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Abstract  

Diabetic foot ulcers (DFUs) constitute a serious complication associated with diabetes mellitus and significantly increase the 

likelihood of lower-extremity amputation if timely treatment is not provided. Conventional evaluation approaches that rely 

heavily on clinicians’ visual judgment tend to be subjective and may result in inconsistent assessments. To overcome these 

limitations, this research proposes a multiclass DFU classification system grounded in the Wagner grading scheme (Grades 

0–5), employing a ResNet-50 deep learning architecture enhanced through transfer learning. The study utilizes a dataset of 

1,415 clinical wound images that were carefully labeled and verified by medical experts. However, the dataset exhibits a 

pronounced class imbalance, with 543 samples categorized as Grade 0, 110 as Grade 1, 252 as Grade 2, 145 as Grade 3, 293 

as Grade 4, and only 72 samples representing Grade 5. To address this issue, random oversampling (ROS) was applied in 

conjunction with common preprocessing techniques, including image normalization and data augmentation, to increase the 

diversity of training data. The experimental evaluation indicates that the proposed approach achieves robust classification 

performance across multiple metrics, namely accuracy, precision, recall, and F1-score. The model records a precision value 

of 0.96, a recall of 0.95, and an F1-score of 0.95, reflecting consistent and reliable performance across all Wagner grades. 

The optimal model configuration, which integrates ResNet-50 with ROS, significantly improves prediction accuracy for 

underrepresented classes, particularly Grades 1 and 5. Moreover, the classifier demonstrates stable recognition of rare 

categories without signs of overfitting. The incorporation of the Adam optimization algorithm alongside data balancing 

strategies further strengthens the model’s generalization capability. Overall, the results suggest that the proposed framework 

not only enables accurate automated classification of DFUs but also offers considerable potential to assist objective clinical 

decision-making and accelerate diagnostic processes, especially in resource-constrained healthcare settings. 
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1. Introduction  

Diabetes mellitus is recognized as a long-standing 

metabolic disorder that stems from abnormalities in how 

insulin is produced or how effectively it functions in the 

body, leading to excessive accumulation of glucose in the 

blood. Indonesia is currently the world’s fifth-largest 

contributor to diabetes cases, affecting approximately 

19.5 million individuals, as reported by the IDF in 2021 

[1].Diabetic foot ulcers (DFU) are among the most serio

us consequences of diabetes, a condition that may 

progress to serious infection, sepsis, and eventual lower-

limb amputation when adequate treatment is not 

provided. Globally, DFU represents the leading cause of 

limb loss unrelated to traumatic injury, with 

approximately 80% of amputation cases originating 

from untreated DFU wounds [2]. In Indonesia, the 

complication rate of DFU is relatively high. A study at 

Dr. Soetomo General Hospital reported that 68.26% of 

DFU patients developed sepsis, with a mortality rate of 

40.93% [3]. Meanwhile, at Dr. Kariadi Central General 

Hospital, 36.3% of patients underwent amputation, a 

figure that increased significantly amid the COVID-

19 outbreak [4]. According to Wagner's research [5], 

[6]. DFU is classified into 6 classes (grade 0 - grade 6), 

but this approach is subjective, reliant on clinical 

experience, and prone to inconsistencies. Therefore, 

technology-based solutions are needed to help the 
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process of diagnosing and classifying wounds 

automatically, quickly, and objectively [7], [8]. 

Conventional machine learning approaches for 

classifying DFU—such as SVM and KNN—typically 

focus on binary tasks, distinguishing categories like 

ischemic vs. non-ischemic or infectious vs. non-

infectious, and these methods have reported strong 

accuracy levels [9]. However, this method has some 

drawbacks: feature extraction is done manually, 

processing a large volume of DFU images is time-

consuming, and its practical use remains restricted 

because the classification is still relatively coarse and 

limited to binary categories [10]. 

Technological advances such as digital documentation 

and telemedicine have increased the accuracy of wound 

classification by up to 35% compared to conventional 

methods[11]. Image analysis techniques (semantic 

segmentation) are also used to objectively obtain all 

information about the wound through every pixel 

generated by the wound image  [12]. 

