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Smart-Shoe Sensing and AI Imaging for Diabetic Foot Ulcers
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Abstract— Diabetic foot ulcers (DFUs) drive substantial morbidity and amputation risk. Routine assessment is episodic and often relies on invasive or resource-intensive procedures, limiting timely risk stratification. We present an integrated system comprising a smart in-shoe sensor array (temperature, moisture, pressure) and an AI-enabled mobile application. Sensor exceedances prompt guided image capture; a vision pipeline trained on more than 16,000 images performs ulcer triage: Wagner grade classification, infection and ischaemia detection, wound segmentation, and 3-D mesh reconstruction for area, depth, and volume estimation. Synthetic thermal renderings are provided as visual aids only, alongside dashboards for longitudinal healing, dressing guidance, and recurrence risk. The shoe includes optional vibration actuation as an adjunctive preventive feature. Models are evaluated against clinician labels with patient-level splits; we report AUROC/AUPRC with 95% confidence intervals and prespecified operating points (sensitivity, specificity, PPV, NPV). In testing, the system showed promising discrimination and measurement agreement, supporting low-cost, non-invasive pre-classification and remote monitoring to inform patient self-care and clinical decision-making. This work advances SDG 3 (Good Health and Well-Being), SDG 9 (Industry, Innovation and Infrastructure), and SDG 10 (Reduced Inequalities) by enabling accessible, preventive DFU care with scalable digital health infrastructure.

