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The accurate identification of nail-fold capillaries is essential for the early detection of 

systemic diseases such microvascular abnormalities and systemic sclerosis. The complexity 

of capillary design and variations in image quality present significant challenges for precise 
identification in automated detection systems. An enhanced Deep Learning (DL) 

architecture that incorporates morphological preprocessing, shape-based feature 

enhancement, and a robust object recognition foundation. To emphasize essential vascular 

features, shape focus and extraction modules are performed after input images have 

previously undergone preprocessing with morphological filters to decrease noise and 

maintain capillary structures. YOLOv12 is utilized to accomplish the detection task using 

an enhanced backbone architecture based on Residual-Expanded Layer Aggregation 

Network (ReLAN), which improves feature reuse, gradient flow, and spatial representation. 

While significantly improving detection accuracy, this backbone maintains real-time 

functionality. To provide transparency and clinical reliability, the system makes use of 

Explainable AI (XAI) tools, especially saliency heatmaps, which highlight the critical areas 

influencing model predictions and provide interpretability for medical experts. The 
proposed approach achieves the highest accuracy of 88%, 90% of precision, 89% of recall, 

86% of map-50 and 88% of map50-95. These results of the experimental evaluation 

demonstrate that a reliable and understandable solution for nail-fold capillary detection in 

clinical applications were achieved using the proposed approach. 
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I. INTRODUCTION 

The microvascular structure in nail-fold capillaries is capable of being directly and noninvasively assessed using Nail-Fold 

Capillaroscopy (NFC), a conventional technique for health evaluation. In order to sustain microcirculation and enable material exchange 

throughout the body, microvascular integrity is essential. According to earlier research, microcirculatory alterations result from conditions 

like diabetes, rheumatoid arthritis, Raynaud's phenomenon, and systemic sclerosis (SSc) [1]. SSc is a disease caused by vascular lesions 

and autoimmune disorders that limit blood flow and induce organ fibrosis throughout the body. NFC is a non-invasive, easy-to-use, and 

economical method that offers vital information on microvascular anomalies in living tissues. In the past, the NFC has been used to 
investigate the microvascular changes in nail-fold capillaries linked to different rheumatologic disorders. The growing body of research 

on NFC in rheumatic disorders demonstrates the technique's effectiveness in clinical settings as well as the variety of research applications.  
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Additionally, the NFC has been useful in studying other systemic conditions including schizophrenia and diabetes mellitus that 
are marked by changes in capillary architecture [2-4]. The nail-fold bed's microvascular involvement is a reflection of the body's general 

microvascular damage and is directly correlated with the target organs' involvement. In addition to enabling the early diagnosis of 

connective tissue diseases, primarily SSc by differentiating between primary and secondary Raynaud's phenomenon, NFC also offers 

information on the disease's prognosis based on the degree of target organ damage in these conditions18. Nail-fold capillary abnormalities 

occur in 70–80% of SSc patients and 9–27% of non-SSc individuals, respectively [5-7]. The NFC method captures precise images of nail-

fold capillaries using a capillaroscope. Following the acquisition of these images, clinicians use their critical experience to visually analyze 

and manually measure a variety of factors, such as the existence of dilated capillaries, capillary morphology, and capillary density, which 

is measured as the number of loops per millimeter [8]. Although this clinical analysis, which is motivated by their experience, is essential, 

it is still very difficult to provide uniform and standardized assessments among healthcare providers. Although attempts have been made 

to automate capillary image analysis, results have not yet improved due to capillary size variability [9-11]. This variation in size restricts 

the training of machine learning models and ultimately leads to less-than-ideal prediction performance, which cause patients to receive a 
delayed or incorrect diagnosis [12]. The present research proposed an improved deep learning-based technique for automated nail-fold 

capillaroscopy image processing in order to overcome this restriction.  