The Convolutional Neural Network (CNN) method is a 

model that is often used in several studies [13] - [16] to 

automatically detect diabetic foot disease through the 

classification of foot images. Among these, Thotad et al. 

[16] utilized a clinical dataset of diabetic foot ulcer 

images collected from hospital patients, while other 

studies focused on CNN architectures and their 

generalization ability in image recognition tasks using 

public image datasets. The EfficientNet model, which is 

a development of CNN, is also applied by combining 

techniques such as residual connections, dropouts, global 

average pooling, and data augmentation so that it is able 

to enhance the model's ability to differentiate between 

healthy feet and diabetic feet [17]. In that study, 

Almufadi et al. [17] used the Diabetic Foot Ulcer 

Challenge (DFUC) dataset, which contains ulcer and 

non-ulcer foot images collected from multiple clinical 

sources.Deep learning approaches are also applied to 

detect DFU through several pre-trained models such as 

AlexNet [18], VGG16/19 [19] - [21], GoogleLeNet [9], 

ResNet50/101 [19], [20], [22], MobileNetV2 [15], 

SqueezeNet [23], and DenseNet201 [24]. Most of these 

models were evaluated on general medical imaging 

datasets (e.g., histopathology, chest X-ray, or skin lesion 

datasets) rather than DFU-specific datasets. However, 

based on several comparative studies, the ResNet model 

consistently shows the best performance because it can 

learn complex hierarchical features [19], [25] - [28], 

overcome accuracy degradation [10], [28] - [30], and 

mitigate gradient vanishing during training [28], [31]. 

The limited number of DFU images makes [10] using a 

few-shot learning approach by leveraging the ResNet-50 

architecture and transfer learning. This model aims to 

classify images of diabetic foot ulcers into three levels of 

zero, mild, and severe severity automatically and 

efficiently based on the Wagner scale. In its 

implementation, the DFU data, which initially only 

amounted to 1415 images, was multiplied to 3000 

through data augmentation using geometric 

transformations and the addition of random noise. The 

pre-trained ResNet-50 model is then fine-tuned for 

retraining. The results of the experiments show that this 

approach performs well when recognizing wound 

imagery, making it an effective solution, especially for 

clinical devices with limited computing resources. 

Although the DFU classification approach based on 

three grades (zero, lightweight, and heavy) performs 

well, this simplification tends to ignore the clinical 

complexity inherent in the six-level Wagner Scale 

classification (grades 0–5) [6]. Each level on that scale 

has a significant clinical difference and has a direct 

impact on determining the right therapy. Classification 

by six classes allows the system to provide a more 

detailed and medically relevant diagnosis. Although 

this approach is more complex and faces challenges 

such as data imbalance and visual similarity between 

classes, advances in deep learning methods such as 

class Imbalance, focal loss, and attention mechanism 

can overcome these barriers. Thus, the classification of 

six classes based on the Wagner Scale is considered 

more representative to support accurate clinical 

decision-making than the generalized approach of the 

three-class classification. 

A range of imbalance-handling techniques has been 

introduced to mitigate issues arising from unequal class 

distributions [32], [33], reduce algorithmic bias towards 

the majority class, as well as increase the sensitivity of 

the minority class [34]. These methods generally fall 

into three groups: data-level strategies that focus on 

resampling, algorithm-level strategies that modify the 

classification models themselves, and hybrid strategies 

that integrate elements of both approaches [35]. In a 

data-level approach, each resampling method works in 

a different way to address class imbalances [36] 

Oversampling works by expanding the minority-class 

samples, typically through methods like the Synthetic 

Minority Oversampling Technique (SMOTE), 

Borderline-SMOTE, Random Oversampling (ROS), 

and SVM-SMOTE [37]. 

2. Methods 

This study uses an experimental design and a 

quantitative methodology to investigate and evaluate 

several pre-processing methods for ResNet-based 

diabetic ulcer image classification using the Wagner 

Scale [10], [38] as shown in Figure 1.  

This method enables an objective evaluation of how 

clinical data imbalance influences the results, as well as 

the effectiveness of the pre-processing strategies 

implemented. 

