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Abstract 

Road cracks significantly degrade infrastructure quality and pose a threat to traffic safety. To minimize 

manual inspection inefficiencies, this study investigates a segmentation model integrating 

MobileNetV3-Small as a backbone for the U-Net architecture to reduce processing time. The 

performance of the proposed MobileNetV3-Small-U-Net is benchmarked against a standard U-Net 

using three public datasets: DeepCrack (537 images), CFD (118 images), and Crack500 (3368 images) 

sourced from GitHub and Kaggle. This research explores the influence of optimization algorithms on 

evaluation results across these diverse datasets. Specifically, the study evaluates Adam, RMSprop, and 

SGD optimizers at an image resolution of 224 x 224 pixels, with a 0.001 learning rate and 0.9 

momentum. On-the-fly augmentation techniques, including horizontal flips and brightness adjustments 

(0.8 to 1.2), were implemented during training. Experimental results demonstrate that MobileNetV3-

Small-U-Net enhances computational efficiency by achieving a 9 ms inference time, which is 2 ms 

faster than the standard U-Net. These findings confirm that a MobileNetV3-Small backbone accelerates 

inference, despite a slight trade-off in evaluation metrics. Additionally, results reveal that the SGD 

optimizer is unsuitable for these segmentation tasks due to high error rates and the lack of an adaptive 

learning rate. 

 

Keywords: infrastructure monitoring; road crack; semantic segmentation; ssd-mobilenetv3; u-net 

 

To cite this article: Hujaya, A., & Pribadi, M. R. (2026). An Efficient Two Stage Detection 

Segmentation Framework for Automated Road Crack Assessment. Edumatic: Jurnal Pendidikan 

Informatika, 10(1), 100–109. https://doi.org/10.29408/edumatic.v10i1.33699  

 

INTRODUCTION 

Road cracks are a form of structural damage that significantly reduces infrastructure 

performance and threatens global traffic safety (Cao et al., 2023; López et al., 2026). These 

cracks allow corrosive elements to penetrate pavement layers, accelerating structural failure 

and lowering the tensile strength of the material, which makes periodic detection essential (Luo 

et al., 2023). This structural degradation is strongly linked to severe accidents and economic 

losses; for instance, China recorded 273,098 accidents in 2021 and invested 1.29 trillion CNY 

in road maintenance in 2022, highlighting the urgent need for accurate early crack monitoring 

(Deng et al., 2023; Jia et al., 2026). 

Manual inspections are increasingly viewed as ineffective, being subjective, costly, and 

time-consuming, which has driven the adoption of computer vision and Artificial Intelligence 

(AI) for automated, high-precision detection (Liu et al., 2026; Xu et al., 2024). These detection 

technologies improve object localization and situational awareness, supporting diverse 
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applications such as autonomous navigation and industrial quality control (Trigka & Dritsas, 

2025). Image segmentation provides pixel-level accuracy essential for high-precision tasks and 

autonomous navigation. This granularity allows for a comprehensive understanding of 

complex environments, which is vital for robust infrastructure monitoring (Joy et al., 2026). 

According to previous research, the SSD-MobileNet architecture has proven to be more 

memory-efficient and superior in accuracy compared to YOLOv8 (Dharma et al., 2025). This 

is further supported by a study conducted by (Abdusalomov et al., 2025), which states that 

MobileNetV3-Small + SSD features a highly compact file size of 8.7 MB and achieves an 

inference speed of 62.5 FPS. Consequently, the MobileNet model is highly suitable for 

deployment in various public facilities due to its small memory footprint, relatively high 

accuracy, and cost-effective implementation. 

While MobileNet's advantages are significant, its classification performance can be 

further enhanced by utilizing semantic segmentation models such as U-Net (Mayya & 

Alkayem, 2024). The U-Net architecture is renowned for its robust feature extraction 

capabilities, even surpassing the performance of Swin-Unet and Deeplabv3 with precision and 

recall scores of 0.9461 in road crack case studies (He & Lau, 2024). This architecture is capable 

of precisely automating the quantification of microstructure parameters without manual 

intervention, while simultaneously enhancing detection robustness in autonomous systems 

through reliable sensor fusion (Patel et al., 2026). U-Net is widely recognized as a benchmark 

model for road crack segmentation due to its ability to detect cracks with significant depth and 

precision. 