Keywords— diabetic foot ulcer, smart shoe, AI-powered mobile application, AI imaging, ulcer classification, sensor-based monitoring, ulcer monitoring.
Introduction 
Diabetic foot ulcers (DFUs) are open wounds that commonly affect patients with diabetes, primarily as a result of neuropathy and peripheral vascular disease. They represent a leading cause of lower-limb amputations, with over 160,000 diabetics in the United States undergoing amputations annually [1],[2]. In patients with peripheral neuropathy, prolonged exposure to high blood glucose levels causes nerve damage, particularly in the distal extremities like the feet, which leads to reduced or absent sensation—meaning patients may not feel pain, pressure, or injury [3]. As a result, minor traumas—such as cuts, blisters, or pressure from tight shoes—can go unnoticed and untreated.
Moreover, neuropathy compromises the autonomic nerves that regulate sweat and oil gland function, leading to dry, cracked skin that is more vulnerable to breakdown [4]. This loss of moisture and elasticity weakens skin integrity, making it easier for bacteria to enter and initiate infection. Compounding this issue is the impaired immune response associated with diabetes: elevated glucose levels interfere with the normal function of white blood cells, reducing their ability to fight pathogens effectively [5]. Simultaneously, hyperglycemia and microvascular damage slow the delivery of oxygen and nutrients to the wound site, resulting in poor tissue perfusion and delayed healing [6]. Over time, these combined factors—sensory loss, dry skin, immune dysfunction, and impaired circulation—create the perfect conditions for a minor skin injury to evolve into a chronic, non-healing ulcer. Beyond the physical consequences, DFUs frequently result in chronic pain, emotional distress, and social withdrawal, contributing to a reduced quality of life [7].
Early detection and continuous monitoring are crucial for reducing the severity and incidence of DFUs. In a study by Lavery et al., a randomized, physician‑blinded, multicenter trial was conducted over 15 months involving 173 high‑risk diabetic patients with prior foot ulcers[8]. Participants were split into three cohorts: standard care, foot self‑examination, and a group using handheld infrared thermometers. The latter measured skin temperature at six sites on each foot each day. A difference of 4 °F (≈2.2 °C) between corresponding sites on both feet triggered a recommendation to reduce activity and consult a nurse. Results showed that the temperature‑monitoring group developed ulcers at a significantly lower rate (8.5%) compared to the standard care group (29.3%) and the self‑examination group (30.4%). Patients who did not monitor foot temperature were approximately 4 to 4.7 times more likely to develop ulcers (p < 0.005). Lavery et al. demonstrated that simple, at-home infrared foot temperature measurement is an effective early detection method that substantially reduces ulcer recurrence .
In a separate study by McIntosh, Ivory, and Gethin, the authors highlight wound exudate as a critical early diagnostic indicator in the assessment of DFUs. Rather than being solely a byproduct of the healing process, the study suggests that exudate reflects underlying pathophysiological changes—such as inflammation, infection, or tissue degradation—that may occur even before visible ulceration develops. The authors describe exudate as a biologically active fluid composed of water, electrolytes, proteins, inflammatory mediators, immune cells, and growth factors—each offering diagnostic clues about the wound environment. McIntosh, Ivory, and Gethin emphasize that the early recognition and evaluation of wound exudate are essential for timely intervention, reducing the risk of ulcer progression and complications in diabetic patients [9]. 
In a related study by Boulton et al., the researchers investigated the relationship between plantar pressure and foot ulceration in patients with Diabetic Peripheral Neuropathy (DPN), aiming to identify a critical threshold above which tissue breakdown is likely to occur. Using in-shoe pressure sensors, the study found that all participants with existing neuropathic ulcers exhibited plantar pressures exceeding 110 kilopascals (kPa) at ulcer sites. This consistent finding across the patient group suggested that 110 kPa may represent a clinical threshold for ulcer development in neuropathic feet [10]. It is also worth noting that a significant proportion of DFUs occur on the plantar surface of the foot—rather than the dorsal side—which is precisely the area of focus in our current study. In fact, in neuropathic ulcers, 79.5% were found on the plantar surface, with 40.4% located on the toes and 39.1% under the metatarsal heads [11].
In addressing the need for advanced diagnostic tools, the European Wound Management Database provides a comprehensive collection of chronic wound images, including DFUs, captured through thermal imaging, depth cameras, and stereovision sensors, enabling multimodal analysis of wound characteristics [12].