ResNet-50 was chosen because it is one of the stable 

deep convolutional neural network architectures and 

has a strong ability to capture hierarchical 

representations of features [39], [40]. This architecture 

consists of 50 layers with a residual learning 

mechanism, specifically, a shortcut connection that 

enables gradients to pass directly to earlier layers 
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without diminishing, hence assisting in reducing the 

vanishing-gradient problem that deep learning frequently 

faces [40], [41]. 

 

Figure 1. Research Workflow 

 

2.1 Data Collection 

The dataset employed in this study comprised 1,415 

images of diabetic foot ulcers, which have been classified 

based on the Wagner scale into six classes (Grade 0 to 

Grade 5). The dataset was obtained from a private 

hospital in Semarang, Indonesia, collected from patient 

records under ethical approval. Due to patient privacy 

and data protection regulations, this dataset is not 

publicly available. This dataset was collected from open 

dataset sources and the results of collaboration with 

health service institutions. Each image has gone through 

a label validation process by competent medical 

personnel. 

In Table 1, image data is collected from 1,415 images of 

diabetic ulcer wounds and has 6 different classes. Grade 

0 consists of 543 images, this grade is marked as no open 

ulcers but there is a deformity of the leg. Grade 1 consists 

of 110 images characterized by superficial ulcers that hit 

the surface layer of skin. Grade 2 consists of 252 images 

marked as deeper ulcers until they reach tendons and 

ligaments. Grade 3 consists of 145 images, this grade is 

an ulcer that is accompanied by an infection (abscess) or 

osteomyelitis. Grade 4 consists of 293 marked limited 

local gangrene, usually in just one toe stool. While grade 

5 consisted of 72 images characterized by total gangrene 

of the leg and required amputation.  

2.2 Preprocessing 

The preprocessing stage aims to improve image quality, 

allowing models to learn from cleaner and more 

informative data [42]. In this study, preprocessing begins 

with the process of normalizing the image and changing 

the size of the original image to 224 x 224 pixels. Data 

Normalization is a preprocessing technique used to adjust 

the scale of data, so that features contribute to model 

performance [43], [44] The dataset is normalized by 

converting the pixel value to a range [0,1] This 

normalization step is performed by scaling the original 

pixel intensities through division by 255, ensuring that 

all input values fall within a uniform range and thereby 

enhancing the model training process's stability. 

Table 1. Dataset  

Label Name Private Data Photo 

Grade 0 543 

 
Grade 1 110 

 
Grade 2 252 

 
Grade 3 145 

 
Grade 4 293 

 
Grade 5 72 

 

At this stage, data augmentation is also carried out 

which aims to create new data to increase the diversity 

and adequacy of training data so that features are more 

comprehensive [45], [46]. The augmentation methods 

applied include zooming the images by up to 20% to 

improve robustness against resolution changes, 

horizontal shifts of as much as 10% of the image’s 

width and vertical shifts of up to 10% of its height, 

thereby simulating minor positional variations of the 

ulcer. 
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2.3 Class Balancing  

To handle the class imbalance present in the DFU dataset, 

Random Oversampling (ROS) is applied as the 

subsequent step. This approach aims to equalize the 

sample distribution across Wagner scale categories by 

randomly replicating instances from underrepresented 

classes within the training data [47].  The oversampling 

procedure is iteratively performed until the number of 

samples in each minority class matches that of the 

majority classes, as formulated in Equation 1. 

𝑁𝑜𝑣𝑒𝑟𝑠𝑎𝑚𝑝𝑙𝑒 = 𝑁𝑚𝑎𝑥 − 𝑁𝑚𝑖𝑛𝑜𝑟             (1) 

𝑁ₒᵥₑᵣₛₐₘₚₗₑ is the number of additional samples that need to 

be doubled for the minority class; 𝑁ₘₐₓ  are the number 

of samples in the majority class ; and 𝑁ₘᵢₙₒᵣ  are the 

number of samples in minority classes 

Finding the difference between the dominant and 

minority classes is the first step. Minority-class cases are 

then randomly chosen and repeatedly added to the 

training set after the computed difference is utilized to 

estimate how many samples must be reproduced [48]. 