Integrating these two architectures offers significant potential for infrastructure 

monitoring by leveraging U-Net’s robust feature extraction and MobileNet’s computational 

efficiency (Morellos et al., 2024). In UAV-based applications, the MobileNet-U-Net fusion has 

achieved a precision of 85.1% (Lourenco et al., 2025). This demonstrates the feasibility and 

effectiveness of such a combination, as evidenced by its strong performance in previous UAV-

related studies. Furthermore, optimizer selection plays a crucial role in influencing 

convergence speed, accuracy, and generalization (Dogo et al., 2022; Kompanets et al., 2025). 

Optimization algorithms assist neural networks in iteratively minimizing the cost function to 

identify optimal parameters (Mehmood et al., 2023). 

While numerous studies have explored the integration of MobileNet and U-Net across 

various domains, the application of MobileNetV3 remains significantly underexplored 

compared to its predecessors. Existing literature often relies on single-dataset evaluations to 

validate findings; however, this limitation restricts a comprehensive understanding of how 

these models generalize across diverse road textures and environmental conditions. as in the 

research discussed by (Yu et al., 2024), which suffers from a limited variety of data. 

Furthermore, prior research typically involves training models with a single optimizer, raising 

questions regarding whether peak performance has truly been achieved. 

This research aims to investigate the fusion of MobileNetV3-Small and U-Net by 

utilizing MobileNetV3-Small as the backbone for the U-Net architecture. By leveraging three 

diverse public datasets DeepCrack, CFD, and Crack500 this study analyzes the impact of 

optimization algorithms on model performance and investigates whether dataset variations 

yield significantly divergent results. Additionally, this study adopts the Dice coefficient for 

evaluation, whereas previous research has primarily relied on Confusion Matrices and MioU. 

Furthermore, this study will compare the impact of utilizing MobileNet as a backbone against 

a standard U-Net to evaluate the specific contributions and improvements derived from the 

MobileNet architecture. 
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METHOD 

This study adopts a systematic quantitative approach to transform raw data into strategic 

insights through advanced deep learning experiments and architectures. To ensure model 

validity, the research utilizes three diverse public datasets sourced from GitHub and Kaggle, 

covering various real-world complexities. This methodological structure facilitates an 

objective evaluation across these environments. 

Specifically, this study utilizes three primary public datasets: DeepCrack, consisting of 

537 images; CFD, with 118 images; and Crack500, comprising 3,368 images. These datasets 

integrate various technical complexities, ranging from variations in crack width to 

environmental noise, to ensure a robust evaluation of the models under study. The use of 

diverse data sources enables a more comprehensive analysis of various road surface conditions 

encountered in real-world scenarios. Consequently, this extensive dataset integration not only 

enriches the training process but also strengthens the validity of the test results across different 

scenarios. The balance between the quantity of images and the level of environmental difficulty 

within these datasets serves as a critical foundation for achieving optimal segmentation 

accuracy. 

The U-Net algorithm was first introduced for segmentation in 2015. Structurally, U-Net 

comprises an encoder and a decoder; in this study, the architecture is modified by integrating 

MobileNetV3-Small as the backbone for the encoder section. The model is implemented using 

the PyTorch framework, with a training duration of 50 epochs and an input image resolution 

of 224 x 224 pixels. Each dataset is partitioned into 80% training data and 20% validation data. 

RMSprop, Adam, and SGD (0.9 momentum) optimizers are evaluated with a uniform learning 

rate of 0.001. The training process employs on-the-fly data augmentation techniques, including 

horizontal flips with a 0.5 probability and brightness adjustments ranging from 0.8 to 1.2, 

further complemented by an early stopping mechanism with a patience of 7 epochs. 

Performance quality will be assessed using a confusion matrix, encompassing metrics 

such as accuracy, precision, recall, and F1-score. This matrix serves as the primary basis for 

evaluating and comparing the performance of the implemented classifiers (Valero-Carreras et 

al., 2023). In addition to the confusion matrix, model evaluation will incorporate Mean 

Intersection over Union (MIoU) and the Dice coefficient, which function to accurately measure 

the degree of overlap between the ground truth and the model's predictions. 