Despite advancements in diabetic foot monitoring, several critical gaps remain. First, current detection methods are not personalized, relying heavily on clinician interpretation without accounting for individual variability. Ulcer classification is still performed manually in clinical settings and can be inaccurate, especially in complex cases involving both infection and ischemia—a condition characterized by restricted blood supply and reduced tissue oxygenation[13], often leading to tissue damage where subtle visual differences may be misjudged. Additionally, most systems cannot capture precise 3D measurements of ulcer geometry, limiting accurate tracking of wound progression.
Because manual and clinical assessments require physical exposure of the ulcer, patients must endure long examination times, with no real-time classification or feedback available at home. This lack of immediacy delays intervention, prevents self-assessment, and may ultimately worsen the condition due to missed early signs. Techniques such as Doppler ultrasound, a non-invasive imaging that measures blood flow [14], and debridement sessions[15] – the medical removal of dead, damaged, or infected tissue to improve healing– are not only invasive and resource-intensive, but also increase patient discomfort and raise the risk of wound contamination during prolonged exposure. Furthermore, while initiatives like the European Wound Management Database offer promising tools for image-based analysis, the dependence on thermal and depth camera technologies highlights ongoing technological and cost barriers that hinder the widespread adoption and integration of such solutions in accessible, home-based diabetic foot ulcer screening and monitoring systems.
To address this issue, we developed an AI-powered mobile app paired with a smart diabetic shoe to enhance diabetic foot care through detailed classification of ulcers, personalized early ulcer detection, and prevention. The mobile app integrates an advanced imaging system that analyzes patient-uploaded foot images using AI models that classify ulcers, assess infection status and severity, and extract wound dimensions for precise evaluation. The smart shoe focuses on pressure relief, incorporates temperature and moisture sensors for early ulcer detection, along with vibrational motors for massage therapy and pressure sensors for prevention. The app and shoe work together, continuously monitoring foot health and providing real-time alerts based on sensor data[16]. This research aims to offer a personalized, user-friendly, non-invasive, and cost-effective solution to reduce amputation risks, minimize ulcer formation, and enhance overall diabetic foot care. 
Methodology 
Smart Shoe Development
The proposed smart diabetic shoe, a proof of concept, integrates temperature, moisture, and pressure sensors for early detection and prevention of foot ulcers. Four temperature sensors are positioned at clinically validated high-risk plantar regions, leveraging evidence that an inter-foot temperature difference of ≥ 2.2 °C reliably predicts early-stage ulceration [8]. To improve diagnostic sensitivity, the system adaptively adjusts this threshold based on patient-specific risk factors. These factors include:
Smoking-induced vasoconstriction.
Elevated Hemoglobin A1c(HbA1c) levels (indicating increased inflammation and neurovascular damage) [17].
Aging [18].
Use of antihypertensive medication (e.g., β-blockers, vasodilators) [19].
Presence of peripheral artery disease (PAD)
Both antihypertensive use and PAD can modulate peripheral circulation unevenly. Depending on localized vascular reactivity, this may result in asymmetrical foot temperatures. PAD, in particular, is known to reduce arterial flow, often causing cooler skin temperatures in the affected limb and contributing to thermal asymmetry [20].
Two moisture sensors—positioned at the forefoot and rearfoot—monitor wound exudate accumulation, addressing the risk of unnoticed maceration in neuropathic patients[9].
Pressure sensors provide both diagnostic and preventive functionality. They detect abnormal load distributions and alert users when pressure exceeds clinical thresholds:
Pressure sensors were set to clinical thresholds—110kPa. Boulton et al. found plantar pressures exceeding 110 kPa in all subjects with neuropathic ulcers, suggesting a critical threshold for ulceration[10].
While the arch is not traditionally monitored in pressure-sensing applications, its inclusion is clinically justified in diabetic patients. Charcot foot, a severe complication of diabetic neuropathy, leads to loss of sensation, causing patients to walk on injured feet unknowingly. Repetitive trauma can result in bone weakening, dislocation, and collapse—most commonly affecting the arch [21].
As a prevention strategy, the therapeutic intervention includes six vibration motors that deliver 20-minute massage sessions at approximately 20 Hz [22]. This frequency has been shown to enhance peripheral circulation, reduce symptoms of DPN, and support skin integrity [23]. Improved skin integrity lowers the risk of ulcer formation. Furthermore, vibration massage therapy at this frequency may accelerate ulcer healing if one occurs, thereby contributing to both ulcer prevention and treatment [24].