 

Figure 2. Random Oversampling (ROS) 

2.4. Residual Network (ResNet) 

Residual Network is a variant of CNN introduced by 

Kaiming He in 2016 that aims to address CNN 

performance issues on Deep learing networks. This 

architecture consists of 50 layers with a residual learning 

mechanism, namely a shortcut connection that allows the 

gradient to flow directly to the previous layer without 

degradation, thus overcoming the problem of vanishing 

gradient in deep learning [22], [29]. The design of this 

architecture aims to address challenges commonly 

encountered during deep learning model training, where 

processing time is substantial and performance tends to 

decline as the network depth increases [49]. ResNet 

addresses this complexity by incorporating skip, or 

shortcut, connections into the network [22]. Unlike 

conventional architectures that tend to experience a 

decrease in accuracy on very deep networks, ResNet is 

able to maintain performance even though the number of 

layers increases significantly [50] In addition, 

computational calculations are lighter and the ability to 

train the network is better [51].  The ResNet architecture 

is realized by inserting skip connections across two to 

three layers that include ReLU activation and batch 

normalization, as illustrated in Figure 3.  

 

 

Figure 3. ResNet-50 Architecture 

In research [30] these results demonstrate that the 

ResNet model is quite successful at extracting visual 

information, outperforming alternative designs in 

picture classification tasks. By introducing residual 

learning, He et al. made it possible to apply it again 

across several layers. Equation 2 defines residual blocks 

on ResNet [41]. 

𝑦 = 𝐹 (𝑥, {𝑊𝐼}) + 𝑥                             (2) 

Equation 2 is a function of the transformation F to the 

input x using the parameter {,W-I.}. The result of the 

function is then summed with the original input x, 

resulting in the final output y [41]. This summation 

serves as a residual connection, which helps to 

overcome the problem of degradation in the deep 

network, and simplifies the training process by 

retaining information from the initial input [41]. The 

next steps to perform a Bottleneck Residual Block as 

shown in Equation 3. 

𝐹(𝑥) =  𝑊3. 𝜎(𝑊2. 𝜎(𝑊1. 𝑥))             (3) 

Equation 3 starts by matching the input x with the 

matrix weight  𝑊1, then the result is passed to the 

activation function σ (such as ReLU). The output of 

such activation is then multiplied by the weight 𝑊2, 

followed by activation σ finally the result is multiplied 

by the weight 𝑊3 to produce the final output of the 

transform function 𝐹(𝑥) [41].    

An overview of the ResNet50 model's hyperparameters, 

which were chosen as the experiment's training option, 

is shown in Table 2. The Adam optimizer is used to 

optimize the model, and the loss function is categorical 

cross-entropy, which makes it suitable for multi-class 

classification applications. 

In addition to the basic configuration, this study also 

compares two derivative architectural approaches, 

namely ResNet-50 + GAN and ResNet-50 + Random 

Over-Sampling (ROS) as strategies for addressing data 

imbalance 

The Generative Adversarial Network's (GAN) 

generative power and ResNet-50's feature extraction 

capabilities are combined in the ResNet-50 + GAN 

architecture. This approach allows the creation of 

synthetic imagery that resembles the original data, so 

that the amount of data in the minority class can be 
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significantly increased and the model obtains a more 

diverse variety of training data. Study by[52] states that 

the combination of ResNet-50 and DC-GAN in the 

classification of medical images can increase the F1-

score by 5.8% compared to pure ResNet-50 [52]. Ribas 

et al [53] In its survey study, it was stated that the use of 

Generative Adversarial Network (GAN) in ResNet-based 

classification architecture was generally able to improve 

model performance in minority classes, especially in 

datasets with extreme imbalances. However, they also 

emphasized that this approach has the drawback of 

training instability and requires longer training times, 

especially on datasets with limited sizes  [53]. 

