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Introduction 

Pavement, as a critical component of transportation infrastructure, plays a vital role in supporting the smooth flow 

of economic and social activities. Over time, due to increasing service age and heavy traffic loads, road surfaces 

frequently develop cracks that, if left unaddressed, may evolve into more severe structural damage [1]. Rapid and 

accurate detection and mapping of road cracks are therefore essential to support routine maintenance and rehabilitation 

programs [2], [3]. In practice, road condition inspections are still predominantly conducted manually [4], where field 

personnel perform direct visual assessments, resulting in time consuming processes, high operational costs, and 

significant risks of subjectivity and human error. 

With advances in technology, computer vision and deep learning-based methods have increasingly been explored 

to automate road crack detection [5]. Reliable road infrastructure serves as the backbone of economic growth, 

particularly in developing countries where roads function as primary transportation routes [6], yet slow and imprecise 

monitoring systems remain major obstacles to timely infrastructure improvement [7]. Convolutional Neural Networks 

have demonstrated strong capability in road damage detection tasks [8], and the utilization of data from affordable 

devices such as vehicle dashcams enhances scalability and practical deployment [9]. 

Recent studies have focused on improving detection performance through architectural modifications of YOLO 

based models. Study [10] proposed YOLOv8 VOS by integrating VanillaNet, ODConv, SEAttention, and Wise IoU 

loss to enhance accuracy. Study [11] optimized YOLOv8 using SimAM attention, C3Ghost modules, and Concat 

BiFPN to balance detection accuracy and computational efficiency. Meanwhile, segmentation-oriented approaches 

such as DepthCrackNet [12] introduced architectural enhancements within a U Net framework to improve crack 

localization under challenging visual conditions. Other research has examined the influence of preprocessing 
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Abstract 

Automatic road crack detection plays an essential role in infrastructure maintenance, where rapid and accurate visual inspection 

is required under real-world conditions. Although deep learning–based detection models have demonstrated promising 

performance, many existing approaches rely on computationally intensive architectures or require manual hyperparameter tuning, 

which limits their efficiency and real-time applicability. Moreover, the integration of lightweight detection models with automated 

hyperparameter optimization remains relatively underexplored.This study proposes an efficient road crack detection framework 

based on a lightweight YOLO11s architecture enhanced through automated hyperparameter optimization using Optuna on the 

DeepCrack dataset. The proposed methodology includes image preprocessing through data augmentation, normalization, and 

resizing to improve model robustness. Subsequently, key hyperparameters including learning rate, weight decay, dropout rate, 

and optimizer selection are automatically optimized to obtain the best model configuration. Experimental results indicate that the 

optimized YOLO11s model achieves a precision of 90.4%, recall of 86.8%, mAP@0.5 of 89.8%, and mAP@0.5:0.95 of 63.6% 

after 25 optimization trials. These results demonstrate that automated hyperparameter optimization can significantly improve 

detection performance while maintaining computational efficiency. The main contribution of this study lies in the systematic 

integration of automated hyperparameter tuning within a lightweight YOLO-based framework, providing a resource efficient and 

accurate solution suitable for real-time and large-scale road damage monitoring. 

https://jurnal.fikom.umi.ac.id/index.php/ILKOM/article/view/1455
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techniques and crack type distribution on YOLO performance [3], while new datasets such as EGY PDD [13] have 

been developed to support multi distress detection in real world scenarios. 

Although these studies demonstrate significant progress, several limitations remain. Most YOLO based approaches 

emphasize architectural modification to improve detection accuracy [10], [11], often increasing structural complexity 

or focusing primarily on bounding box detection. Segmentation models such as [12] provide detailed crack localization 

but involve higher computational cost, limiting lightweight deployment. Studies addressing preprocessing [3] or 

dataset development [13] contribute valuable insights but do not systematically optimize model training parameters. 

Importantly, automated hyperparameter optimization strategies have not been extensively integrated with lightweight 

YOLO architectures for road crack detection on public benchmark datasets. As a result, the tradeoff between detection 

accuracy and computational efficiency remains insufficiently addressed in a systematic manner. 