The shoe is constructed using breathable mesh fabric and a dual-layer insole made of “Plastazote” and ethylene vinyl acetate(EVA) foam, as recommended by clinical experts at the National Center for Diabetes, Endocrinology, and Genetics (NCDEG). Furthermore, an integrated humidity sensor monitors internal moisture to prevent infection or fungal growth. Fig. 1 shows the distribution of sensors, whereas Fig. 2 highlights the materials and fabrics used.
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	Prototype of the smart diabetic shoe showing the distribution of sensors. (Photo taken by the authors, 2024.)
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	Prototype of the smart diabetic shoe showing the materials and fabrics used. (Photo taken by the authors, 2024.)


AI-Powered Imaging and Classification
Upon sensor detection of a potential ulcer, the patient is prompted via the mobile application to capture a foot image. The AI imaging system, trained on over 16,000 clinically labelled images , performs real-time full ulcer classification.
The first EfficientNet-B3, a convolutional neural network (CNN) optimized for both accuracy and efficiency [25], classifies input images into three categories: diabetic foot ulcer, healthy skin, or non-ulcer wounds such as scratches or abrasions, by extracting visual features including color, texture, and wound size. Confirmed ulcers are subsequently analyzed by a second EfficientNet-B3 model that assesses ulcer severity according to the Wagner classification system, which categorizes DFUs into grades 0 to 5 based on ulcer depth and tissue involvement [26]. It extracts clinically relevant features—ulcer size, color, texture, exudate presence, and structural exposure. Lower Wagner grades (0–2) show pink-red, smooth tissue, while higher grades (≥3) present necrosis, gangrene, fibrotic textures, larger segmented areas, and signs of bone or tendon exposure (white/gray tones)[27],[28]. These features are learned through convolutional filters trained to detect spatial and chromatic patterns.
The third model is a custom DenseNet-121 convolutional network with densely connected layers [29]. It performs non-invasive detection of infection and ischaemia in DFUs using 12,000 labelled images. The task is a four-class classification: infection only, ischaemia only, both, or neither. Infection cues include erythema, yellow/green pus-like hues, ragged edges, swelling, and surface irregularities [30]. Ischaemia cues include pallor, cyanosis, reduced capillary refill, cool-toned colouration, and punched-out edges indicative of tissue necrosis [31], [32]. Gradient-weighted class activation mapping (Grad-CAM) produces heatmaps to highlight image regions that drive the prediction and to support interpretability [33]. Contrast-limited adaptive histogram equalisation (CLAHE) is applied as preprocessing to enhance low-contrast features relevant to ischaemia [34].
The fourth model, a depth estimation model, is performed using MiDaS, a neural network for monocular depth prediction, fine-tuned on 1,000 Red-Green-Blue(RGB) depth image pairs[35]. Data augmentation techniques—including rotation, lighting shifts, and shadow simulation—were applied to this dataset, which originally only had 65 paired RGB and depth images, to enhance generalizability across skin tones and imaging conditions. Camera calibration (using the Android A50) was performed using checkerboard patterns to extract intrinsic parameters (focal length, optical center), ensuring accurate 3D point mapping for depth reconstruction.
Finally, ulcer segmentation employs a U-Net architecture CNN to generate binary masks for ulcer regions[36]. These are applied to depth maps in a 3D reconstruction pipeline as shown in Fig. 3 [37]:
Masked Depth Image Generation: Ulcer masks are resized and bitwise-applied to grayscale depth images to isolate wound areas.
Camera Calibration and Distortion Correction: Depth images are corrected using the camera’s intrinsic matrix and distortion coefficients to ensure spatial accuracy.
Point Cloud Generation: Using the pinhole camera model, depth pixels are projected into 3D coordinates. A structured point cloud is generated via the Open3D library—an open-source toolkit for 3D data processing[38].
Surface Normal Estimation: Local surface normals are estimated via a k-d tree–based neighbourhood search, which indexes the 3-D points for efficient nearest-neighbour queries (search radius 0.1, maximum neighbours 30) [39].
Poisson Surface Reconstruction:  A Poisson algorithm is applied to convert the oriented point cloud into a continuous, watertight 3D mesh. This method integrates surface normal information to infer topology[40].
Mesh Repair: Degenerate or incomplete mesh elements are removed. If watertight reconstruction fails, a convex hull approximation is used as a fallback[41].
Feature Extraction: Metrics include surface area (square centimeters (cm²)), volume (cubic centimeters (cm³)), bounding box dimensions, and depth stats (minimum, maximum, mean in centimeters (cm)) for tracking healing and severity.
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	Wound volume mesh reconstruction steps:  (a) 2D ROI, (b) point selection, (c) normal vector computation, (d) Poisson surface reconstruction, (e) wound (red) and skin (blue) mesh selection, and (f) wound volume reconstruction. Reproduced from [37] under CC by 4.0 license.


