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Abstract 

Road damage such as cracks, potholes, and uneven surfaces poses serious risks to transportation safety, logistics efficiency, and maintenance 

budgeting in Indonesia. Manual inspection is time consuming, labor intensive, and prone to error, motivating the use of reliable computer vision 

solutions. This study proposes MYCD, a hybrid and mobile ready architecture that combines the fast detection ability of YOLO with the dense 

feature reuse of DenseNet, enhanced by the Convolutional Block Attention Module (CBAM) for spatial and channel focus and Spatial Pyramid 

Pooling (SPP) for multi scale context understanding. The system detects and classifies the severity of road damage into minor, moderate, and 

severe categories using images captured by standard cameras. MYCD was trained and validated on 1,120 field images using an 80/20 split to 

simulate realistic deployment. Validation achieved 64 percent accuracy, with the highest per class precision of 0.72 for minor damage and 

mAP@0.5 = 0.677. The confusion matrix showed that most errors occurred in the moderate category because of visual similarity with minor and 

severe damage. Unlike earlier studies that extended YOLO with heavy backbones such as ResNet or EfficientNet, MYCD focuses on feature 

propagation (DenseNet), attention precision (CBAM), and multi scale fusion (SPP) optimized for real time operation on standard hardware. 

Efficiency profiling confirmed its deployability. After compression, the model size is 46.8 MB and it requires 3.7 GFLOPs per inference at 

640×640 resolution. On a mid-range Android device (Snapdragon 778G, 8 GB RAM), MYCD runs at 19 frames per second with 1.2 GB peak 

memory. Compared with YOLOv8 WD (68 MB; 5.2 GFLOPs), MYCD reduces computation by 31 percent while maintaining similar accuracy. 

Overall, MYCD achieves a practical balance of speed, accuracy, and efficiency, providing a deployable and reproducible framework for real time 

road damage detection in resource limited settings. 

Keywords: YOLO, DenseNet, CBAM, Road Damage Detection, Real-Time 

1. Introduction 

Road damage, such as cracks, potholes, and uneven surfaces, is a common problem in various regions of Indonesia [1]. 

These conditions not only reduce driving comfort and safety but also increase the risk of accidents and lead to higher 

operational costs in the logistics and transportation sectors [2]. Traditionally, road maintenance relies heavily on 

manual inspection routines, which require substantial resources and depend on human observation, a process that is 

inherently limited in accuracy and efficiency [3]. In many cases, manual inspections are prone to delays, 

inconsistencies, and incomplete coverage, particularly in remote or resource-limited areas, further exacerbating road 

deterioration and safety hazards. 

In recent years, research on road damage detection has advanced significantly, focusing on improving effectiveness, 

efficiency, and real-time detection capability. The work in [4] introduced an enhanced YOLOv8 model incorporating 

C2f-Faster and EMA modules, achieving a 5.8% improvement in detection accuracy compared to baseline YOLOv8. 

However, this approach did not integrate DenseNet for improved feature propagation and lacked continuous image 
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stream detection for long-term monitoring. Similarly, [5] proposed an RDD-CNN model aimed at road damage 

classification, but its scope was limited to categorical classification without spatial localization capabilities, making it 

less applicable for direct repair guidance in the field.  

Furthermore, the study in [6] explored multisensor and IoT-based approaches for road damage detection. While 

effective for certain environmental and signal-based measurements, the focus remained on signal classification rather 

than image-based detection using advanced CNN architectures, limiting its capability to capture fine-grained visual 

details of road surfaces. Another line of research, represented by [7], developed the ML-YOLO model, which integrated 

SPD-Conv, CBAM, and SKNet modules to enhance UAV image processing for damage detection. Although showing 

promising results, its optimization was not tailored for real-time deployment, particularly on mobile or edge devices, 

which are critical for field applications. 

The work in [8] implemented a YOLOv5-based vehicle-mounted system with a mean Average Precision (mAP) of 

0.526 for road damage detection. While practical in terms of on-vehicle integration, the model still did not leverage 

DenseNet’s capabilities for efficient feature reuse and improved gradient flow. Meanwhile, [9] applied few-shot 

learning combined with Transformer-based augmentation to address domain adaptation issues in road damage 

detection. While innovative in handling cross-domain variability, the architecture did not employ multi-component 

integration that could enhance both spatial and categorical detection. Lastly, [10] combined YOLO and CNN models 

for road damage recognition, but the implementation was restricted to static image datasets, lacking the flexibility to 

handle real-time continuous data streams in practical road monitoring scenarios. 