This method used object detection algorithms to automatically identify and categorize the morphology of individual nail-fold 

capillaries, which are important characteristics for medical diagnostics in general and early SSc diagnosis in particular since they indicate 

the involvement of internal organs [13-15]. Additionally, the proposed method's improved deep learning framework demonstrated that it 

could identify capillaries in multi-scale, untrained microscopic images.  This research work includes preprocessing, model selection and 

explainable AI stages to evaluate the process for the detection of real time nail-fold capillaries. In order to discover nail-fold capillaries, 

the image is prepared and refined using preprocessing techniques such shape focus, shape extraction, and morphological filtering, which 

facilitate the identification and analysis of capillary structures. These procedures are intended to attract attention to the pertinent shapes, 

improve the image quality, and increase the precision and effectiveness of capillary identification [16-18]. The preprocessed image is 

then fed to model selection stage where it is capable of accurately identifying and localizing capillary structures in microscopic images 

[19]. While conventional DL models are capable of detecting nail-fold capillaries that are often suffer from limitations such as restricted 
accuracy, poor generalization across diverse image qualities and difficulty in capturing the intricate vascular structures and variations 

present in capillary patterns and table 1 illustrates the DL methods to detect nail-fold capillaries [20].  

Table 1: Related works for DL methods to detect Nail-fold capillaries. 

S. No 
Author/ 

Year 
Methodology Merits Demerits Performance metrics 

1. 
Hao Yin et al [2023] 

[21] 
YOLO v5 

 It leverages the strength of DL to 

automatically identify small and 

complex vascular structures. 

 It is suitable for both clinical and 

research applications. 

 The model’s performance 

decreases, when dealing with 

overlapping, blurred or low-

contrast capillaries and it 

requires high quality annotated 

datasets for optimal training 

YOLOv5 attains an 

accuracy of 85.2%. 

2. 
Vincenzo Taormina 

et al [2023] [22] 
Faster R-CNN 

 It increases image clarity by boosting 

contrast and supressing noise, which is 

critical for highlighting the delicate and 

fine structures of nail-fold capillaries. 

 It reduces the need for manual 

intervention, enhances reproducibility 

and supports more objective clinical 

evaluations. 

 The computational complexity of 

Faster R-CNN makes the process 

slower and more resource-

intensive compared to single 

stage detectors. 

The method achieves 

an accuracy of 96.2% 

3. 
Shupin Chen et al 

[2023] [23] 
U-Net 

 It provides an effective approach for 

accurately delineating capillary 

structures in microscopic images. 

 It allows for precise pixel-level 

segmentation capturing both global 

context and fine details of the capillary 

loops. 

 The model’s performance 

heavily depends on the 

availability of high-quality, 

annotated datasets and it is not 

generalize well to images 

captured under different imaging 

conditions. 

The performance 

metrics of U-Net 

accomplishes an 

accuracy of  94.1% 

4. 
Chiara Filippini et al 

[2021] [24] 
CNN 

 CNNs are capable of learning 

hierarchical features directly from 

images, enabling them to detect subtle 

morphological changes in capillaries 

that is used to indicate microvascular 

diseases. 

 It reduces the reliance on manual 

assessment, minimizes observer bias 

and allows for rapid and objective 

analysis. 

 It requires high quality datasets 

for effective training and limited 

data led to overfitting for new 

patients or imaging conditions. 

CNN attains an 

accuracy of 86% 

5. 
Indriani et al [2025] 

[25] 
ResNet 

 It allows the network to learn intricate 

vascular patterns and subtle capillary 

abnormalities with high precision. 

 It improves diagnostic consistency and 

reduces manual intervention by 

clinicians. 

 The architecture is 

computationally intensive, 

requiring high memory and 

processing power, which limit its 

use in real-time diagnostic 

systems. 

The performance of 

ResNet is 87% of 

accuracy, 88% of 

precision and recall, 

and 86% of FI-score. 

Source: Authors, (2026). 
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 Existing DL methods to detect nail-fold capillaries have various limitations, hence the proposed YOLOv12-ReLAN model is 
implemented, which allows for precise detection of individual capillaries, abnormal loops and morphological changes that are indicative 

of microvascular diseases. Next it is passed to Explainable AI tools, particularly saliency heatmaps, which emphasise the crucial areas 

impacting model predictions and offer interpretability for medical experts to ensure transparency and clinical reliability. The main 

objectives of this research includes: 

 To develop an automated detection framework which identifies target features from input image dataset, an advanced DL technique 

is implemented. 