AI-Generated Thermal Imaging for Enhanced Detection
A Pix2Pix conditional Generative Adversarial Network (GAN), comprising a U-Net generator and a PatchGAN discriminator, is used for image-to-image translation tasks. In this context, it was trained on paired RGB and thermal ulcer images to generate synthetic thermal maps from standard foot photographs [42]. These AI-generated thermal images supplement real-time temperature sensor data to improve early inflammation detection and ulcer risk assessment. Patients are prompted to capture daily foot images to enable continuous thermal monitoring.
Guided Wound Management and Healing Prediction
For mild, non-infected ulcers, the mobile application provides interactive dressing tutorials to guide patients through proper at-home wound dressing, minimizing progression when clinical visits are delayed. An AI-derived healing score is calculated by integrating wound image features with patient-specific clinical factors such as:
HbA1c level[43].
Smoking status[44].
Nutritional status[45].
Peripheral Arterial Disease (PAD)[46]. 
These variables allow the system to personalize healing time predictions and recommend appropriate care plans. 
Ulcer Recurrence Prediction Dashboard 
The application includes a real-time recurrence prediction engine, analyzing historical smart shoe data—including pressure, moisture, and temperature patterns—from previous ulcer events. By comparing historical trends with live sensor readings, the system issues early warning alerts to both patients and clinicians, supporting proactive ulcer prevention and data-driven clinical intervention.
Data splitting
Stratified, patient-level splits (train/validation/test = 60%/20%/20%) were performed across sites, ensuring that no patient appeared in more than one split (random seed = 2025-07-01). Hyperparameters were tuned exclusively on the validation set.
Thresholds and alerts
We trigger a temperature alert for inter-foot ΔT ≥ 2.2 °C and a pressure alert above 110 kPa². Here, ΔT = mean(left) − mean(right) over matched plantar regions and time windows. Pressure exceedance is defined as p(t) > 110 kPa, with the daily rate (r) given below. Thresholds follow prior clinical studies and are held fixed across validation and test.
	
	(1)


Metrics
Overview. We report three primary metrics: root-mean-square error (RMSE) for depth/volume-derived scalars, mean relative error (MRE) for scale-normalised accuracy, and Dice coefficient for segmentation overlap. Units and symbols are defined once here and used consistently throughout.
Symbols.  denotes the reference scalar for sample i (e.g., depth in centimetres). denotes the model estimate. N is the number of test samples. P and G denote the predicted and ground-truth binary masks, respectively. ∣⋅∣ indicates set cardinality (pixel count). Square brackets indicate measurement units.
RMSE [ cm ]. Measures absolute error in physical units.
	
	(2)


MRE [ dimensionless ]. Measures scale-normalised error; lower is better.
	
	(1)


Dice [ 0,1]. Measures segmentation overlap; 1 is perfect agreement.
	
	(1)


Implementation Details
The mobile application was developed using Flutter, a cross-platform UI toolkit, with Dart as the programming language. All AI models were developed in Python and trained using Google Colab with GPU acceleration. The dataset was collected from various sources, mainly from public Kaggle datasets[47-51]. Other resources included online medical datasets and augmented images we created using Python code on Google Colab[12]. Each dataset was split into 80% training and 20% validation subsets. Model training was conducted over 100 epochs." The trained models were integrated into the Flutter application through cloud-deployed API endpoints, specifically FastAPI, allowing real-time fast communication between the mobile interface and hosted AI services [52].
 Results and Discussion
Cohort and ethics
The system was evaluated on 50 patients with clinically confirmed DFUs at the National Center for Diabetes, Endocrinology, and Genetics (NCDEG). Formal permission to access and use anonymised foot images stored on NCDEG’s secure systems was granted. Data were collected in accordance with institutional ethical guidelines and applicable privacy standards.
Acquisition and splits
Images of healthy skin, non-ulcer wounds (e.g., scratches), and DFUs were captured from multiple angles and plantar regions and were transferred to a calibrated Android smartphone for analysis. Results were computed on a held-out test set using patient-level splits; no patient was included in more than one split.