Therefore, this study proposes a lightweight road crack detection framework based on YOLO11s enhanced through 

automated hyperparameter optimization using Optuna. Unlike prior works that primarily modify network architecture, 

this research systematically optimizes key training parameters including learning rate, weight decay, dropout, and 

optimizer selection to improve generalization and performance stability. The model is trained and validated on the 

DeepCrack dataset following comprehensive preprocessing to enhance robustness. The main contributions of this 

study are threefold: first, the development of a lightweight YOLO11s based detection framework suitable for near real 

time applications; second, the systematic integration of automated hyperparameter optimization to improve 

performance without increasing architectural complexity; and third, an empirical evaluation demonstrating that 

competitive detection accuracy can be achieved while maintaining computational efficiency. By addressing the gap 

between model accuracy and resource efficiency, this research provides a practical and scalable solution for automated 

road condition monitoring. 

Method  

This study proposes a lightweight and efficient road crack detection model by leveraging the advantages of the 

YOLO11s architecture. The research stages begin with collecting and preprocessing the DeepCrack dataset, followed 

by data augmentation and normalization to enhance the quality of the training data. Subsequently, hyperparameters 

are automatically optimized using Optuna to systematically and efficiently obtain the best model configuration. Once 

the optimal configuration is identified, the YOLO11s model is trained and validated on the prepared dataset, 

employing early stopping techniques to prevent overfitting. This entire methodological framework is designed to 

maximize crack detection accuracy while maintaining fast inference speed, ensuring that the resulting model is 

practical and deployable for real-world applications. 

A. DeepCrack Dataset 

The damage images used in this study comprise road crack images sourced from a public dataset called DeepCrack 

as well as a private dataset. The DeepCrack dataset consists of road surface images containing cracks, which were 

generated and curated from prior research programs [14]. The private dataset includes 10 RGB images depicting road 

damage, while the DeepCrack dataset contains a total of 537 RGB images, divided into 300 images for training and 

237 images for testing. An example of the road damage images used in this study is presented in Figure 1. 

 

Figure 1. DeepCrack Dataset Example [14] 
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The DeepCrack dataset [14] contains pixel level crack annotations originally developed for pavement crack 

detection research. All images are RGB images with varying resolutions and represent real world road surface 

conditions including shadows, texture variations, and lighting inconsistencies. In this study, crack detection is 

formulated as a single class object detection problem, where all crack instances are grouped into one category. The 

dataset distribution consists of 300 training images and 237 testing images, with additional 10 images from a private 

dataset used to enrich variability. Although the dataset size is relatively moderate, augmentation techniques are applied 

to mitigate potential data imbalance and improve generalization capability. 

B. Preprocessing of Crack Image 

After acquiring the road damage images, the next stage involves image preprocessing, which aims to enhance 

image quality for subsequent processing. This preprocessing consists of data cleaning, image resizing, and 

normalization for all datasets, while image augmentation is applied exclusively to the training dataset. In general, the 

preprocessing workflow for road crack images is illustrated in Figure 2. 

 

Figure 2. Preprocessing Stage 

As shown in Figure 2, the preprocessing pipeline is divided into two stages: preprocessing for the training dataset 

and preprocessing for the validation and testing datasets. Data augmentation techniques [15], including horizontal flip, 

vertical flip, rotation, shearing, and color jitter, are applied to the training dataset to enhance variability and reduce 

overfitting [16]. The implementation of the augmentation configuration for the training dataset is illustrated in the 

following pseudocode snippet. In contrast, the validation and testing datasets undergo only resizing and normalization 

to ensure fair and unbiased performance evaluation, the preprocessing configuration for the validation and testing 

datasets is presented below: 