Table 2. Model training process 

Parameter Value Classic Layers Resnet50 

Layers 

Optimizer Adam  Input Image  

(200 x 200 x 1)  

Input Image  

(224 x 224 x 1) 

Max Epoch  100 Convolutional  

(3 x 3 x 8) 

Batch 

Normalization 

ReLU 

Convolutional 

(7 x 7 x 64) 

Batch 

Normalization 

ReLU 

Validation 

Frequency  

30 Max Pooling  Max Pooling  

InitialLearnRate 0.0001 Convolutional  

(3 x 3 x 16) 

Batch 

Normalization 

ReLU 

Residual 

Block  

(64, 64) 

(64, 64) 

(64, 64) 

Residual 

Block  

MiniBatchSize 64 Convolutional  

(3 x 3 x 32) 

Batch 

Normalization 

ReLU 

Residual 

Block  

(128, 128) 

(128, 128) 

(128, 128) 

Residual 

Block     
Residual 

Block  

(256, 256) 

(256, 256) 

(256, 256) 

Residual Block 

Execution by 

GPU  

 
Max Pooling  Residual 

Block  

(512, 512) 

(512, 512) 

Average 

Pooling Layer 

(1 x1) 

Fully 

Connected 

Layer (3) 

Softmax 

Classified  

Random Over-Sampling (ROS) is one of the data-level 

balancing techniques widely used to address classroom 

imbalances prior to convolutional neural network (CNN) 

training. Senturk & Budak in his research [54] explained 

that ROS has a major advantage in the form of simplicity 

of implementation, because it is carried out only in the 

pre-processing stage without changing the CNN 

architecture. In addition, ROS is able to increase 

sensitivity to minority classes and improve overall 

prediction results when the dataset used has an 

unbalanced distribution. The same thing was also 

discovered by Gupta et al. On the study [55] reported 

that the application of ROS to CNN improved the 

model's ability to recognize minority classes, resulting 

in higher recall and F1-score rates than training without 

oversampling.  

Although Generative Adversarial Networks (GAN) are 

frequently regarded as a more advanced approach for 

handling class imbalance, in this case Random Over-

Sampling (ROS) provides several practical advantages. 

Compared to GAN, ROS is characterized by its ease of 

implementation, lower computational cost, and higher 

training stability, as no adversarial training between a 

generator and discriminator is needed. We formally 

address this in the case of GANs by definition, a 

Generator and Discriminator pair, mathematically. The 

generator generates fake samples G(z) that are similar 

to data x, and the discriminator estimates and 

differentiates real data from the generated ones. The 

train of the training is cast into min-max optimization, 

as demonstrated in Equation 4. 

min
𝐺

max
𝐷

𝑉 (𝐷, 𝐺) = 𝐸𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log 𝐷 (𝑥)] +

𝐸𝑧∼𝑝𝑧(𝑧) [log (1 − 𝐷(𝐺(𝑧)))]                          (4) 

On the other hand, GAN-based approaches are capable 

of producing diverse and realistic synthetic samples, 

which makes them suitable for extremely imbalanced 

datasets with very limited minority class 

representations. Nevertheless, GANs usually demand 

careful tuning of training parameters and are prone to 

instability issues, such as mode collapse, which may 

negatively affect model performance. In this study, the 

available dataset still contained a sufficient number of 

samples and the degree of class imbalance was 

relatively moderate; therefore, the ROS-based approach 

yielded more stable and accurate results compared to 

the GAN-based method, which tends to be more 

effective only in scenarios where the minority class is 

extremely underrepresented and additional synthetic 

variability is necessary. 

2.5. Evaluation Model  

The evaluation of the proposed model was conducted 

using a confusion matrix that compares the predicted 

class outcomes with the corresponding ground-truth 

labels [15]. Performance assessment was carried out 

using accuracy, precision, recall, and F1-score metrics, 

all of which were derived from the confusion matrix 

presented in Table 3. 

Table 3. Confusion Matrix 

Class Actual Yes Actual No 

Predict Yes True Positive (TP) False Positive (FP) 

Predict No  False Negative (FN) True Negative (TN) 

 

A number of assessment metrics are used to evaluate the 

model's performance[56]. The right percentage of the 

prediction is used to compute accuracy. While recall 

measures how well the model detects all real positive 
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instances, precision shows the percentage of positive 

predictions that are truly accurate. By combining recall 

and precision into a single, cohesive metric, the F1-score 

offers a fair evaluation. 

To overcome this, Random Oversampling is carried out 

by doubling the sample from the minority class until the 

number is equal to the class with the largest number. This 

process is calculated using Equations 5 to 7. 