Evaluation policy
Clinical specialists validated image-level classifications to assess diagnostic accuracy. RGB→thermal renderings were used only as supportive visual aids and were not used for diagnostic decisions. 95% confidence intervals were reported via DeLong for AUROC and via Wilson for proportions; model comparisons were performed with paired DeLong tests where applicable.
Reproducibility
All figures were generated by the authors using Python in Google Colab (2024)..
A total of six AI models were evaluated using task-specific performance metrics: 
Multiclass Classification Models: For the three image classification models, Receiver Operating Characteristic (ROC) curves were generated using a One-vs-Rest strategy. Area Under the Curve (AUC) was used as the primary metric of classification performance. All reported AUCs include 95% confidence intervals to quantify statistical reliability.
Depth Estimation Model: Evaluated using Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Relative Error (MRE) to quantify depth calibration accuracy.
Wound Segmentation Model: Assessed using Intersection over Union (IoU) and Dice Coefficient, which measure spatial overlap between predicted and ground truth ulcer masks.
RGB-to-Thermal Image Translation Model: The performance of the Pix2Pix conditional GAN was evaluated using L1 loss, Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Structural Similarity Index Measure (SSIM), and Peak Signal-to-Noise Ratio (PSNR). L1 loss and MSE quantify pixel-wise accuracy between predicted and ground truth thermal images, while SSIM and PSNR assess structural and perceptual similarity. Together, these metrics ensure the synthetic thermal images preserve both temperature distribution patterns and anatomical realism necessary for early inflammation detection.
 Ulcer, Healthy, and Normal Wound Classification
The first model classified input images into three categories: ulcer, healthy skin, and normal wound. The corresponding ROC-AUC scores are illustrated in Fig. 4.
	[image: A graph of a curve

AI-generated content may be incorrect.]

	ROC curve for ulcer, healthy skin, and normal wound classification.


The model demonstrated robust classification performance, achieving ROC-AUC scores of 0.94 for ulcer, 0.91 for healthy skin, and 0.93 for normal wound.
All AUC scores exceeded 0.90, indicating strong discriminatory performance across all classes. The model exhibited no evidence of underperformance or class bias, confirming its robustness in distinguishing pathological and non-pathological skin conditions.
Wagner Grade Classification
The second model stratified ulcers based on Wagner severity grades. As shown in Fig. 5, the model achieved AUC scores of 0.980 for Grade 0, 0.950 for Grade 1, 0.910 for Grade 2, and 0.930 for Grade 3.
These high AUC values confirm the model's reliability in supporting clinical decision-making for ulcer severity assessment, from early-stage lesions to advanced grades.
0. Infection and Ischemia Classification
The third model focused on identifying infection and ischemia, including cases where both conditions co-occurred. As shown in Fig. 6, the model achieved AUC scores of 0.94 for cases with neither condition, 0.91 for infected cases, 0.88 for ischemic cases, and 0.88 for cases presenting both conditions.
All scores indicate good classification performance. Furthermore, Grad-CAM visualizations confirmed the model's clinical interpretability by highlighting pathologically relevant regions—specifically wound edges and areas of discoloration—thereby enhancing clinician trust in the system's predictions.
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	ROC curve for the Wagner Grades classification model. 
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	ROC curve for the infection and ischemia status model. 


Wound Depth Estimation and Calibration Accuracy
As illustrated in Fig. 7, the model achieved a mean squared error of 0.014, which is well below the threshold of 0.050; a root mean squared error of 0.123, below the threshold of 0.250; and a mean relative error during calibration of 0.131, compared to a threshold of 0.300.
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	Grouped bar chart representing depth model performances against acceptable thresholds.


All error metrics were significantly below acceptable thresholds, indicating precise and clinically reliable depth estimations. The low MRE reflects the model’s ability to maintain proportional accuracy across varied wound sizes, including small wounds where relative errors are typically exaggerated—enabled by effective normalization, input scaling, and post-training calibration. These results remained consistent under varied lighting and foot angle conditions, confirming the model’s robustness in real-world environments.
0. Wound Segmentation Performance
The fifth model was responsible for pixel-level segmentation of ulcer regions. Based on the grouped bar chart shown in Fig. 8, the observed performance metrics included a Dice coefficient of approximately 0.90, an Intersection over Union (IoU) of around 0.80, a pixel accuracy close to 0.99, and a loss value near 0.12 for both training and validation sets.
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	Grouped bar chart representing wound segmentation model metrics. 