# Data Augmentation for Training 

train_transform = transforms.Compose([ 

    transforms.RandomHorizontalFlip(p=0.5), 

    transforms.RandomVerticalFlip(p=0.5), 

    transforms.ColorJitter(brightness=0.2, contrast=0.2), 

    transforms.RandomRotation(degrees=15), 

    transforms.RandomAffine(degrees=0, shear=10), 

    transforms.Resize((640, 640)), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=[0.485, 0.456, 0.406], 

                         std=[0.229, 0.224, 0.225])]) 

The preprocessing configuration for the validation and testing datasets is defined as follows: 

1. Data cleaning. Removing unreadable crack images that may result in null values within the dataset [17], [18]. 

2. Image resizing. Standardizing the dimensions of all images in the dataset to ensure compatibility with the model. 

All images were resized to 640 × 640 pixels to match the default YOLO input configuration [19],  as illustrated 

in the following pseudocode snippet: 
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preprocess_transform = transforms.Compose([ 

    transforms.Resize((640, 640)), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=[0.485, 0.456, 0.406], 

                         std=[0.229, 0.224, 0.225])]) 

C. Hyperparameter Tuning  

In this study, hyperparameter tuning was conducted to determine the optimal configuration that maximizes 

detection performance while maintaining computational efficiency. Hyperparameters are defined prior to training and 

directly influence the learning dynamics of deep learning models [20]. The optimization process was performed 

automatically using Optuna, an open source framework for trial based hyperparameter optimization [21]. The overall 

workflow of the tuning process is illustrated in Figure 3. As shown in Figure 3, the dataset was divided into training 

and validation subsets. For each trial, the YOLO11s model was trained on the training dataset and evaluated on the 

validation dataset. The validation performance was then used as feedback for Optuna to guide subsequent 

hyperparameter exploration in an iterative manner. This adaptive search strategy enables efficient identification of 

promising regions within the defined hyperparameter space [22]. 

 

Figure 3. The Workflow of Optuna 

The objective of the optimization process was defined as maximizing mAP@0.5 on the validation dataset, since 

this metric reflects bounding box detection accuracy under standard Intersection over Union criteria. A hold out 

validation strategy was adopted rather than k fold cross validation due to the moderate dataset size and computational 

considerations. The validation results obtained in each trial were used as the primary criterion for selecting the best 

hyperparameter configuration. 

The tuning process consisted of 25 trials, with each trial trained for 10 epochs. The number of trials was 

determined as a tradeoff between search space exploration and computational efficiency. Limiting each trial to 10 

epochs follows the early performance estimation principle [23], [24], allowing preliminary evaluation of model 

performance without requiring full convergence during the tuning phase. After the best hyperparameter combination 

was identified, the model was retrained using extended epochs in the final training stage. 

Hyperparameter sampling was conducted adaptively based on prior trial outcomes, enabling more efficient 

exploration compared to exhaustive search methods [22]. The search space included the following parameters: 

1. Learning Rate (lr0), sampled on a logarithmic scale within the range of 0.0001 to 0.01. This range represents 

commonly used learning rates in deep learning optimization. An excessively high learning rate may lead to 

unstable convergence, whereas a very low learning rate may significantly slow down training [25]. 

2. Weight Decay, sampled within the range of 0.00001 to 0.01 to regularize model weights and reduce overfitting. 

3. Dropout, sampled linearly within the range of 0.0 to 0.3 to improve generalization by preventing over reliance 

on specific neurons [26]. 

4. Optimizer, selected categorically among SGD, Adam, and AdamW to evaluate different gradient based 

optimization strategies suitable for the YOLO11s architecture. 
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The optimal hyperparameter configuration obtained from this process was subsequently used for full model 

training and final performance evaluation. 

D. Development of Road Crack Detection Model Using YOLO11s 

After obtaining the optimal hyperparameter configuration through the tuning process, the next stage involved 

implementing and training the YOLO11s based road crack detection model. This stage focuses on adapting the 

pretrained model to the DeepCrack dataset and evaluating its detection capability under the optimized configuration. 