 To enhance image quality and feature visibility, preprocessing operations such as shape focusing, shape extraction and morphological 

filtering is utilized. 

 To achieve an optimal balance between detection accuracy and computational efficiency and for precise object detection, YOLOv12-

ReLAN is employed. 

 To analyze visual interpretation of model’s decision-making process, ensuring transparency and reliability in predictions, an 

explainable AI, saliency heatmap is used. 

II. PROPOSED SYSTEM DESCRIPTION 

The proposed approach employs an enhanced deep learning framework to improve object detection accuracy by combining 

YOLOv12 with the Backbone R-ELAN architecture and explainable AI methods. Figure 1 displays the block diagram of the proposed 

method. 

 
Figure 1: Block diagram of the proposed model. 

Source: Authors, (2026). 

The input image dataset, which forms the basis for the model's training and evaluation, is where the process commences. Several 

image improvement and feature refinement approaches, such as Shape Focus, Shape Extraction, and Morphological Filtering, are used 

during the preprocessing step. By highlighting important structural elements and eliminating unwanted noise, these methods ensure the 

model receives clear and instructive input data. The YOLOv12 Backbone-R-ELAN architecture is used in the Model Selection stage after 
the refined images have been preprocessed. This model was selected because of its excellent feature extraction capabilities, effective 

multi-scale object detection, and resilience when dealing with intricate image fluctuations. Then, to increase interpretability and reliability, 

the Explainable AI module is incorporated. It provides Saliency Heat Maps, which graphically depict the areas that have the most impact 

on the model's decision-making. Lastly, the system provides accurate localization and an understandable visual explanation of the 

detection process by outputting the Predicted Results in the form of Boundary Boxes surrounding the identified objects. Thus, the 

proposed method provides an effective and transparent DL framework for image-based object detection.  

III. PROPOSED SYSTEM MODELLING 

III.1 PREPROCESSING 

Preprocessing is a crucial first step in the nail-fold capillary detection process that sets up the image for accurate analysis. The 

nail-fold region's fine capillary structures are enhanced and isolated during this phase using specific techniques. 

III.1.1 Shape Focus 

The nail-fold image's capillary-like structures are more visible due to the Shape Focus method. This stage seeks to emphasize the 

thin, elongated, and curved characteristics of capillaries while minimizing background noise and irrelevant data. This phase ensures that 

the crucial structural elements of capillaries are maintained and made more recognizable for further study by sharpening the emphasis on 

these particular forms. 
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III.1.2 Shape Extractor 

The improved capillary forms are separated and identified from the image using the Shape Extractor process. This procedure 

focuses on possible capillary areas and then extracts those utilizing textural and geometric characteristics like continuity, length, and 

curvature. The capillary structures also be separated from the surrounding tissue. This stage's primary objective is to acquire precise 

depictions of the capillaries for additional processing and analysis. 

III.1.3 Morphological Filter 

An essential image processing step in nail-fold capillary detection is the morphological filter, which modifies the forms of 

capillary structures using computational morphological principles to improve their clarity and continuity. Morphology is concerned with 

the shape or structure of objects, and morphological filtering is especially helpful for improving segmented images by eliminating 
undesired noise or microscopic projections, filling in tiny holes or gaps, and smoothing out item outlines. Dilation and erosion are the 

basic processes in this process, and they both make use of a structural element a predetermined shape that dictates where the image is 

processed. In addition to these, morphological edge detection uses these basic operations such as erosion, dilation, opening, and closing 

to extract clear and defined edges of the capillaries. By applying the difference between the processed and the original image, the algorithm 

effectively highlights capillary boundaries. While erosion and dilation alone can enhance edges, they are less effective in filtering out 

noise; thus, opening and closing are preferred for achieving smoother, cleaner results. Overall, the morphological filter improves the 

visibility and accuracy of nail-fold capillary detection by refining the shape and connectivity of capillary structures while minimizing 

background artifacts.  