Despite these important contributions, several limitations remain prominent. First, none of the reviewed works 

incorporated deep architectures such as DenseNet, which are known for strengthening feature propagation and reducing 

information degradation in deep networks. Second, most existing solutions focus on static image classification without 

enabling continuous data stream processing—an essential requirement for real-world road surveillance. Third, many 

proposed models are not yet optimized for real-time operation on mobile or embedded systems, a critical factor for on-

site deployment. Fourth, the functional scope is often limited, with some systems merely categorizing damage severity 

without providing spatial localization of the damaged area. Finally, a significant number of existing solutions require 

specialized hardware or complex post-processing steps, making them less suitable for direct and wide-scale field 

implementation.  

To address these gaps, this study proposes the MYCD model, which integrates YOLO’s fast detection capabilities with 

DenseNet’s strong feature propagation and reuse mechanisms. Unlike the lightweight-optimized YOLOv8-PD 

approach [11] or RDD-CNN, which focuses solely on classification, MYCD is designed to detect and classify road 

damage severity (minor, moderate, severe) directly from field images in real-time. The system can operate using 

standard cameras without the need for specialized equipment, producing instant outputs by capturing road surface 

images on the spot. Additionally, the integration of CBAM (Convolutional Block Attention Module) enhances the 

model’s sensitivity to subtle damage patterns, while SPP (Spatial Pyramid Pooling) improves multi-scale feature 

representation. DenseNet complements these modules by ensuring efficient feature extraction and minimizing 

redundant computations [12], [13]. 

The novelty of this work lies in the design of an image-based road damage detection system that is real-time, 

computationally efficient, and directly deployable in field conditions using standard imaging devices. By combining 

YOLO for high-speed detection, DenseNet for enhanced feature utilization, and attention/pooling modules for finer-

grained detection, the proposed MYCD model aims to bridge the gap between high-accuracy research prototypes and 

practical, ready-to-use road monitoring solutions. 

2. The Proposed Method/Algorithm 

The proposed method, MYCD, combines the fast detection capability of YOLO with the strong feature propagation of 

DenseNet, reinforced by CBAM attention and Spatial Pyramid Pooling to improve robustness to scale and real world 

variation. The system ingests road surface images captured in the field and outputs bounding boxes and damage severity 

labels, namely minor, moderate, and severe, in real time. The processing pipeline is end to end, beginning with light 

preprocessing such as resizing and normalization, followed by hierarchical feature extraction in a DenseNet style 
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backbone that preserves fine patterns such as hairline cracks through dense connectivity. The neck stage refines and 

fuses cross resolution features using CBAM and an efficient CSP Dense flow, while the head performs multi scale 

detection and uses Spatial Pyramid Pooling to enlarge the effective receptive field without significant computational 

cost. Predictions from all scales are merged and filtered with Non Maximum Suppression so the final output is compact 

and stable. 

During training, MYCD optimizes a combination of losses typical of the YOLO family, namely a localization loss for 

box regression and a classification loss for severity labels, together with Distribution Focal Loss for tighter box 

boundaries. DenseNet is selected to maximize feature reuse and gradient stability in deep networks, CBAM increases 

sensitivity to subtle damage cues, and the pair of SPP and the multi scale heads maintains consistent detection for both 

small and large defects. The CSP Dense integration reduces redundant computation so the model is ready for 

deployment on mobile and edge devices in the field, providing immediate feedback for maintenance planning and 

repair prioritization.  

3. Method 

The experimental procedure of this study followed the standard workflow of deep learning model development, 

including dataset preparation, preprocessing, model training, and performance evaluation. The proposed MYCD 

(Multi-scale YOLO–DenseNet) architecture combines the real-time detection capability of YOLO with the deep feature 

propagation of DenseNet to enhance detection precision and contextual representation. The complete structure of the 

proposed model is illustrated in figure 1, showing three main components: Backbone, Neck, and Head. 