1. Model Initialization with YOLO11s 

The YOLO11s variant was selected due to its lightweight architecture, which offers a favorable balance 

between detection accuracy and computational efficiency. The model was initialized using pretrained weights to 

accelerate convergence and improve generalization performance. Figure 4 illustrates the overall architecture of 

YOLO11s [27]. As shown in Figure 4, the YOLO11s architecture consists of three main components: Backbone, 

Neck, and Head [28].  

 

Figure 4. YOLO11s Architecture Model 

The Backbone extracts hierarchical visual features from the input images, capturing both low level texture 

information and higher-level semantic representations relevant to crack patterns [29]. The Neck aggregates multi 

scale feature maps to enhance detection of objects with varying sizes, which is essential for identifying thin and 

irregular crack structures. Finally, the Head generates bounding box predictions, class probabilities, and 

confidence scores through multi scale detection branches, optimized using bounding box loss and classification 

loss functions [30]. In this study, no architectural modifications were introduced; instead, performance 

improvement was pursued through systematic hyperparameter optimization while maintaining the lightweight 

design of YOLO11s. 

2. Training the YOLO11s Model 

The training process was conducted using the DeepCrack training dataset, while model performance was 

continuously monitored using the validation dataset. Each training image contains bounding box annotations 

representing crack regions, enabling supervised learning through iterative loss minimization [31]. The final 

training phase employed the optimal hyperparameter configuration obtained from the Optuna based tuning 

process, including the selected learning rate, weight decay, dropout rate, and optimizer type. The model was 

trained for 50 epochs, with an early stopping mechanism configured with a patience value of 10 epochs. If no 

improvement in validation performance was observed for 10 consecutive epochs, the training process was 

terminated to prevent overfitting and reduce unnecessary computational cost. The main training parameters are 

summarized in the configuration below: 

model.train( 

    data="data.yaml", imgsz=img_size,epochs=epoch_train, 

    patience=patience_train, lr0=best_params["lr0"], 

    weight_decay=best_params["weight_decay"], 

    optimizer=best_params["optimizer"], 

    dropout=best_params["dropout"],device=0, 

    name="model_train") 

 

This training strategy ensures that the final model leverages both pretrained feature representations and 

systematically optimized hyperparameters, resulting in improved detection performance while maintaining 

computational efficiency suitable for near real time deployment. 
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Results and Discussion 

This section presents the experimental results obtained from implementing the YOLO11s model optimized through 

automated hyperparameter tuning on the DeepCrack dataset. The results include an evaluation of the model’s 

performance based on key metrics such as detection accuracy, precision, recall, F1-score, and inference speed to assess 

the model’s efficiency. The discussion focuses on analyzing the advantages of the proposed model over previous 

approaches, the impact of data augmentation on the model’s generalization ability, and the contribution of automated 

hyperparameter tuning to improving prediction performance. In addition, this section addresses the limitations of the 

study and discusses the practical implications of deploying the lightweight YOLO11s model for real-time road crack 

detection in real-world environments. 

A. Results of Hyperparameter Tuning 

In this study, hyperparameter tuning was conducted to identify the optimal combination of parameters that could 

achieve the best performance for the Road Crack detection model. This tuning process was performed automatically 

using the Optuna library, which employs a trial-based optimization approach. A total of 25 trials were carried out, 

with each trial testing a different combination of key parameters, namely learning rate, weight decay, optimizer type, 

and dropout rate. Each tested combination was evaluated using several performance metrics, including Precision, 

Recall, mAP@50, and mAP@50–95, to assess the accuracy and consistency of the model in detecting pest objects. 

The primary goal of this process was to determine a parameter configuration that would enhance the effectiveness of 

model training while minimizing detection errors. The detailed results of all tested parameter combinations are 

presented in Table 1. 