 

RESULTS AND DISCUSSION 

Results  

This research integrates three primary public datasets to facilitate road damage analysis. 

The DeepCrack, CrackForestDataset (CFD), and Crack500 datasets are implemented for 

segmentation modeling using the U-Net architecture with a MobileNetV3-Small backbone. 

The DeepCrack dataset, serves as a cornerstone for segmentation due to its high-quality 

annotations. It comprises 537 RGB images with a standardized resolution of 544x384 pixels, 

each paired with a manually labeled binary mask. A defining feature of this dataset is its 

extreme variation in crack widths, ranging from 1 to 180 pixels, which allows the model to 

learn various distress scenarios on both asphalt and concrete surfaces under diverse textures. 

Example images from the DeepCrack dataset can be seen in Figure 1. 

 

 
Figure 1. DeepCrack dataset 
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The CrackForestDataset (CFD) utilizes 118 images captured from various road 

environments in Beijing, China, to evaluate model performance under heterogeneous urban 

conditions. These images, resized to 460x320 pixels, intentionally include environmental 

'noise' such as shadows, oil stains, and puddles. The inclusion of these elements is crucial for 

testing the robustness of the U-Net model, as it must learn to distinguish actual road cracks 

from common visual disturbances frequently encountered in everyday urban scenarios. Sample 

images from the CFD dataset are presented in Figure 2. 

 

 
Figure 2. CFD dataset 

 

Crack500 contains 3,368 images captured at a resolution of 2000x1500 pixels. Following 

cropping and filtering techniques from previous research, these images were partitioned into 

smaller regions, where only patches containing more than 1,000 pixels were retained. This 

process resulted in a dataset split of 1,896 training images, 348 validation images, and 1,124 

test images. Representative samples from the Crack500 dataset are presented in Figure 3. 

 

 
Figure 3. Crack500 Dataset 

 

U-Net training for semantic segmentation utilized a mini-batch size of 8 and early 

stopping with a 7-epoch patience threshold to prevent overfitting. Inputs were standardized to 

224 x 224 pixels to balance computational speed and spatial feature preservation. A static 0.001 

learning rate with the Adam optimizer was employed for rapid convergence. These settings 

were applied uniformly across the DeepCrack, CFD, and Crack500 datasets using an 80:20 

training-to-validation split to maximize learning capacity from sparse samples. 

 

Table 1. Training results of the u-net model deepcrack 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 98.97% 91.96% 77.54% 84.14% 85.78% 84.14% 

SGD 98.96% 85.14% 76.46% 80.56% 83.19% 80.56% 

RMSprop 98.94% 88.33% 82.46% 85.29% 86.63% 85.29% 

 

Table 2. Training results of the u-net model cfd 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 98.94% 68.98% 52.85% 59.85% 70.82% 59.85% 

SGD 98.49% 82.00% 01.56% 03.06% 50.02% 03.06% 

RMSprop 98.95% 71.36% 62.18% 66.45% 74.35% 66.45% 

 

Experimental results on the DeepCrack dataset demonstrate that RMSprop outperforms 

both Adam and SGD in terms of MIoU and Dice metrics. This superiority is primarily 
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attributed to its higher recall value, particularly in identifying fine crack pixels. While all 

optimizers maintained high accuracy levels, this was largely driven by the dominance of 

background pixels within the images. As shown in Table 1, RMSprop is identified as the most 

optimal algorithm for the segmentation tasks on this dataset, owing to its ability to maximize 

the overlap between the prediction results and the ground truth. These findings indicate that 

the use of different optimization algorithms can lead to varying model evaluation outcomes. 

Based on the training results of the U-Net model on the CFD dataset in Table 2, RMSprop 

emerged as the superior optimizer, achieving an MIoU of 74.35% and a Dice score of 66.45%. 