 

Figure 1. The architecture of the proposed MYCD model combining YOLO, DenseNet, CBAM, and SPP modules 

As illustrated in figure 1, the MYCD architecture consists of three stages: The backbone extracts multi-level spatial 

features from the input image. It begins with a convolutional layer followed by three DenseBlocks that progressively 

capture texture and edge information at resolutions of 320×320, 80×80, and 20×20 pixels, respectively. DenseNet 

connections enable each layer to receive feature maps from all previous layers, improving gradient flow and preventing 

vanishing gradients. The final YOLO-Head in the backbone generates initial feature representations [14], [15]. 

The Neck module strengthens the relevance of extracted features. At this stage, the CBAM is employed to apply both 

spatial and channel attention, allowing the model to focus on critical regions indicative of road damage [16], [17], [18]. 

In addition, the Cross Stage Partial (CSP-Dense) integration is applied to improve the efficiency of feature propagation 

[19]. This combination enables the model to effectively recognize complex damage patterns even under varying surface 

textures and lighting conditions.  

The Head module employs multi-scale YOLO heads (80×80, 40×40, and 20×20) to detect objects of different sizes. A 

SPP module is incorporated to expand spatial context coverage, allowing the model to optimally combine information 

from multiple scales [20], [21], [22]. An upsampling process is also applied to maintain feature resolution prior to 

classification and localization in the Road Damage Detection module. The primary strength of the MYCD model lies 
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in its integration of YOLO’s high inference speed with DenseNet’s superior feature propagation, resulting in a system 

that is both efficient and precise, capable of running on resource-constrained devices such as smartphones. 

Consequently, MYCD offers an ideal solution for real-time road damage detection in the field, suitable for both routine 

monitoring and emergency response operations. 

3.1. Dataset 

The dataset used in this study consisted of 1,120 road images collected from Pekanbaru-Indonesia, using a smartphone 

camera (1080 × 720 pixels), resized to 640 × 640 pixels to match YOLO’s input format. Images were categorized into 

minor (370), moderate (380), and severe (370) classes based on the Japan Road Damage Dataset (RDD2022) labeling 

scheme [23]. All images were manually verified by transportation experts, captured under diverse environmental 

conditions (sunny, cloudy, rainy) and various surface types (asphalt, concrete). The data were split into 80% training 

and 20% validation. Data augmentation was applied, including random rotation (±10°), brightness adjustment (±15%), 

flipping, and contrast normalization to improve robustness [24]. 

3.2.Training Configuration 

The training was performed for 100 epochs using the Adam optimizer (learning rate = 0.001, cosine decay, batch size 

= 16) with early stopping (patience = 10) to prevent overfitting. These settings follow prior YOLO-based optimization 

studies [4], [11]. The model employed three loss components: localization, classification, and Distribution Focal Loss 

(DFL). DFL was selected instead of GIoU or CIoU because it models bounding-box coordinates as probability 

distributions, improving localization on irregular crack patterns [25]. In internal tests, DFL increased validation 

precision by 1.8% compared to GIoU, demonstrating its advantage in real-world road images [4], [26]. 

𝐿𝑡𝑜𝑡𝑎𝑙 =⋋1 𝐿𝑙𝑜𝑐 +⋋2 𝐿𝑐𝑙𝑠 +⋋3 𝐿𝐷𝐹𝐿     (1) 

Where ⋋1=0.5, ⋋2=0.3, and ⋋3=0.2 were empirically tuned [27]. 

3.3. Evaluation 

The performance of the MYCD model was evaluated using four standard metrics: Precision (P), Recall (R), F1-Score, 

and mean Average Precision at IoU 0.5 (mAP@0.5). These metrics are widely used in object detection research to 

quantify both classification and localization accuracy [28], [29], [30]. Precision measures the accuracy of positive 

predictions, indicating how many of the detected objects are actually correct. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
      (2) 

A high precision value means that false detections (FP) are minimal. In this study, high precision indicates that MYCD 

rarely misidentifies intact surfaces as damaged. Precision is critical in reducing false alarms, ensuring the model reports 

only real damage. Recall evaluates the model’s ability to detect all relevant objects within the dataset. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
      (3) 

A high recall value means that most of the true damages (TP) are successfully detected, with few missed detections 

(FN). In the context of road safety, recall is particularly important, especially for severe damage detection, since 

missing hazardous damage could pose significant safety risks on the road. The study prioritizes recall over precision 

for high-risk damage categories to ensure sensitive detection in safety-critical cases. The F1-score is the harmonic 

mean of Precision and Recall, providing a balanced measure between both metrics. 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
      (4) 

It ranges from 0 to 1, where 1 indicates perfect balance between precision and recall. A high F1-score reflects that the 

model achieves both accurate and comprehensive detection performance. In this research, the F1-score was used to 

evaluate overall classification balance across the minor, moderate, and severe damage classes. Mean Average Precision 

at IoU 0.5 (mAP@0.5) 

mailto:mAP@0.5
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Mean Average Precision (mAP) is the primary indicator for evaluating object detection performance, combining both 

localization and classification accuracy. It is derived from the area under the Precision–Recall (P–R) curve for each 

class, then averaged across all classes. 

𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑃𝑖
𝑁
𝑖=1        (5) 

IoU (Intersection over Union) measures the overlap between predicted and ground truth bounding boxes. mAP@0.5 

uses an IoU threshold of 0.5, meaning that a detection is considered correct if the predicted bounding box overlaps at 

least 50% with the ground truth box. A higher mAP@0.5 value indicates better spatial localization and classification 

performance. In this study, MYCD achieved an mAP@0.5 of 0.677, outperforming several YOLOv8 variants. 

These four metrics together provide a comprehensive evaluation of MYCD’s performance, covering correctness 

(precision), completeness (recall), balance (F1-score), and overall detection capability (mAP@0.5). Given the safety-

critical nature of road defect detection, recall was emphasized for severe damage cases, while precision and mAP@0.5 

ensured spatial reliability and minimized false detections. 

4. Results and Discussion 

This section presents the evaluation results of the proposed MYCD model (YOLO-CNN and DenseNet for Road 

Damage Detection) in identifying three categories of road damage: severe damage, moderate damage, and minor 

damage. The evaluation was conducted using the classification report, confusion matrix, real-world testing with a 

mobile phone camera, and an analysis of the model’s training process. Each result is compared to previous studies to 

highlight the contributions and advantages of the proposed approach. 

4.1. Classification Report 

The classification report in table 1 shows that the MYCD model achieved an overall accuracy of 64%, with macro and 

weighted averages of 0.64–0.65. For the road_damage_severe class, the model achieved a precision of 0.61 and a recall 

of 0.69, indicating relatively strong detection performance despite some misclassifications into other classes. The 

road_damage_moderateclass recorded balanced precision and recall values of 0.60, but its overall performance was 

lower compared to the other two categories, indicating challenges in differentiating it from road_damage_severe and 

road_damage_minor. In contrast, the road_damage_minor class achieved the highest precision (0.72) with a recall of 

0.65, suggesting better recognition of minor damage. Table 1 is the MYCD model classification report. 

Table 1. Classification Report Model MYCD 

Class Precision Recall F1 score Support 

road_damage_severe 0.61 0.69 0.65 16 

road_damage_moderate 0.60 0.60 0.60 20 

road_damage_minor 0.72 0.65 0.68 20 

accuracy   0.64 56 

macro avg 0.64 0.65 0.64 56 

weighted avg 0.65 0.64 0.64 56 

The classification report in table 1 shows that the MYCD model achieved an overall accuracy of 64 percent, with macro 

and weighted averages of 0.64–0.65. For the road_damage_severe class, the model achieved a precision of 0.61 and a 

recall of 0.69, indicating relatively strong detection performance despite some misclassifications into other classes. The 

road_damage_moderate class recorded balanced precision and recall values of 0.60, but its overall performance was 

lower compared to the other two categories, indicating challenges in differentiating it from road_damage_severe and 

road_damage_minor. In contrast, the road_damage_minor class achieved the highest precision (0.72) with a recall of 

0.65, suggesting better recognition of minor damage. 

While these results indicate a stable and balanced classification behavior, the overall accuracy of 64 percent is 

considered moderate compared to several other YOLO-based studies that reported higher detection rates. This 

difference is primarily due to the real-world nature of the dataset used in this research, which contains diverse lighting 

conditions, varying road textures, and environmental noise such as shadows, water puddles, and surface debris. The 



Journal of Applied Data Sciences 

Vol. 7, No. 1, January 2026, pp. 384-395 

ISSN 2723-6471 

389 

 

 

 

dataset was also relatively limited in size compared to large benchmark datasets, which affects the model’s ability to 

generalize across unseen variations. Furthermore, MYCD was intentionally optimized for lightweight real-time 

deployment on mobile devices rather than achieving maximum possible accuracy through heavy parameterization. 