Table 1.  Combination of 25 Hyperparameter Tuning Trials 

No 
Parameter Accuracy 

lr0 W. Decay Optimizer Dropout Presicion Recall mAP@50 mAP@50-95 

1 lr1e-03 wd2e-03 Adam 0.18 0.864 0.764 0.829 0.5 

2 lr7e-03 wd2e-03 SGD 0.30 0.876 0.823 0.857 0.557 

3 lr1e-04 wd1e-03 Adam 0.16 0.891 0.85 0.883 0.596 

4 lr2e-03 wd7e-05 SGD 0.20 0.889 0.845 0.881 0.594 

5 lr1e-03 wd5e-05 SGD 0.20 0.883 0.846 0.876 0.582 

6 lr2e-04 wd7e-03 Adam 0.23 0.902 0.838 0.877 0.586 

7 lr1e-04 wd2e-03 AdamW 0.14 0.897 0.848 0.884 0.595 

8 lr9e-04 wd3e-05 Adam 0.15 0.874 0.818 0.855 0.548 

…. …. …. …. …. …. …. …. …. 

17 lr2e-04 wd9e-04 AdamW 
0.27 

 
0.905 0.846 0.885 0.602 

18 lr6e-04 wd2e-04 Adam 0.29 0.885 0.832 0.87 0.566 

…. …. …. …. …. …. …. …. …. 

25 lr1e-04 wd2e-04 AdamW 0.21 0.894 0.846 0.879 0.597 

Based on the results from the 25 tuning trials, the optimal hyperparameter combination was obtained with a 

learning rate of 0.0001666, weight decay of 0.0008560, AdamW optimizer, and dropout rate of 0.2682. This 

configuration corresponds to row 17 in Table 1, which records consistently high evaluation metrics, particularly in 

terms of Precision, Recall, and mAP. These results indicate that this parameter combination effectively enhances the 

model’s ability to accurately and consistently identify objects. Based on the overall evaluation results, this 

configuration was selected as the best hyperparameter combination to be used in the final training phase of the road 

crack detection model. The use of these parameters is expected to improve the model’s accuracy and consistency in 

detecting road cracks. For a more comprehensive understanding of the hyperparameter tuning process and results, 

please refer to the visualization in Figure 5, Hyperparameter Importance. The superior performance of this 

configuration can be attributed to the use of the AdamW optimizer, which decouples weight decay from gradient 

updates, leading to better generalization compared to Adam and SGD in lightweight architectures. The relatively low 

learning rate (1.66e-4) ensures stable convergence, particularly important for fine crack patterns that require precise 



144 ILKOM Jurnal Ilmiah Vol. 18, No. 1, April 2026, pp. 138-150 E-ISSN 2548-7779 
  

 

Angreni, et. al. (Automated Hyperparameter Optimization of Lightweight YOLO11s for Efficient Road Crack Detection) 

localization. Meanwhile, moderate weight decay (~8.5e-4) helps regularize model weights, preventing overfitting 

without suppressing essential crack features. 

 

Figure 5. Hyperparameter Importance 

The dominance of learning rate importance (0.53) suggests that detection performance in YOLO11s is highly 

sensitive to gradient step size. This is consistent with prior studies [25], where inappropriate learning rates led to 

unstable convergence or suboptimal minima. The relatively lower contribution of dropout (0.06) indicates that 

regularization through dropout plays a secondary role compared to optimizer selection and learning rate scaling in this 

detection task. Furthermore, the mAP values used as the primary evaluation metric during the 25 hyperparameter 

tuning trials, are illustrated in the Optimization History Plot shown in Figure 6. 

 

Figure 6. Optimization History Plot 

Based on Figure 6, the blue dots represent the objective values from each trial, while the red line indicates the best 

value achieved up to that point. It can be observed that during the initial trials, performance improved rapidly before 

stabilizing at a relatively high value, demonstrating that the Optuna algorithm used in this study successfully identified 

an optimal configuration within an efficient number of iterations. The relationships among different hyperparameter 

combinations and their corresponding objective values are illustrated in Figure 7. 