III.2. MODEL SELECTION-YOLOV12-BACKBONE-R-ELAN 

YOLOv12 is particularly proficient at detecting nail fold capillaries because it combines efficient feature extraction with precise 

localization in a single, end-to-end network. The backbone creates hierarchical feature maps by processing the input image through several 

convolutional layers. These feature maps capture both fine details, such as individual capillary loops, and more general spatial context, 

such as the overall arrangement of the nail fold. Because nail fold capillaries are very minute and may appear partially occluded, the 

network must identify subtle differences while keeping background, which makes these multi-scale feature maps crucial. The diagram of 

YOLOv12-BACKBONE-R-ELAN is depicted in figure 2. 

 
Figure 2: Diagram of YOLOv12-BACKBONE-R-ELAN. 

Source: Authors, (2026). 

The Residual Efficient Layer Aggregation Network (R-ELAN), which forms the backbone of YOLOv12, is intended to convert 

unprocessed image data into rich, multi-scale feature maps that constitute the basis for accurate object detection. Deeper residual 

connections are introduced by the R-ELAN structure to alleviate gradient bottlenecks in deep networks and encourage feature reuse. 

Pseudo-code of YOLOv12 backbone using R-ELAN is shown below, 
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 Pseudo-code 1: YOLOv12 backbone- R-ELAN. 

Parameters: 
Input Image I(H, W, 3) 

Output Feature Maps F3, F4, F5 

1: For each epoch do: 

  # Stage 1 – Initial Convolution Extraction 
2:  For each convolutional layer Lc do: 

3:   For each sample in I do: 

4:    Compute feature map aijm = ConvBNAct(I) 

5:    # Dimension of aijm = (H/2, W/2, 64) 

6:   End for 

7:  End for 

# Stage 2 – Recursive ELAN Block 1 (Low-level Features) 
8:  Input aijm → R-ELAN(128, 3 layers) 

9:  Split feature into X1, X2 

10:  For each layer l = 1 to 3 do: 

11:   Y = ConvBNAct(X2, 3×3) 

12:   X2 = Concat(X2, Y) 

13:  End for 

14:  F2 = ConvBNAct(Concat(X1, X2), 128, 1×1) 

15:  # Dimension of F2 = (H/4, W/4, 128) 

 # Stage 3 – Recursive ELAN Block 2 (Mid-level Features) 
16:  F3 = R_ELAN(F2, 6 layers, 256) 

17:  # Dimension of F3 = (H/8, W/8, 256) 

# Stage 4 – Recursive ELAN Block 3 (High-level Features) 
18:  F4 = R_ELAN(F3, 9 layers, 512) 

19:  # Dimension of F4 = (H/16, W/16, 512) 

  # Stage 5 – Recursive ELAN Block 4 (Deep Feature Extraction) 
20:  F5 = R_ELAN(F4, 3 layers, 1024) 

21:  # Dimension of F5 = (H/32, W/32, 1024) 

  # Stage 6 – Multi-Scale Feature Output 
22:  Output F3, F4, F5 to the Neck and Detection Head 

23: End for 

# R-ELAN Function 
Function R_ELAN(input, layers, channels): 

  Split input into X1, X2 
  For i = 1 to layers do: 

    Y = ConvBNAct(X2, 3×3) 

    X2 = Concat(X2, Y) 

  End for 

  Output = ConvBNAct(Concat(X1, X2), channels, 1×1) 

  return Output 

End Function 

This characteristic is especially useful for identifying nail-fold capillaries, which are tiny, delicate, and frequently partially 

obscured. The backbone guarantees that even the smallest capillary patterns are represented in the feature hierarchy by maintaining high-

resolution spatial information across several scales. The network’s convolutional blocks are defined as a series of smaller, parallel 

convolutions, formalized by the equation, 

𝐹𝑜𝑢𝑡 = ∑ 𝑊𝑖
𝑛
𝑖=1 ∗ 𝐹𝑖𝑛 + 𝑏𝑖                                                                                  (1) 

Where, 𝐹𝑜𝑢𝑡 is the feature map that is produced, 𝑊𝑖 are the Convolutional filters, 𝐹𝑖𝑛  is the input feature map, and 𝑏𝑖 is the phrase 
for bias. Instead of using big, monolithic convolutions, our method divides processing across several lightweight kernels, enabling the 

network to effectively extract complex characteristics of nail-fold capillaries while preserving computational efficiency. YOLOv12 uses 

7×7 separable convolutions in deeper layers to accurately recognize elongated or convoluted capillary structures without incurring 

excessive processing costs. These convolutions preserve spatial context with fewer parameters. Table 2 shows the enhancement in 

YOLOv12 backbone-R-ELAN for detecting nail-fold capillaries. 