 

𝐴𝑘𝑢𝑟𝑎𝑠𝑖 =
𝑇𝑃+𝐹𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                 (5) 

 

𝑃𝑟𝑒𝑠𝑖𝑠𝑖 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                   (6) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                 (7) 

3. Results and Discussions 

3.1 Result  

This research is directed to build and test an effective 

classification model in the context of the problem, 

namely medical imaging which is specifically focused 

on the detection and recognition of diabetic ulcer 

lesions. The model used adopts the ResNet-50 deep 

learning architecture with a transfer learning approach, 

which allows the utilization of the weight of the initial 

training results (pretrained) to improve the efficiency 

and accuracy of training on a limited dataset. The main 

goal of this model is to automatically identify and 

classify diabetic ulcer lesions into six severity levels 

according to the Wagner scale, namely Grade 0 to 

Grade 5. This classification is expected to assist medical 

personnel in assessing the severity of injuries 

objectively and quickly, thereby accelerating clinical 

decision-making and supporting more optimal 

management of diabetes patient care.  

The findings presented in Figure 4 show that the image 

data used in this study consisted of 1,415 images 

classified into six different classes based on the severity 

of the injury.  

 

Figure 4.  Implementation of Random OverSampling (ROS) 

The distribution of data shows a significant imbalance. 

Grade 0 is the majority class with 543 images, marked by 

the absence of open ulcers but there is a deformity of the 

legs. Meanwhile, other classes such as Grade 1 (110 

images), Grade 3 (145 images), and Grade 5 (72 images) 

had a much smaller number of images, indicating that the 

data falls into the category of imbalanced datasets. This 

inequality can negatively impact the performance of 

classification models, especially in detecting minority 

classes such as Grade 1 and Grade 5. The model tends to 

be biased towards the majority class and ignores classes 

with small amounts of data [33], [35].  Therefore, two 

balancing techniques are applied: SMOTE and Random 

Over Sampling (ROS) [32]. 

3.2 Baseline ResNet Model Result 

The model was trained for 100 epochs without using 

EarlyStopping, utilizing the ReduceLROnPlateau  

method to automatically set the learning rate. The 

training process showed good convergence, 

characterized by a decrease in losses and an increase in 

accuracy in validation data.  

In Figure 5, the training curve for ResNetNet-50 

without a data balancing method shows that the loss 

decreased drastically during the first 10 epochs, and 

then stabilized. However, in the validation accuracy 

graph (right), there is an inequality between training 

accuracy and validation. This reflects the potential for 

overfitting because models tend to learn better against 

the majority class, but have difficulty generalizing to 

minority data. Validation accuracy stagnated in the 60–

70% range after the 40th epoch, suggesting that the 

model was not able to recognize patterns in minority 

classes consistently.  

Figure 6 illustrates the training of the ResNet-50 model 

with data balancing using the Generative Adversarial 

Network (GAN). Although the model can learn from 

the GAN's synthetic data, the learning process is not yet 

completely stable, as evidenced by the validation loss's 

large fluctuations and the training loss curve's relative 



 

Ramadhan et al                                Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 6 (2025) 

 

1434 

 

stability. However, the validation accuracy shows a trend 

of slowly but consistently increasing, reaching a value of 

around 85%. This shows that the GAN approach is able 

to improve the performance of the model in recognizing 

minority data, but the complexity of the GAN model 

requires further tuning and stabilization.  

Figure 7 Training and validation loss curves (left) and 

corresponding accuracy curves (right). The loss curve 

shows that the model experienced a consistent decrease 

in error to a steady decline at around the 30th epoch. 

The accuracy curve shows a rapid improvement, with 

validation values reaching an average of 92.7%, 

reflecting good generalizations. 

 

Figure 5. ResNet-50 curve 

 

 

Figure 6. ResNet-50 curve Using GAN 

 

 

Figure 7. ResNet-50 curve using ROS 

There is no indication of significant overfitting, as the 

loss and accuracy of the validation data tend to be 

parallel to the training data. The classification 

evaluation is shown in Table 4.  

The classification results are mostly correct, with the 

dominance of correct predictions in the main diagonal. 