Although all optimizers recorded accuracy levels above 98%, these figures are misleading as 

they primarily reflect the dominance of background pixels within the dataset rather than the 

model's ability to specifically detect cracks. The SGD optimizer experienced a critical failure 

with an extremely low Recall of 1.56% despite reaching a precision of 82.00%, whereas 

RMSprop proved far more robust in identifying crack features amidst visual disturbances like 

shadows, achieving a Recall of 62.18%. 

The failure of SGD, resulting in Dice and F1-scores of only 3.06%, was driven by the 

"accuracy paradox," where the model fell into a pattern of predicting only the background to 

minimize loss rapidly. Lacking an adaptive learning rate like RMSprop, SGD struggled to 

escape flat local minima, failing to learn the sparse crack details within the dataset. 

Mathematically, this extreme low Recall dragged down the harmonic mean scores (Dice and 

F1), while the mIoU of 50.02% confirms that the model's actual performance on the crack class 

was near zero, with the score being buoyed almost entirely by the background class. These 

results demonstrate that the use of SGD is highly unsuitable for this dataset. Due to the absence 

of an adaptive learning rate within its algorithmic structure, SGD faces significant challenges 

in escaping flat local minima. 

 

Table 3. Training results of the u-net model crack500 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 97.44% 79.66% 69.52% 74.25% 78.19% 74.25% 

SGD 97.27% 79.66% 68.48% 73.65% 77.73% 73.65% 

RMSprop 97.51% 81.91% 70.33% 75.68% 79.14% 75.68% 

 

Results on Crack-500 in Table 3 again highlight RMSprop’s superiority, achieving 

79.14% MIoU and 75.68% Dice. Unlike the CFD anomalies, all optimizers showed consistent 

stability with accuracy levels near 97%, and SGD delivered competitive results. These results 

indicate that the higher precision and recall values achieved by RMSprop confirm that adaptive 

learning rate algorithms are more effective at segmenting complex crack features across 

various and diverse dataset scales. 

Across all datasets, RMSprop consistently achieved the highest MIoU and Dice scores. 

DeepCrack yielded the best performance due to clear crack features, while CFD was the most 

challenging, causing a critical failure for SGD due to visual noise. Ultimately, while all tests 

exceeded 97% accuracy, robust segmentation depends on adaptive optimizers like RMSprop 

to maintain sensitivity across diverse difficulty levels. 

 

Table 4. Training results of the mobilenetv3-small-u-net model deepcrack 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 99.08% 88.34% 86.68% 87.50% 77.78% 87.50% 

SGD 98.42% 80.26% 73.40% 76.68% 62.18% 76.68% 

RMSprop 98.93% 89.42% 83.03% 86.02% 76.48% 86.02% 
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Consistent with previous U-Net implementations, the MobileNetV3-Small-U-Net 

utilizes a batch size of 8 and an early stopping mechanism with a patience of 7 epochs. The 

input resolution is set to 224 x 224 pixels, with a uniform learning rate of 0.001 applied across 

all optimizers. Furthermore, the dataset is partitioned into an 80:20 ratio, allocating 80% of the 

data for training and the remaining 20% for validation purposes. 

There are notable changes in the results compared to previous findings, where the Adam 

optimizer emerged as the best-performing algorithm for the MobileNetV3-Small-U-Net on this 

dataset. Nevertheless, a significant 8% decrease in MIoU was observed relative to previous 

outcomes, suggesting that the model is less effective in predicting the overlap with the ground 

truth area. Furthermore, these results indicate that algorithms featuring an adaptive learning 

rate outperform SGD, which lacks such a mechanism. These findings also suggest that the 

choice of an appropriate optimization algorithm is contingent not only on the dataset but also 

on the specific model architecture being utilized. 

 

Table 5. Training results of the mobilenetv3-small-u-net model cfd 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 98.80% 66.42% 44.62% 53.38% 36.40% 53.38% 

SGD 97.89% 0% 0% 0% 0% 0% 

RMSprop 98.72% 72.54% 44.94% 55.50% 38.41% 55.50% 

 

According to these results, RMSProp remains the most effective optimization algorithm 

for this dataset, consistent with prior findings. Nevertheless, there are significant declines in 

key metrics, specifically a 35% reduction in MIoU and a 17% decrease in Recall. This indicates 

that the model struggles to accurately predict the spatial overlap with the ground truth. 