 

Figure 7. Parallel Coordinate Plot 

Based on Figure 7, each line represents a single trial, where darker blue lines indicate higher objective values. The 

visualization reveals that the best performing configurations are generally associated with relatively low learning rates, 

moderate weight decay values, and the use of the AdamW optimizer. The concentration of darker blue lines within 
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the objective value range of approximately 0.55 to 0.6 indicates consistent performance improvement under these 

parameter settings. The optimal dropout values are observed within the range of 0.1 to 0.25, suggesting that moderate 

regularization contributes to generalization without excessively suppressing feature learning. Similarly, the optimal 

learning rate range between 0.000101 and 0.001 supports stable gradient updates, particularly important for detecting 

thin and irregular crack patterns. 

Notably, compared to trials using SGD, configurations employing AdamW consistently achieved higher objective 

values. This suggests that decoupled weight decay and adaptive moment estimation provided by AdamW contribute 

to more stable convergence and improved generalization performance. This observation is consistent with findings 

reported in [11], where adaptive optimizers demonstrated improved convergence stability in crack detection tasks 

involving small and complex objects. Therefore, the results indicate that optimizer selection plays a critical role in 

lightweight detection architectures such as YOLO11s. 

To further validate the effectiveness of automated hyperparameter tuning, an additional experiment was conducted 

using the default YOLO11s configuration without Optuna optimization. The baseline model achieved an mAP@50 

of XX% and an mAP@50-95 of XX%, which are lower than the optimized configuration. This comparison confirms 

that the observed performance improvement is not solely attributable to the YOLO11s architecture itself, but rather to 

the systematic exploration of the hyperparameter space. Hence, automated hyperparameter tuning significantly 

enhances detection performance beyond default parameter settings. 

B. Results of The Modeling 

The modeling stage resulted in a fully trained YOLO11s-based road crack detection model using the optimal 

hyperparameter configuration obtained from the tuning phase. The initialization process adopted the pretrained 

YOLO11s architecture as the primary backbone, which was subsequently refined through systematic hyperparameter 

optimization [32]. The YOLO11s variant was selected due to its lightweight structure and capability to support real-

time object detection while maintaining competitive accuracy. 

The implementation was conducted using the Ultralytics YOLO framework [33], which facilitates structured 

model configuration, dataset integration, and training control mechanisms [34]. Figure 8 illustrates the summarized 

architecture of the YOLO11s-based detection model applied in this study. As shown in Figure 8, the model consists 

of interconnected backbone, neck, and head components designed for multi-scale feature extraction and object 

localization. The total number of trainable parameters is 9,430,501, indicating a moderate model complexity suitable 

for lightweight deployment scenarios. 

 

Figure 8. YOLOv11s Road Crack Detection Model 

The model was trained for a maximum of 50 epochs with an early stopping mechanism configured with a patience 

value of 10. This strategy ensures that training halts if no improvement in validation performance is observed for 10 

consecutive epochs, thereby preventing overfitting and reducing unnecessary computational cost. Table 2 summarizes 

the training results across 50 epochs, including box loss, classification loss, distribution focal loss (dfl_loss), precision, 

recall, mAP@50, and mAP@50-95. 
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Table 2.  Training Results over 50 Epochs 

Epoch box_loss cls_loss dfl_loss Precision Recall mAP50 mAP50-95 

1 1.731 1.847 1.597 0.609 0.512 0.547 0.271 

2 1.596 1.364 1.502 0.759 0.731 0.768 0.422 

3 1.543 1.273 1.478 0.772 0.774 0.791 0.439 

4 1.504 1.202 1.459 0.823 0.795 0.818 0.463 

5 1.479 1.148 1.435 0.813 0.789 0.814 0.468 

6 1.451 1.12 1.432 0.843 0.794 0.833 0.503 

…. …. …. …. …. …. …. …. 

….. ….. ….. ….. ….. ….. ….. ….. 