Table 2: YOLOv12 backbone-R-ELAN for detecting nail-fold capillaries.  

Component Functionality Innovations in YOLOv12 

Backbone-R-ELAN 
 

Extracts detailed, fine- scale features from 
images of nail-fold capillaries which is 

crucial for detecting tiny, intricate capillary 
structures. 

The innovations enhance the ability to detect small, detailed 
features like capillaries while preserving context, even in 
noisy or low resolution images. These innovations reduce 

computational cost, making the detection process more 
efficient. 

Source: Authors, (2026). 
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Multi-scale feature pyramids, which produce feature maps at various resolutions, are used within the backbone to improve the 
detection of small structures. While lower-resolution maps capture contextual information across greater skin areas, high-resolution maps 

in the early layers capture fine-grained details of capillaries. Because capillaries can differ in size, density, and orientation, this multi-

scale representation is crucial. Thus, YOLOv12's enhanced backbone R-ELAN architecture, which is strengthened by residual aggregation 

and controlled by the convolutional formulation mentioned above, offers a reliable framework for identifying nail-fold capillaries. 

III.3. EXPLAINABLE AI –SALIENCY HEATMAP 

Explainable AI (XAI) attempts to overcome the opaque aspect of deep learning models by making their decision-making process 

interpretable. To ensure reliability and clinical relevance in medical image analysis, such as the identification of nail-fold capillaries, it is 

essential to comprehend which picture regions contribute to the model's predictions. Saliency heatmaps are a popular XAI technique that 
effectively highlights the structures the model deems most significant by quantifying the impact of each input pixel on the predicted class. 

A saliency heatmap mathematically defined as, 

𝑤 =
𝜕𝑆𝑛

𝜕𝐼
                                                                                                 (2) 

In this case, 𝑤 stands for each pixel's importance weight, and 𝑆𝑛 is the score for the particular class 𝑛 derived from the trained 

model such as the existence of a nail-fold capillary, and 𝐼 represents the input image's pixel values. Saliency heatmaps make the small 

vascular structures that the entire system depends on prominent. These heatmaps make it possible to confirm that the model concentrates 
on real capillaries rather than unimportant background features by identifying which pixels or small patches contribute most to the 

classification. This pixel-level interpretability offers a tool for clinical validation and increases trust in the automated detection system. 

Additionally, saliency heatmaps offer a number of extra advantages when it comes to nail-fold capillary detection: 

 Model refinement: Researchers identify possible biases or misclassifications by analyzing the parts of the image the model incorrectly 

highlights, background noise. This realization enables better dataset selection and model retraining to ensure that the network precisely 

focuses on actual capillary structures. 

 Quality control: Saliency maps serve as a verification step during clinical analysis to ensure that the model's focus is on the nail-fold 

area and pertinent vascular characteristics rather than irrelevant skin regions. This improves automated capillary detection's 

dependability prior to producing diagnostic results. 

 Human-AI cooperation: Clinicians are able to contrast their own observations of capillary morphology with the saliency maps 

produced by AI. Clinicians are more confident in the system's predictions because of this alignment between human expertise and AI 

reasoning. 

This explainable AI techniques ensure that the model detects nail-fold capillaries accurately and generates data that doctors are 

able to comprehend and validate. 