Misclassification mainly occurs between Grade 2 and 

Grade 3, which is most likely due to the similarity of the 

visual characteristics of the wound in those classes. The 

fixed model is able to recognize minority classes such 

as Grade 1 and Grade 5 with fairly good accuracy as 

shown in Table 5.  

The diabetic ulcer imagery dataset used has an 

unbalanced class distribution. To overcome this, a 
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combination of techniques is used, namely Data 

augmentation including rotation, flipping, zoom, and 

lighting. Furthermore, Oversampling is carried out to 

balance the number of minority class samples.  

Table 4 Performance Comparison of ResNet-50 Model with and 

without Imbalance Handling Techniques 

 

Accuracy Precision Recall 
F1-

Score 

Resnet 50 0.71 0.71 0.69 0.66 

Resnet 50 

+ GAN 

0.85 0.85 0.85 0.84 

Resnet 50 

+ ROS 

0.96 0.96 0.95 0.95 

Table 5 Performance Comparison of ResNet-50, ResNet-50 + GAN, 

and ResNet-50 + ROS by Grade 

Grade Resnet 

50 

Resnet 50 + 

GAN 

Resnet 50 + 

ROS 

0 0.97     0.86 1.00 

1 0.40 0.94 0.98 

2 0.48 0.80 0.90 

3 0.45 0.94 0.98 

4 0.60 0.70 0.98 

5 1.00 0.86 0.98 

No substantial signs of overfitting are observed, as the 

validation loss and accuracy trends closely follow those 

of the training phase. The comprehensive classification 

outcomes are presented in Table 4, demonstrating that 

the incorporation of class imbalance mitigation 

techniques significantly enhances the performance of 

the ResNet-50 model across Precision, Recall, and F1-

score metrics. Specifically, the standard ResNet-50 

model achieves an F1-score of 0.66, while the 

integration of GAN-based augmentation and Random 

Oversampling improves the F1-score to 0.84 and 0.95, 

respectively.  

To better understand the source of this improvement, 

Table 5 presents a detailed breakdown of the model 

performance per class. As shown in Table 5, the fixed 

models (GAN and ROS) produce substantially higher 

scores across minority classes such as Grade 1 and 

Grade 5, where the baseline ResNet-50 only achieved 

0.40 and 1.00, while the ROS-based model reached 0.98 

for both grades. These results support the aggregated 

performance values reported in Table 4 and 

demonstrate that the improvement is not limited to the 

majority class (e.g., Grade 0), but also occurs across 

minority classes. Misclassification mainly occurs 

between Grade 2 and Grade 3, most likely due to the 

similarity of visual characteristics and overlapping 

feature distributions in these classes. The diabetic ulcer 

dataset used in this study is highly imbalanced. To 

address this issue, a combination of data augmentation 

(rotation, flipping, zooming, and lighting variations) 

and oversampling has been applied. The evaluation 

shows that this approach is effective, since there is no 

noticeable decline in the performance of the minority 

classes. In fact, the highest F1-Score values were 

obtained in Grade 0 (1.00) and Grade 5 (0.98), while the 

lowest performance appeared in Grade 2 (0.90) due to 

visual similarities with Grade 3.  

3.3 Model Optimization and Data Balancing Result 

This research combines model optimization strategies 

with data balancing methods to improve overall 

classification performance. The integration of these 

techniques not only speeds up the training process but 

also enhances the model’s generalization capability 

when applied to previously unseen data. In the 

optimization stage, the ResNet-50 model is trained 

using the Adam (Adaptive Moment Estimation) 

optimizer, which is commonly recognized as a highly 

effective optimization algorithm in deep learning 

applications [30], [57], [58]. By utilizing estimations of 

both the first-order moment (mean of the gradients) and 

the second-order moment (variance of the gradients), 

the Adam optimizer is able to automatically adjust the 

learning rate. This mechanism facilitates faster 

convergence while minimizing the likelihood of the 

optimization process becoming trapped in local minima 

[30], [57], [58]. As a result, the model can attain high 

levels of accuracy within a relatively short and stable 

training duration. 