Therefore, the moderate accuracy reflects a balanced trade-off between efficiency, portability, and performance under 

realistic field conditions. 

These findings are consistent with previous studies that modified YOLOv8 with C2f-Faster and EMA, where visually 

simpler categories such as minor damage tend to achieve higher precision. MYCD’s superior performance in this class 

can be attributed to the integration of DenseNet and CBAM, enabling richer feature propagation and improved focus 

on subtle damage areas. However, challenges in road_damage_moderate detection align with those reported in other 

CNN-based models, where mid-level damage is harder to distinguish due to texture similarities with other categories. 

4.2. Confusion Matrix 

As shown in figure 2, the MYCD confusion matrix summarizes both strengths and failure modes. The diagonal cells 

indicate correct predictions with 11 of 16 severe cases, 12 of 20 moderate cases, and 13 of 20 minor cases, which 

correspond to recalls of 0.69, 0.60, and 0.65. Most errors are adjacent in severity rather than cross extreme, namely 

severe predicted as moderate in 4 cases and as minor in 1 case, moderate split evenly to severe and minor in 4 cases 

each, and minor predicted as moderate in 4 cases and as severe in 3 cases. These patterns suggest the model has learned 

an ordinal notion of severity but still struggles near the class boundaries, especially around the moderate class which 

acts as a confusion hub. Precision values align with these trends, with 0.61 for severe, 0.60 for moderate, and 0.72 for 

minor, indicating more confident predictions for minor damage. Overall accuracy reaches 36 correct of 56 samples 

which equals 0.64. Figure 2 is a Confusion matrix from the results of testing the MYCD model. 

 

Figure 2. Confusion matrix of MYCD model testing results 

As shown in figure 2, the MYCD confusion matrix summarizes both strengths and failure modes. The diagonal cells 

indicate correct predictions with 11 of 16 severe cases, 12 of 20 moderate cases, and 13 of 20 minor cases, which 

correspond to recalls of 0.69, 0.60, and 0.65. Most errors are adjacent in severity rather than across extremes, namely 

severe predicted as moderate in 4 cases and as minor in 1 case, moderate split evenly to severe and minor in 4 cases 

each, and minor predicted as moderate in 4 cases and as severe in 3 cases. These patterns suggest the model has learned 

an ordinal notion of severity but still struggles near the class boundaries, especially around the moderate class which 

acts as a confusion hub. Precision values align with these trends, with 0.61 for severe, 0.60 for moderate, and 0.72 for 

minor, indicating more confident predictions for minor damage. Overall accuracy reaches 36 correct of 56 samples 

which equals 0.64. 

A deeper error analysis reveals that several misclassifications were influenced by image quality and environmental 

factors. Lower resolution samples or blurred images due to camera movement often caused the model to misinterpret 

fine cracks as background textures. In addition, inconsistent lighting, particularly high glare on wet asphalt or shadowed 

regions, tended to reduce contrast and led to confusion between moderate and minor classes. Surface contamination 

such as dust, water puddles, or loose gravel also contributed to false detections by masking crack boundaries. These 

findings indicate that model performance is sensitive to image clarity and illumination conditions, emphasizing the 

importance of dataset diversity and adaptive preprocessing for future improvements. 
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4.3. Real-World Testing Using Camera Input 

As illustrated in figure 3, field trials using a standard smartphone camera show that MYCD can localize and label all 

three severities in real scenes. The overlays display class names on each bounding box, demonstrating consistent 

detections across diverse textures and backgrounds. Figure 3 is a visualization of road damage detection using camera 

input. 

 

Figure 3. Visualization of road damage detection using camera input 

Representative snapshots in figure 3 are field captures with superimposed MYCD predictions. Boxes are labeled for 

road_damage_severe, road_damage_moderate, and road_damage_minor. The examples include potholes and standing 

water for severe, medium cracks or loose gravel for moderate, and fine surface cracks for minor. MYCD runs on 

devices without dedicated GPU hardware, enabling practical, in-field deployment. 

Field tests conducted with a standard smartphone confirmed MYCD’s ability to detect all three categories with clearly 

labeled bounding boxes. Severe damage is captured in regions with large potholes or pooled water; moderate damage 

appears on surfaces with medium-scale cracking or loose aggregate; minor damage corresponds to fine cracking 

patterns. These findings align with [10], which applied YOLO-CNN to static imagery and similarly reported higher 

precision on visually simpler classes such as minor defects. MYCD’s advantage is its deployability on non-GPU 

devices, which is valuable for resource-limited regions and complements multi-sensor IoT approaches like [6] that 

require more complex infrastructure. 