IV. RESULT AND DISCUSSION 

The proposed approach detects and classifies nail fold capillaries in real-time using YOLO-RELAN into five categories: aberrant, 

aggregation, blur, hemo, and normal. The model is trained on the ACFD_HT dataset, which provides a diverse collection of high-quality 

images for robust capillary analysis. This technology helps diagnose diseases like systemic sclerosis by precisely identifying capillary 

characteristics from high-resolution images using object detection. In order to provide transparency and confidence in clinical 

applications, the model additionally includes an explainability layer with a saliency heat map that emphasizes the locations in the image 

that affected the algorithm's decision.  

 
Figure 3: Image growth across dataset splits. 

Source: Authors, (2026). 

The distribution of images over the three dataset splits such as Train, Validation, and Test is depicted in Figure 3. There are 225 

images in the training set, 64 in the validation set, and just 33 in the test set. This illustrates a typical dataset split pattern, in which smaller 
amounts are set aside for testing and validation to assess performance and generalization, while the majority of the data is used for training 

to ensure efficient model learning. 
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Figure 4: Dataset Split. 

Source: Authors, (2026). 

The dataset split is depicted in Figure 4, with 69.9% of the photos utilized for training, 19.9% for validation, and 10.2% for 

testing. While lesser amounts are set aside for performance assessment and final testing, this distribution ensures that the majority of the 

data enables model learning. 

 
Figure 5: Random images. 

Source: Authors, (2026). 

Sample images from the training, validation, and testing datasets are displayed in the Figure 5. Clear microscopic images with 

comparable structural patterns are present in each collection, suggesting consistent data quality across splits. These random samples show 

that all subsets reflect comparable image properties, ensuring the model's learning and evaluation are balanced.  

 
Figure 6: Comparison of BGR, RGB and Grayscale images. 

Source: Authors, (2026). 

Figure 6 illustrates the visual distinctions between tiny images in BGR, RGB, and grayscale. Grayscale conversion is beneficial 

for feature extraction and structural analysis since it simplifies the image by simply representing intensity variations, whereas BGR and 

RGB preserve complete color information. 
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Figure 7: Preprocessing images. 

Source: Authors, (2026). 

The preprocessing steps, such as shape focus, shape extraction, and morphological filtering, are depicted in Figure 7. By 

separating pertinent shapes and eliminating noise, these procedures improve the image's structural properties and produce clearer, more 

defined areas for further analysis. 

 
Figure 8: Confusion matrix for YOLOv8. 

Source: Authors, (2026). 

The confusion matrix displays the performance of a multi-class classification model in six different categories: aberrant, 

aggregation, blur, hemo, normal, and background in figure 8. Most predictions are focused along the diagonal, particularly for normal 

(416) and aggregation (56), showing high accuracy in these categories. However, there is significant misclassification between 

"background" and other classifications such as abnormal (427) and normal (285), indicating that the model struggles to discriminate 

background data from these categories. 

 
Figure 9: Normalized confusion matrix for YOLOv8. 

Source: Authors, (2026). 
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 Figure 9 indicates the normalized confusion matrix which shows the proper categorization for hemo (0.96) and blur (0.79), while 
background and normal classes display moderate confusion with other categories, indicating that the model performs well in general and 

needs to improve its ability to differentiate comparable classes. 

 
Figure 10: Precision-Confidence curve for YOLOv8. 

Source: Authors, (2026). 

Figure 10 shows the precision-Confidence Curve across different classes. The x-axis represents the confidence level, which 

ranges from 0 to 1, while the y-axis denotes precision, which similarly ranges from 0 to one. Each line in the graph represents a separate 

class: aberrant, aggregation, blur, hemo, and normal. The thick blue line represents the total precision for all classes, with a value of 1.00 

at a confidence level of 0.633. 

 
Figure 11: Recall-Confidence curve for YOLOv8. 

Source: Authors, (2026). 

A Recall-Confidence Curve is displayed in figure 11, showing that recall varies with confidence for various classes. Confidence 

is represented by the x-axis, and recall is represented by the y-axis. A class is shown by each line: aberrant, aggregation, blur, hemo, and 

normal. The total recall for all classes is represented by the thick blue line, which has a value of 0.60 at a confidence level of 0.000. Recall 

generally declines as confidence rises, suggesting that fewer but more accurate predictions are made at increasing confidence levels. 