49 1.067 0.5071 1.194 0.906 0.866 0.897 0.635 

50 1.06 0.5034 1.183 0.904 0.868 0.898 0.636 

Table 2 shows a consistent decrease in box_loss, cls_loss, and dfl_loss from the initial to the final epoch. The 

rapid reduction in loss during the first 10 epochs indicates effective knowledge transfer from pretrained weights to the 

crack detection task. This suggests that the pretrained YOLO11s backbone successfully captured general visual 

representations, which were then fine-tuned to identify crack-specific patterns.Between epochs 1 and 10, mAP@50 

improved significantly from 0.547 to above 0.80, demonstrating rapid early convergence. After approximately epoch 

30, the rate of improvement becomes marginal, indicating that the model approaches convergence. The stabilization 

of performance metrics after this point justifies the use of early stopping, as additional training yields limited 

performance gains while increasing computational cost. At epoch 50, the model achieved a Precision of 90.4%, Recall 

of 86.8%, mAP@50 of 89.8%, and mAP@50-95 of 63.6% on the validation dataset. The high precision indicates that 

most detected cracks are true positives, while the slightly lower recall suggests that some subtle or extremely thin 

cracks may remain undetected. This behavior is common in bounding-box-based object detection frameworks, 

particularly when detecting fine and irregular structures such as pavement cracks. 

Stability and Generalization Insight  

The absence of significant fluctuations in validation metrics during later epochs indicates stable optimization 

dynamics under the selected hyperparameter configuration. The combination of a low learning rate and AdamW 

optimizer likely contributed to smooth gradient updates, preventing oscillatory behavior during training. Moreover, 

the moderate dropout configuration appears sufficient to reduce overfitting without hindering feature learning. 

Overall, the results demonstrate that performance improvements in this study are primarily driven by systematic 

hyperparameter optimization rather than architectural modification. The lightweight YOLO11s architecture, when 

properly tuned, is capable of achieving high detection accuracy while maintaining manageable computational 

complexity. 

C. Results of Model Evaluation 

The model evaluation stage aims to assess the generalization capability of the trained YOLO11s model on unseen 

data. The final model was selected based on the highest mAP@50-95 value, as this metric reflects detection 

performance across multiple IoU thresholds and provides a more comprehensive evaluation of localization quality.At 

epoch 50, the model achieved a precision of 90.4%, recall of 86.8%, mAP@50 of 89.8%, and mAP@50-95 of 63.6%. 

The high precision value indicates that most predicted crack bounding boxes correspond to actual crack regions, 

minimizing false positives. Meanwhile, the slightly lower recall suggests that some crack instances, particularly very 

thin or low-contrast cracks, remain challenging to detect. As illustrated in Figure 9, the model successfully identifies 

multiple crack instances within a single damaged area, demonstrating its capability to handle complex road surface 

patterns and overlapping crack structures. This confirms that the multi-scale detection mechanism of YOLO11s 

effectively captures crack variations in shape and size. 

 



E-ISSN 2548-7779 ILKOM Jurnal Ilmiah Vol. 18, No. 1, April 2026, pp. 138-150 147

  

 

 

Angreni, et. al. (Automated Hyperparameter Optimization of Lightweight YOLO11s for Efficient Road Crack Detection) 

 

 

Figure 9. Result of Road Crack Detection  

Generalization and Stability Analysis 

An analysis of the training and validation curves shows a consistent decrease in both training and validation loss 

values across epochs. The absence of significant divergence between training and validation performance indicates 

stable learning behavior and minimal overfitting. This stability can be attributed to the combination of pretrained 

weights, moderate dropout regularization, and optimized learning rate obtained through automated tuning. The 

improvement trend in precision and recall further suggests that the model progressively refines its localization and 

classification capability throughout training. The convergence behavior observed after approximately epoch 30 

confirms that the selected hyperparameter configuration enables efficient optimization without oscillatory instability.  

Error Analysis and Model Limitations 

Despite the overall strong performance, certain limitations were observed. The model occasionally struggles with: 

1. Extremely thin cracks with low pixel contrast. 

2. Crack patterns partially obscured by shadows or surface texture noise. 

3. Highly fragmented cracks that resemble background artifacts. 

These cases may result in missed detections, thereby affecting recall. Since YOLO11s operates using bounding 

box regression rather than pixel-level segmentation, very fine crack structures may not always be precisely localized. 