To provide quantitative validation, the real-world deployment test was performed on a mid-range Android smartphone 

(Snapdragon 778G processor, 8 GB RAM). The model achieved an average inference speed of approximately 19 frames 

per second, with a mean latency of 52 milliseconds per image, confirming its real-time capability. During continuous 

video capture, the system maintained stable performance without frame drops or thermal throttling for up to 10 minutes 

of operation. These measurements demonstrate that MYCD can operate efficiently on mobile hardware while 

maintaining detection accuracy comparable to the validation results. 

4.4. Training and Model Evaluation 

As shown in figure 4, the MYCD training log over 100 epochs exhibits a stable convergence pattern. The curves for 

box loss, classification loss, and distribution focal loss decrease consistently, and the final checkpoint reports precision 

0.662, recall 0.640, and mAP@0.5 = 0.677. The validation metrics track the training trend closely, indicating controlled 

overfitting and a well-behaved optimization process. Figure 4 is a summary of the results of MYCD training for 100 

epochs. 
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Figure 4. Summary of MYCD training results over 100 epochs. 

As shown in figure 4, the MYCD training log over 100 epochs exhibits a stable convergence pattern. The curves for 

box loss, classification loss, and distribution focal loss decrease consistently, and the final checkpoint reports precision 

0.662, recall 0.640, and mAP@0.5 equal to 0.677. The validation metrics track the training trend closely, indicating 

controlled overfitting and a well-behaved optimization process. 

The training process was conducted using the Adam optimizer with an initial learning rate of 0.001 and a cosine decay 

schedule to gradually reduce the rate over epochs. A batch size of 16 was selected to balance convergence stability and 

memory efficiency on the available GPU (NVIDIA RTX 3060, 12 GB VRAM). The model was trained for 100 epochs 

with an input image size of 640 × 640 pixels, employing early stopping with a patience of 10 epochs to prevent 

overfitting. Data augmentation included random rotation (±10°), brightness adjustment (±15%), and horizontal 

flipping. The loss function combined YOLO localization and classification losses with Distribution Focal Loss for 

bounding box refinement. All experiments were implemented in PyTorch 2.2 with CUDA acceleration, ensuring 

reproducibility under standard deep learning configurations. 

The improvement relative to standard YOLOv8 reported in previous work can be attributed to DenseNet’s dense 

connectivity that preserves informative features across depth and CBAM’s ability to focus on damage-relevant regions. 

Nevertheless, the moderate class remains the most challenging, echoing prior findings where mid-level categories are 

harder to separate due to texture similarities. These logs suggest that further gains may come from increasing moderate-

class samples, refining class-aware sampling, or tuning loss weights to emphasize boundary cases. To provide a clearer 

comparison, a quantitative summary between MYCD and several YOLOv8 variants is presented in table 2. This table 

highlights both performance and computational efficiency metrics to show the trade-off achieved by the proposed 

model. 

Table 2. Comparative Performance 

Model Precision Recall mAP@0.5 
Parameters 

(M) 

Inference Speed 

(FPS) 
Notes 

YOLOv8s 

(baseline) 
0.628 0.611 0.645 11.2 26 High speed, lower feature depth 



Journal of Applied Data Sciences 

Vol. 7, No. 1, January 2026, pp. 384-395 

ISSN 2723-6471 

392 

 

 

 

YOLOv8-C2f-

Faster [4] 
0.673 0.650 0.674 13.5 22 

Improved detection, higher 

complexity 

YOLOv8-WD 

[11] 
0.688 0.663 0.671 14.1 21 Optimized for defect inspection 

MYCD 

(Proposed) 
0.662 0.640 0.677 12.7 19 

Balanced accuracy and 

mobile deployability 

As shown in table 2, MYCD achieves a comparable mAP@0.5 of 0.677, slightly higher than YOLOv8s and on par 

with enhanced variants, while maintaining lower parameter complexity than YOLOv8 WD. Although the inference 

speed is marginally slower due to DenseNet integration, MYCD’s advantage lies in its compatibility with mobile 

devices and the inclusion of attention and pooling mechanisms that improve robustness under diverse lighting and 

surface conditions. This demonstrates a practical trade off between computational efficiency and detection accuracy, 

making MYCD suitable for real time deployment in field scenarios. 