 
Figure 12: Confusion matrix for YOLOv10. 

Source: Authors, (2026). 
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A confusion matrix depicting a classification model's performance across six classes abnormal, aggregation, blur, hemo, normal, 
and background is displayed in figure 12. The diagonal cells show samples that have been successfully identified; the normal class has 

the highest accuracy (488 accurate). Misclassifications, which show some overlap or similarity between these categories, are primarily 

observed between blur and background classes as well as between normal and background. 

 
Figure 13: Normalized Confusion matrix for YOLOv10. 

Source: Authors, (2026). 

The accuracy in which a classification model predicts five categories like abnormal, aggregation, blur, bleeding, and background 

is displayed in figure 13. It draws attention to the fact that while the model does well for some categories, such as bleeding, it misclassifies 

others, such as background and abnormal. Prediction accuracy is reflected in color intensity, with darker hues denoting superior 

performance. 

 
Figure 14: Recall-Confidence curve for YOLOv10. 

Source: Authors, (2026). 

The connection between model confidence and retrieval for the several classes such as abnormal, aggregation, blur, hemo, and 
normal is depicted in figure 14. Recall typically declines with increasing confidence, making the model more certain but missing more 

real cases. The overall performance is summarized by the all classes line, which has an average recall of 0.76 at 0% confidence. 

 

Figure 15: Precision-Confidence curve for YOLOv10. 

Source: Authors, (2026). 

The precision-confidence curve for the several classes abnormal, aggregation, blur, hemo, and normal is shown in figure 15. As 

confidence grows, precision typically climbs as well, suggesting more trustworthy forecasts at greater confidence levels. Overall 

performance is represented by the thick blue line, which indicates that all classes achieve an accuracy of 1.00 at a confidence level of 

0.898. 
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Figure 16: Confusion matrix for YOLOv12. 

Source: Authors, (2026). 

A classification model's confusion matrix, which shows the accuracy with which it predicted five categories like abnormal, 

aggregation, blur, hemo, and normal are displayed in Figure 16. Higher values are displayed in darker green in the matrix, which contrasts 

anticipated and true labels. 270 is the highest score for accurately predicting blur. This matrix aids in assessing the model's accuracy and 

performance across several classes. 

 
Figure 17: Normalized confusion matrix for YOLOv12. 

Source: Authors, (2026). 

Figure 17 show the percentage of accurate predictions for each class. Higher proportions are indicated by deeper hues on a scale 

of 0 to 1. The "background" class, for instance, has a high value of 0.95, indicating precise predictions. By highlighting areas of strong 

and poor predictions, such as lower values for the abnormal and hemo classes, the matrix aids in evaluating the model's relative 

performance across classes. 

 
Figure 18: Precision-confident curve for various classes of YOLOv12. 

Source: Authors, (2026). 

The precision-confidence relationship for five distinct classes such as abnormal, aggregation, blur, hemo, and normal are 

displayed in Figure 18. The precision for each class is displayed on the y-axis, while the x-axis indicates the confidence level. The blue 

curve, which reaches a perfect score of 1 at a confidence level of 0.977, shows the overall precision across all classes.  
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Figure 19: Recall- Confidence curve for different classes of YOLOv12. 

Source: Authors, (2026). 

The recall-performance for five classes such as abnormal, aggregation, blur, hemo, and normal across various confidence levels 

is shown in Figure 19. The x-axis displays the degree of confidence, and the y-axis depicts recall. The overall recall for all classes is 

represented by the blue curve, which begins high and progressively falls as confidence rises before settling at about 0.83 when confidence 

is zero.  

 
Figure 20: Boundary box. 

Source: Authors, (2026). 

Two microscopic outlooks Boundary Box are displayed in Figure 20, with labeled bounding boxes delineating various detected 

locations. The left image includes several overlapping boxes in various types that indicate properties like normal, blur, aggregation, and 

hemo. The labels in the right image are mostly blurry and have fewer variants. The object detection outputs used to categorize and localize 

features in digital blood smear images are represented by these bounding boxes. 

 
Figure 21: Image annotations with class labels. 