Furthermore, SGD exhibited a substantial regression, suggesting that this optimization 

algorithm is unsuitable for the characteristics of this particular dataset. These results provide 

deeper evidence regarding the influence of optimization algorithms on model evaluation and 

dataset performance. Furthermore, they highlight the impact of adaptive learning rates in 

enabling the model to effectively learn from its previous iterations and errors. 

 

Table 6. Training results of the mobilenetv3-small-u-net model crack500 

Optimizer Accuracy Precision Recall F1-Score MIoU Dice 

Adam 97.44% 78.62% 73.69% 76.07% 61.38% 76.07% 

SGD 97.18% 77.97% 69.46% 73.47% 58.06% 73.47% 

RMSprop 97.36% 79.74% 69.87% 74.48% 59.33% 74.48% 

 

Based on the results in Table 6, the Adam optimizer emerged as the most effective 

algorithm for this dataset. This finding contradicts previous outcomes, which identified 

RMSprop as the superior optimizer. Nevertheless, the results presented in this table exhibit 

substantial improvements in accuracy, precision, recall, F1-score, and the Dice coefficient. 

However, a persistent deficiency in MIoU remains, consistent with the trends observed in Table 

4 and Table 5, specifically showing a significant 16% decline. This suggests that the integration 

of MobileNet and U-Net may lead to a diminished capacity for the model to accurately predict 

the spatial overlap with the ground truth. 

Based on the aggregate results, it is evident that the highest performance was achieved 

using the DeepCrack dataset with the Adam optimizer, reinforcing previous findings that 

DeepCrack is the most compatible dataset for this model. These outcomes suggest that the 

architecture is highly effective at segmenting cracks with significant depth compared to other 

datasets. Conversely, the results also indicate that the model's performance remains limited 
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when faced with substantial environmental noise, such as the shadows, oil stains, and puddles 

prevalent in the CFD. 

Subsequent experiments will focus on the inference speed and the time required for the 

model to generate predictions, alongside a comparative analysis of its accuracy in detecting 

road cracks. The images for this testing phase are randomly sourced from Google; this approach 

aims to ensure that the evaluation utilizes uncurated imagery that has not been pre-processed 

or specifically tailored for a dataset. 

 

 
Figure 4. Experiments utilizing the standard u-net 

 

 
Figure 5. Experiments utilizing the mobilenetv3-small-u-net architecture 

 

Figures 4 and 5 illustrate that the processing time for the standard U-Net is 11 ms, 

whereas the MobileNetV3-Small-U-Net achieves an inference time of only 9 ms. This 

demonstrates that integrating MobileNet as the backbone (encoder) enhances model speed, 

with a recorded difference of 2 ms in this study. Furthermore, the generated segmentation 

masks reveal that the MobileNetV3-Small-U-Net produces significantly cleaner results 

compared to the standard U-Net. This proves that by utilizing MobileNet, the model can more 

precisely detect cracks without being distracted by background artifacts. 

 

Discussion 

The experimental results demonstrate that the integration of MobileNetV3-Small as the 

encoder backbone in the U-Net architecture introduces a trade-off between computational 

efficiency and segmentation accuracy. While the proposed MobileNetV3-Small-U-Net model 

achieved faster inference (9 ms) compared with the standard U-Net (11 ms), the segmentation 

overlaps metrics such as MIoU decreased across several datasets. This indicates that the 

lightweight architecture improves computational efficiency but slightly reduces the model’s 

ability to capture fine spatial details of crack boundaries. This phenomenon is consistent with 
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the nature of lightweight convolutional networks, where parameter reduction often limits the 

representational capacity required for highly detailed segmentation tasks. 

A deeper examination of the results across the three datasets reveals that dataset 

characteristics play a crucial role in determining model performance. The DeepCrack dataset 

consistently produced the highest segmentation accuracy, particularly when optimized using 

Adam. This can be attributed to the dataset’s relatively clear crack patterns and high-quality 

annotations, which provide strong supervision during training. In contrast, the CFD dataset 

presented significant challenges due to the presence of complex background noise such as 

shadows, oil stains, and water puddles. These visual disturbances increase the difficulty of 

distinguishing crack pixels from non-crack features, leading to lower recall and MIoU values. 