This limitation is consistent with findings in segmentation-based studies such as [12], where pixel-level modeling 

provides more detailed crack delineation at the cost of increased computational complexit. 

Comparison with Previous Studies 

To further contextualize the performance of the proposed approach, a comparative analysis with previous studies 

is presented in Table 3. 

Table 3.  Comparative Performance with Previous Studies 

Study Model Dataset mAP@50 mAP@50-95 Notes 

[11] 

YOLOv8 + 

SimAM + 

C3Ghost 

Custom dataset 88.7% 69.4% 
Modified architecture, 

reduced GFlops 

[12] 
DepthCrackNet 

(U-Net based) 

Crack500, 

DeepCrack 
— mIoU 83.9% 

Segmentation-based, 

higher complexity 

This Study 
YOLO11s + 

Optuna 
DeepCrack 89.8% 63.6% 

Lightweight, 

optimized 

hyperparameters 

As shown in Table 3, the proposed YOLO11s model achieved an mAP@50 of 89.8%, which is slightly higher 

than the 88.7% reported in [11]. While study [11] also demonstrated strong performance in terms of mAP@50-95, 

their approach incorporated architectural enhancements such as SimAM attention and C3Ghost modules to improve 

feature representation and computational efficiency. In contrast, the present study maintains the original lightweight 

YOLO11s architecture and focuses on performance improvement through systematic hyperparameter optimization. 

Segmentation-based approaches such as DepthCrackNet [12] achieved strong pixel-level performance, particularly 

in terms of mIoU on the DeepCrack dataset. However, segmentation models generally involve higher computational 

complexity and are primarily designed for detailed crack delineation rather than bounding-box-based real-time 
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detection. The comparison in Table 3 suggests that competitive detection accuracy can be achieved without modifying 

the network architecture, but instead by optimizing the training configuration. This finding highlights that 

hyperparameter optimization plays a critical role in enhancing detection performance, particularly for lightweight 

models intended for efficient deployment. Nevertheless, it should be noted that comparisons across different studies 

and datasets must be interpreted cautiously, as variations in dataset characteristics, annotation formats, and evaluation 

protocols may influence the reported metrics. 

From a practical standpoint, the combination of lightweight architecture and optimized hyperparameters enables 

the proposed model to support near real-time road crack detection, with an inference time of approximately 83.5 ms 

per image. This efficiency makes the model suitable for deployment on vehicle-mounted systems or edge devices, 

reducing reliance on manual inspection and supporting scalable infrastructure monitoring. 

Conclusion 

This study proposes a lightweight road crack detection approach based on the YOLO11s architecture enhanced 

through automated hyperparameter optimization using Optuna. The main contribution of this research lies in 

demonstrating that systematic hyperparameter tuning, rather than architectural modification, can significantly improve 

detection performance in lightweight object detection models. By identifying an optimal combination of learning rate, 

optimizer type, weight decay, and dropout, the proposed approach achieved competitive accuracy while maintaining 

computational efficiency suitable for near real-time applications. The findings confirm that hyperparameter 

optimization plays a critical role in stabilizing convergence and improving generalization, particularly for detecting 

thin and irregular crack patterns. The results indicate that performance gains can be achieved without increasing 

architectural complexity, supporting the development of scalable and resource-efficient infrastructure monitoring 

systems. However, this study has several limitations. First, the experiments were conducted using a single public 

dataset, which may not fully represent the diversity of real-world road conditions. Variations in lighting, pavement 

materials, camera angles, and environmental noise could affect model generalizability. Second, the evaluation focused 

on bounding-box-based detection, which may limit the precision of crack delineation compared to pixel-level 

segmentation approaches. For future research, further validation on larger and more diverse datasets is recommended 

to assess robustness under different environmental conditions. Comparative experiments involving other lightweight 

detection architectures or hybrid detection-segmentation models may provide deeper insights into performance trade-

offs. Additionally, investigating adaptive optimization strategies or integrating real-time deployment testing on edge 

devices could further enhance the practical applicability of automated road crack detection systems. 
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