Source: Authors, (2026). 
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 Bounding boxes and class labels are superimposed on a number of sample images in Figure 21. Each bounding box, which is 
labeled with one of the following classes normal, blur, aggregation, or hemo identifies regions inside the image. The model's predictions 

for different image segments are shown by the labels and boxes, with some overlapping or inaccurate classifications.  

 
Figure 22: Explainable AI-Saliency heatmap. 

Source: Authors, (2026). 

Explainable AI-Saliency Heatmaps for four distinct classes are displayed in Figure 22. Every class image on the left has a 

matching saliency heatmap on the right. Important image regions are highlighted in blue and green hues in the heatmaps, which show the 

places the AI model concentrated on for categorization. Higher model attention or feature relevance in the decision-making process is 

represented by brighter patches. 

 
Figure 23: Comparison of existing and proposed YOLO models. 

Source: Authors, (2026). 

The accuracy of several YOLO models is contrasted in Figure 23. YOLO V8 scores 79%, YOLO V10 improves to 82%, and the 

suggested YOLO V12 achieves the greatest accuracy of 88%, demonstrating a definite improvement in the model's performance. 

 
Figure 24: Performance comparison of YOLO models. 

Source: Authors, (2026). 
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The YOLOv8, YOLOv10, and YOLOv12 models are contrasted in Figure 24 according to Precision, Recall, mAP50, and 
mAP50–95. With 90% precision, 89% recall, 86% mAP50, and 88% mAP50–95, YOLOv12 outperforms YOLOv8 and YOLOv10 in 

terms of detection accuracy and consistency. 

Table 3: Performance metrics of the proposed system. 

Model Accuracy Precision Recall map50 map50-95 

PROPOSED 88% 90% 89% 86% 88% 

Source: Authors, (2026). 

Table 3 shows the proposed approach performs effectively on a number of important metrics. With an accuracy of 88%, it 

accurately classifies a significant percentage of cases. Additionally, the model has good recall (89%) and precision (90%), indicating that 

it is both successful in detecting the majority of true positives and accurate in its positive predictions. At an interaction threshold of 0.50, 

the mean Average Precision (mAP50) is 86%; at different interaction thresholds, the mAP50-95 ranges from 0.50 to 0.95, reaching 88%.  

Table 4: Comparative analysis of accuracy for various models. 

Model Accuracy 

YOLOv5 [21] 85.2 % 

CNN [24] 86 % 

ResNet [25] 87 % 

PROPOSED 88 % 

Source: Authors, (2026). 

A comparison of model accuracy for recognizing items and categorization is shown in table 4. With an accuracy of 85.2%, the 

YOLOv5 model outperforms CNN with 86% and ResNet with 87%. When compared to other deep learning architectures, the suggested 

model achieves the greatest accuracy of 88%, indicating higher feature extraction and detection performance. 

 
Figure 25: Comparison of existing and proposed model. 

Source: Authors, (2026). 

The precision and recall levels of the proposed model and the ResNet model are compared in Figure 25. The proposed approach 

outperforms ResNet, which records 88% for both measures, with 90% precision and 89% recall. This suggests that the proposed 

framework outperforms the current ResNet architecture in terms of feature identification and classification accuracy and dependability. 

V. CONCLUSION 

The proposed method effectively combines deep learning, explainable AI, and sophisticated preprocessing methods for the 
precise and comprehensible identification of nail-fold capillaries. The technique improves the visibility of tiny vascular features that are 

essential for analysis by immediately preprocessing the input image using shape-focused extraction and morphological filtering. With the 

R-ELAN backbone, the YOLOv12 model effectively locates and detects nail-fold capillaries in the processed images, producing accurate 

boundary boxes surrounding the identified areas. Saliency heatmaps are an explainable AI component that emphasizes the particular 

image regions impacting model predictions, ensuring transparency and clinical dependability. In addition to achieving strong detection 

performance, the complete approach ensures interpretability and reliability, which are essential for real-world use in clinical and 

diagnostic applications. The proposed approach achieves the highest accuracy of 88%, 90% of precision, 89% of recall, 86% of map50 

and 88% of map50-95.  
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