Similar findings were reported by Liu et al. (2026), who noted that environmental noise 

remains one of the primary limitations in automated crack segmentation systems. 

The CFD presents significant challenges for segmentation models due to substantial 

environmental noise such as shadows, oil stains, and puddles that visually resemble crack 

patterns. These disturbances make it difficult for the model to distinguish cracks from 

background artifacts, leading to lower recall and MIoU values. This finding indicates that 

segmentation models remain highly sensitive to background complexity, and environmental 

noise continues to be a major challenge in automated road crack detection. 

Adaptive optimizers mitigate this issue by dynamically adjusting learning rates based on 

gradient statistics during training. RMSprop, for instance, maintains a running average of 

squared gradients to normalize parameter updates, enabling the model to continue learning 

even when gradients become sparse. This capability allows the optimizer to maintain sensitivity 

to small crack features despite severe class imbalance. The results of this study therefore 

reinforce previous research by Dogo et al. (2022), which demonstrated that adaptive optimizers 

significantly improve convergence stability in convolutional neural networks for image-based 

classification and segmentation tasks. 

In addition to accuracy metrics, inference speed represents another critical factor for 

practical deployment in real-world infrastructure monitoring systems. The MobileNetV3-

Small-U-Net architecture demonstrated a measurable improvement in processing efficiency by 

reducing inference time by approximately 2 ms compared to the standard U-Net. Although this 

improvement may appear modest in isolated experiments, the impact becomes substantial in 

large-scale monitoring systems where thousands of images must be processed continuously. 

Lightweight architectures such as MobileNet are particularly advantageous for deployment in 

edge computing environments, including mobile inspection systems, drones, and embedded 

monitoring devices where computational resources are limited. 

Another noteworthy observation from this study is the variation in optimizer 

effectiveness across different model architectures. While RMSprop consistently produced the 

best results for the standard U-Net architecture, Adam performed better in the MobileNetV3-

Small-U-Net configuration. This finding suggests that optimizer performance is not solely 

dependent on dataset characteristics but also influenced by the structural design of the neural 

network architecture. Consequently, selecting an appropriate optimizer should be considered 

an integral component of model design rather than a secondary training parameter. 

This study identifies several limitations concerning the datasets and noise sensitivity. The 

evaluation currently relies on public datasets sourced from GitHub and Kaggle, which may not 

fully represent real-world outcomes for real-time applications due to the varying road 

conditions across different countries. Furthermore, the dataset size used in this research 

remains limited, highlighting the need for a larger volume of data in future studies. Regarding 

noise, as evidenced in Tables 2 and 5, the model still struggles with environmental interference, 

necessitating further investigation. Consequently, future research should prioritize the 

collection of city-specific road data to validate the model's performance in diverse real-time 
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environments. Moreover, future studies could incorporate preprocessing filters such as 

Gaussian or Median filters to reduce image noise and enhance the model's accuracy in crack 

detection. 

 

CONCLUSION 

This study proposes a lightweight road crack segmentation framework by integrating 

MobileNetV3-Small as the encoder backbone within the U-Net architecture to improve 

computational efficiency while maintaining segmentation performance. Experimental 

evaluations on three public datasets (DeepCrack, CFD, and Crack500) demonstrate that the 

proposed MobileNetV3-Small-U-Net achieves faster inference (9 ms), which is 2 ms faster 

than the standard U-Net, indicating its suitability for near real-time infrastructure monitoring 

applications. However, the integration of MobileNetV3-Small introduces a slight reduction in 

segmentation overlap performance, particularly in MIoU, suggesting a trade-off between 

model efficiency and spatial segmentation accuracy. The results further reveal that dataset 

characteristics and optimizer selection significantly influence model performance, where 

adaptive optimizers such as Adam and RMSprop consistently outperform SGD, especially in 

handling class imbalance and complex crack patterns. Overall, the proposed framework offers 

a practical balance between accuracy and computational efficiency for automated road crack 

detection, although future research should focus on improving robustness against 

environmental noise and incorporating more diverse datasets to enhance generalization in real-

world scenarios. 
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