rapidly once an image has been uploaded. It is combined with a FastAPI backend, and this is 

to guarantee the seamless communication between the mobile application and the deep learning model. 

The results of the experiments provide evidence that the developed system can be used to diagnose 

diabetic foot ulcers. In definite cases of ulcers the model is very precise whereas there are minor 

differences in the borderline cases. Combining the data of symptoms is a big step to enhancing the 

precision of the diagnosis. Its system also offers practical medical suggestions, which makes it more 

beneficial than conventional classification models. The mobile app makes the patients more accessible 

and user-friendly. On the whole, the system demonstrates promising opportunities to be implemented in 

practice in healthcare monitoring and early diagnosis. 

The system helps in achieving better detection results through its use of a combination of visual data and 

symptom detection methods. The system gives users medical recommendations through its AI system. 

The system gives users a convenient mobile app. The system allows users to speak and communicate in 

many languages. The system helps in producing medical reports, and users can easily disseminate them. 

The system helps doctors detect health problems early, and they can take preventive measures.  

 

• Impact of Symptoms' Integration on the Model 
 

In contrast with the traditional image-only diagnostic system, the suggested method allows integrating 

information about such symptoms as pain, redness, swelling, fever, and pus. In addition, symptom 

information is collected with the help of a special questionnaire. Image information is combined with 

symptoms' recognition during the decision-making stage. As a result, the accuracy of the model is 

increased since there may be cases when only symptom analysis can give a clear diagnosis. Furthermore, 

the suggested solution classifies patients as High Risk, Medium Risk, Low Risk, or Healthy ones, which 

provides opportunities for individualized treatment and prevention measures. 

• XAI analysis 

To ensure the transparency of predictions, we apply two complementary explainability methods Grad-

CAM and LIME to visualize the model’s decision rationale. 

– Grad-CAM: Heatmaps are generated from the final convolutional layer top_conv. They localize the 

discriminative wound regions influencing each classification decision. 
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– LIME: LIME is applied to super pixel segments to identify positive (red) and negative (blue) feature 

contributions for a given class. 

 

Fig. 5: Grad-CAM and LIME visualization highlights 

 

• LLaMA 3-based Symptom Analysis and Report Generation:  

In this system, the LLaMA 3 large language model is integrated to perform intelligent symptom 

analysis and generate a medical report. Patient feedback gathered via the symptom questionnaire 

will be analyzed with LLaMA 3 to identify potential risk factors for diabetic foot ulcers, assess 

symptom severity, and provide appropriate health care advice. It should be noted that LLaMA 3 

makes use of the results of image classification and symptom evaluation to prepare the 

comprehensive medical report in the form of a PDF file. Such a report will contain the results of 

detecting ulcers, the levels of confidence in the results obtained, symptoms analysis data, risk 

evaluation, therapy suggestions, advice on diet, lifestyle, and further actions. The mobile application 

that has been designed incorporates LLaMA 3 large language model for interpreting symptoms and 

generating automatic reports. The application uses image-based diagnosis of diabetic foot ulcers in 

conjunction with NLP analysis of symptoms reported by patients to produce healthcare 

recommendations and diagnostic reports. 
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Fig. 5: PDF Download Page for report 

 

COMPARATIVE ANALYSIS 

A comparative analysis with the existing deep learning models that are applied to classify the medical 

images is conducted to determine if the proposed system will be effective. Performance metrics based on 

accuracy, precision, recall, and F1-score, and other system abilities are the basis of the comparison. 

The findings of Table 2(Table. 2) indicate that the proposed system is more accurate than using traditional 

CNN-based models. Analysis of symptoms is greatly integrated to enhance the symmetry of the diagnosis. 

 

 
Table 2: Comparison of Proposed System With Existing Models 

The proposed system goes beyond the current models, which use image data solely to classify images and 

give a diagnosis of the picture and applies to the patient symptoms as a complete diagnosis. The system 

also implements AI-based suggestions and report-generation, which renders it more suitable in the 

context of real-world healthcare applications. 

 

• Comparison with Image-Only Models. 
 

The current systems are based only on deep learning models (image-based classification). Though these 

models are very accurate, borderline cases that involve a small difference between images are usually not 

good in these models. 

This limitation is overcome through the proposed system because it consists of symptom analysis. This 

combined method enhances the accuracy of diagnosis and minimizes wrong predictions. EfficientNet is 

able to extract features in a more effective way than the traditional CNN architecture, which yields higher 

performance in all of the evaluation metrics. 

 

• Comparison of System Features. 
 

Table 3. Comparison of features of the existing systems and proposed system. 



  

SGS Initiative, VOL.1 NO.6 (2026): LGPR 

 
Table 3: Feature Comparison(Existing v/s Proposed Systems) 

 

Table 3 presents the comparison between the proposed system and the existing methods to demonstrate 

the benefits of the system suggested. Unlike traditional systems that only involve classification, the 

proposed system will offer an entire healthcare service provision to include diagnosis and 

recommendation as well as reporting. Usability can also be improved with voice input and multilingual 

support, and the system can be used by a larger audience of the system. 

 

• Scalability and Stabilization of system. 
 

The new system will be scalable to a real-world environment. The size of the model is adjusted to provide 

efficient performance in mobile devices. EfficientNet enables a high level of accuracy with a lower level of 

computational complexity. The Fast API interface will guarantee effective interaction between the AI 

model and the mobile application. The system can be implemented both in hospitals, clinics, and remote 

healthcare settings, where the patients and health workers can be supported in real-time. 

Conclusion and Future Work 

This paper presented a DFU Recognition through Deep Learning and Explainable AI to support early 

diagnosis and effective patient management. The proposed system employed an EfficientNet-based deep 

learning model for diabetic foot ulcer detection and combined image analysis with symptom questionnaire 

assessment to improve diagnostic reliability. In addition to ulcer recognition, the system generated 

personalized medical recommendations, including treatment plans, medication guidance, dietary 

suggestions, lifestyle modifications, and exercise recommendations. The healthcare reports generated in 

PDF format further facilitated medical documentation and patient monitoring. Overall, the developed 

system demonstrated the potential of artificial intelligence in improving diabetic patient care through 

accurate detection, continuous monitoring, and preventive healthcare support. Future enhancements may 

include cloud-based patient history management, real-time monitoring and alert systems, wearable device 

integration, telemedicine connectivity, multilingual support, offline functionality, and ulcer severity 

classification to further improve the effectiveness and scalability of the proposed healthcare solution. 
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