4.5. Discussion 

The evaluation results confirm that MYCD delivers competitive performance for road damage detection from field 

images, particularly for minor damage, which achieved the highest precision (0.72). This success is attributed to 

DenseNet’s enhanced interlayer connectivity, which prevents feature degradation, and CBAM’s ability to refine 

attention toward critical areas through spatial and channel-level focus. This approach aligns with previous studies that 

demonstrated how attention mechanisms increase model sensitivity to subtle features within complex textures. 

However, the relatively lower performance in the moderate damage class indicates that mid-level damage patterns are 

visually ambiguous and tend to overlap with other categories. Contributing factors include variations in lighting, 

camera angles, and background textures. Despite these challenges, field testing confirmed MYCD’s operational 

viability on devices without GPU support, highlighting its advantage over vehicle-mounted YOLOv5 systems that 

require higher computational resources. Its real-time performance on smartphones demonstrates that MYCD is well 

suited for mobile-based road monitoring in regions with limited infrastructure. 

To further understand the cause of this limitation, an intra-class similarity assessment was conducted using feature 

embeddings extracted from the penultimate layer of the MYCD network. The cosine similarity between feature vectors 

of the moderate class averaged 0.86 with those of minor damage and 0.84 with severe damage, revealing a high degree 

of overlap that contributes to misclassification. In contrast, the similarity between minor and severe classes was only 

0.71, confirming that the two extremes are more separable. Additionally, Grad-CAM visualizations showed that 

moderate damage samples often activated wider, less concentrated attention regions extending beyond actual crack 

boundaries, whereas minor and severe categories exhibited sharper and more localized activations. These quantitative 

and visual findings support the conclusion that intra-class ambiguity, rather than architectural limitation, is the 

dominant factor affecting moderate-class performance. 

From a training perspective, the loss curves indicate stable convergence, suggesting that MYCD learns effectively 

without significant overfitting. Its mAP@0.5 surpasses the baseline YOLOv8, confirming that the integration of 

DenseNet and CBAM improves detection accuracy and generalization. Compared with single-backbone architectures, 

MYCD achieves an effective balance between inference speed and feature richness, which is essential for field 

deployment scenarios that require both accuracy and efficiency. 

Although a complete ablation study was not performed, comparative internal trials were conducted to qualitatively 

assess the contribution of each integrated component. When CBAM was removed, the model’s precision decreased by 

approximately 3 to 4 percent, especially in identifying minor cracks under inconsistent lighting, emphasizing the 

module’s importance in focusing on subtle texture cues. Similarly, removing the SPP module reduced the mAP@0.5 

from 0.677 to about 0.648, confirming that SPP enhances the model’s capability to capture multi-scale contextual 

information. These findings demonstrate that CBAM and SPP perform complementary roles: CBAM reinforces fine-

detail attention, while SPP broadens spatial perception and robustness across varying damage sizes. 
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5. Conclusion 

This study successfully developed the MYCD model, which integrates YOLO CNN and DenseNet with CBAM and 

SPP modules for real time image-based road damage detection. Experimental results show that the model achieved an 

overall accuracy of 64% and an mAP@0.5 of 0.677, with the best performance in the minor damage category. The 

model can run efficiently on mobile devices without requiring a GPU or specialized hardware, making it suitable for 

real world deployment in areas with limited computational resources. 

The proposed MYCD model demonstrates improved precision for detecting minor damage and enhanced operational 

capability on low power devices. However, challenges remain in identifying moderate damage due to visual overlap 

with other categories. This limitation highlights the need for further optimization in distinguishing fine grained surface 

variations. 

For future work, it is recommended to expand the dataset with more diverse environmental conditions and implement 

advanced augmentation and domain adaptation techniques. These may include MixUp augmentation to improve 

generalization, GAN based data generation to enrich underrepresented damage types, and adaptive transfer learning 

frameworks to reduce data distribution gaps across regions. Further refinement of the neck and attention modules can 

also enhance feature differentiation among classes. 

With these improvements, MYCD has the potential to evolve into a practical, efficient, and scalable solution for 

continuous road condition monitoring, contributing to smarter and safer infrastructure management in various 

environments. 
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