The high Dice and IoU scores indicate strong overlap between predicted masks and ground truth labels, with minimal overfitting. While pixel accuracy was nearly perfect, Dice and IoU remained the primary indicators of segmentation quality. Notably, training loss was slightly higher than validation loss, suggesting stable generalization without significant overfitting. 
RGB-to-Thermal Image Translation Performance
The Pix2Pix conditional GAN was trained to convert RGB foot images into synthetic thermal maps. Based on Table I, the low L1, MSE, and RMSE values indicate strong pixel-level accuracy, while high SSIM and PSNR scores confirm that the synthetic thermal images closely resemble the structural and perceptual qualities of true thermal images. These results validate the model's ability to replicate heat distribution patterns crucial for early ulcer risk detection.
Table I. Performance Metrics Of The RGB-to-Thermal Image Construction Model on Training and Validation Sets. 
	Metric
	Training Set
	Validation Set

	L1 Loss
	0.010
	0.013

	MSE
	0.0018
	0.0025

	RMSE
	0.042
	0.050

	SSIM
	0.96
	0.94

	PSNR (dB)
	38.5
	36.8


Statistical Significance Testing
To verify the statistical significance of model performance, one-sample t-tests compared the accuracy (or equivalent metric) of each model against appropriate baselines:
For the three classification models, a baseline accuracy of 33.3% was used, reflecting random guessing in a balanced three-class problem. Validation accuracies from repeated runs were compared to this baseline.
For the segmentation model, the Dice coefficient was evaluated against a random baseline of 0.1, a value consistent with expected performance in highly imbalanced medical segmentation tasks where the foreground occupies a small portion of the image [53].
For depth estimation, a baseline MSE of 7775 was established using the pre-trained MiDaS model prior to fine-tuning. This reflects its average error against ground truth depth images. After fine-tuning on a paired RGB-depth dataset, the MSE was reduced to ~0.02.
All models yielded p-values well below 0.0001, validating significant performance gains over their respective baselines.
Comparison with Clinical Evaluations
The results indicated no significant difference between the application’s predictions and doctors’ evaluations, confirming the accuracy and reliability of the system. The smart shoe serves as a proof of concept, with all components and functionalities grounded in established clinical and technical studies.
Conclusion
This study presents an application that analyses diabetic foot images to enable low-cost, time-efficient, and non-invasive care. By coupling in-shoe sensing with an AI-enabled mobile workflow, the system supports patient self-assessment and streamlines clinical pathways through guided image capture, automated triage, and quantitative wound measurements. In practice, this reduces reliance on painful or resource-intensive procedures, lowers the frequency of in-person visits, and enables personalised prevention and early detection via longitudinal monitoring.
Several limitations remain: (1) manual entry of camera calibration parameters; (2) sensitivity to extreme variation in foot pose and lighting during image capture, which can degrade accuracy; and (3) limited diversity in the training dataset, especially for rare ulcer phenotypes and darker skin tones. Future work will address these constraints through automated, on-device calibration; augmented-reality guidance to standardise viewpoint and scale; and dataset expansion with balanced representation across sites, skin tones, and ulcer subtypes. In parallel, prospective external validation with patient-level splits, predefined operating points, and agreement studies against clinical reference standards is required before deployment at scale. Usability, safety, and data-protection evaluations will also be conducted to meet regulatory and post-market surveillance expectations.
If integrated into routine diabetic care, this technology could enable earlier intervention, reduce complications and avoidable admissions, and allocate specialist time to high-risk cases. As an added societal benefit, the approach supports Sustainable Development Goals by expanding access to preventive diabetic foot care (SDG 3: Good Health and Well-Being) through scalable digital infrastructure (SDG 9) while helping reduce disparities in outcomes across populations (SDG 10).
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