The distribution of classes in the dataset shows a 

considerable imbalance, where majority classes such as 

Grade 0 have a much larger number of images than 

minority classes such as Grade 1 and Grade 5. This 

imbalance can introduce classification bias. To address 

it, random oversampling is performed by repeatedly 

replicating minority-class samples until their quantity 

equals that of the majority class. Figure 2 shows the data 

distribution both prior to and following the 

oversampling procedure. 

The augmentation technique is carried out by producing 

new variations of the original image using 

transformations such as rotation (20°), zoom (20%), 

shear (10%), shifting (horizontal and vertical), and 

flipping. This aims to increase the diversity of training 

data and help the model be more resilient to visual 

variation in the real world.  

After augmentation, the distribution of data still shows 

inequality between classes. Therefore, random 

oversampling is carried out, which is the random 

addition of copies of data from the minority class until 

the number is equivalent to the majority class [55]. 

Figure 2 shows the initial unequal distribution of data, 

and after oversampling shows an even distribution of 

class data. The implementation of this strategy showed 

a significant improvement in classification 

performance, especially in classes with a small amount 

of initial data. The F1-score for Grade 1 and Grade 5 

reached 0.97 and 0.99 respectively, close to the 

performance of the majority class. This suggests that 

this approach has succeeded in reducing classification 

bias and improving minority class representation, which 

is especially important in the context of uneven medical 

data.  

The findings of this study indicate that the ResNet-50 

model, when combined with transfer learning, performs 

highly effectively in multi-class classification tasks 
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involving limited medical imaging datasets. The high 

and stable F1-score across the class shows that the 

model can generalize well, even without regulatory 

techniques such as early stopping. Compared to 

previous studies that used standard CNN for the 

classification of diabetic ulcer lesions, this approach 

provides a significant improvement in accuracy and 

resistance to overfitting. Some previous studies 

reported an accuracy of around 85–88%, while the 

model in this study achieved an average accuracy of 

97%. One of the main strengths of this model is the 

ability to classify minority classes, such as Grade 1 and 

Grade 5, thanks to oversampling and data augmentation 

strategies. This is important because in clinical practice, 

it is often the minority class that needs special attention 

the most. 

However, there are some limitations that need to be 

noted. One of them is the visual similarity between 

classes, which causes ambiguity in classification. A 

potential solution to this challenge is to integrate 

additional clinical features (e.g. wound size or healing 

time) or to use model interpretability techniques such as 

Grad-CAM. 

The implication of this study is that AI-based systems 

like this can be a reliable diagnostic tool in clinical 

settings, particularly in areas with limited medical 

resources. With further integration into clinical 

applications, these models can accelerate the wound 

triage process and improve therapeutic decision-

making. 

4. Conclusions 

This research successfully developed a diabetic foot 

ulcer wound image classification model based on the 

Wagner grading system by utilizing the ResNet-50 

architecture combined with a transfer learning strategy. 

The proposed model is capable of identifying and 

categorizing wound images into six severity levels, 

ranging from Grade 0 to Grade 5. 

Based on the training and evaluation outcomes, the 

model exhibited excellent performance, achieving an 

average validation accuracy of 97%. Additional 

evaluation using precision, recall, and F1-score metrics 

produced a weighted F1-score of 0.97, demonstrating 

the model’s reliability and consistency in multi-class 

classification tasks. The highest F1-scores were 

observed for Grade 0 (1.00) and Grade 5 (0.99). In 

contrast, the lowest precision value was recorded for 

Grade 2 (0.90), which may be attributed to visual 

similarities between Grade 2 and Grade 3 wound 

characteristics. 

The application of data augmentation and oversampling 

techniques has proven to be effective in overcoming 

class distribution imbalances, so that the model is able 

to classify minority classes such as Grade 1 and Grade 

5 optimally. In addition, the model showed stable 

convergence during training, without overfitting, 

although it did not use the early stopping. 

Overall, the findings of this study indicate that the 

ResNet-50 architecture demonstrates strong potential 

for integration into artificial intelligence–based systems 

to support automated diagnosis of diabetic foot ulcer 

wounds.. Further research can be developed by adding 

non-visual features, expanding the variation of the 

dataset across institutions, and applying model 

interpretability techniques such as Grad-CAM to 

increase clinical confidence in the developed system. 
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