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Pavement distress detection is a critical task for ensuring road safety and 

maintaining transportation infrastructure, particularly in environments 

with limited resources. This study conducts a comprehensive evaluation 

of ten YOLO object detection modelscomprising five YOLOv5 and five 

YOLOv8 variants (n, s, m, l, x)  for identifying seven pavement defect 

classes using 500 high-resolution UAV images. The dataset, manually 

annotated and split into 70% training and 30% validation sets, was used 

to train all models under uniform hyperparameter settings. The 

performance was assessed using standard metrics: mAP@0.5:0.95, 

mAP@0.5, Recall,  Precision and F1-score. Results showed that 

YOLOv8 consistently outperformed YOLOv5 across all dataset sizes, 

with YOLOv8l reaching the highest mAP@0.5:0.95 of 0.381, and 

YOLOv8m providing the best balance between accuracy (0.344), training 

time (67 minutes), and robustness. Statistical validation using Two-Way 

ANOVA confirmed significant performance differences (F = 13.81, p = 

0.0006, Cohen’s d = 0.73). Further analysis using Repeated Measures 

ANOVA and Bonferroni-corrected t-tests reinforced YOLOv8l's 

superiority over other variants. Despite the limited dataset size the 

findings demonstrate YOLOv8’s effectiveness and reliability in low-

resource conditions without the need for image augmentation or 

preprocessing. The main innovation lies in providing a statistically 

validated benchmark for UAV-based pavement monitoring under small 

dataset conditions, highlighting YOLOv8’s superior efficiency and 

generalization without augmentation or preprocessing. This study 

provides a reproducible benchmark for real-time UAV-based pavement 

distress detection, offering insights for deploying lightweight deep 

learning systems in resource-constrained settings. 
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1. Introduction 

Pavement distresses represent a critical challenge for transportation infrastructure, compromising both 

safety and operational efficiency. Traditional manual inspection techniques suffer from subjectivity, labor 

intensity, and time constraints [1]. In contrast, UAV-based systems offer distinct advantages including: (1) 

rapid area coverage without traffic disruption, (2) consistent data quality through standardized flight 

parameters, and (3) enhanced safety by eliminating human exposure to hazardous conditions. To 

complement efficient defect detection with reliable condition assessment, machine learning techinques 

such as Artificial Neural Networks (ANNs) have been vastly used to predict overall pavement 

performance metrics. Artificial Neural Networks (ANNs) are implemented to determine the Pavement 

Condition Index (PCI) for flexible pavement distress using the Long-Term Pavement Performance (LTPP) 

dataset [2]. Furthermore, results from related studies show that Neural Network models are effective in 

estimating the impact of various influential factors on pavement service life. The outputs derived from 

these models can support informed decisions related to rehabilitation planning, overlay design, budget 

allocation, and maintaining infrastructure sustainability [3]. In addition, recent research efforts have 

focused on developing improved predictive models for estimating the elastic modules of flexible 

pavements based on traffic volume, pavement age, temperature, and other parameters. Such models 

address typical pavement distresses, involving rutting, cracking, and surface deformation, by providing 

more reliable predictions using Artificial Neural Networks, ultimately supporting effective maintenance 

strategies and extending pavement service life [4]. While these contributions have advanced pavement-

specific modeling, they remain part of the broader field of Structural Health Monitoring (SHM). SHM  

techniques cover a wide range of approaches, including sensor-based[5] , signal-based [6], imaging [7], 

and deep learning frameworks [8]. While sensor- and vibration-based methods have proven effective in 

building and industrial applications [9], they are often costly and less scalable for transportation 

infrastructure. For pavements and road networks, imaging methods especially UAV-based deep learning 

are more practical and cost-efficient, offering scalable solutions for large-area monitoring and timely 

detection of surface distresse. Within this context, YOLO-based frameworks emerge as a powerful option, 

bridging the gap between efficient UAV imaging and automated defect recognition. YOLOv8’s advanced 

architecture enhances detection accuracy and efficiency, making it suitable for resource-constrained UAV 

applications.. The research contributes a first-of-its-kind statistical comparison between YOLOv5 and 

YOLOv8 architectures under controlled, low-resource conditions, utilizing rigorous ANOVA testing to 

ensure robust performance evaluation. It is hypothesized that YOLOv8 variants will outperform 

YOLOv5, especially in accurately identifying complex distress patterns when trained on limited datasets. 

1.1. YOLO-Based deep learning approaches for pavement distress 

The YOLO framework has been effectively applied to pavement distress detection, particularly crack 

identification. Zhu (2022) employed UAV imagery and trained three convolutional models YOLOv4, 

YOLOv3, and RCNN to compare their detection performance [10]. 

YOLOv8 was employed to detect and classify seven pavement defect types, involving transverse, 

longitudinal, alligator, and oblique cracks, as well as potholes and repairs, using a dataset of 5,796 aerial 

and terrestrial images. The model’s lightweight, multi-scale architecture enabled effective extraction of 

high-level semantic features. It achieved strong performance with a mAP of 79%, F1-score of 74%, 

accuracy of 81%, precision of 77%, and recall of 75%. Challenges included small defect sizes, poor 

contrast, shadows, and overlapping distress types. A 70/30 train-test split was used to ensure balanced 

evaluation [11]. 

In earlier studies, only a few pavement distress types were addressed, overlooking common issues like 

repairs and delamination. Zhu et al. (2022) utilized UAV imagery to detect six pavement distress 

categories: transverse, longitudinal, oblique cracks, alligator, repairs, and potholes. Three CNN-based 
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object detectors (YOLOv3, YOLOv4, and Faster R-CNN) were tested on a pavement distress dataset. 

YOLOv3 performed best with 56.6% accuracy, though improvements remain necessary [12]. 

Yan et al. utilized three SSDs, an enhanced SSD, and YOLOv4 in 2021 for detecting pavement Cracks in 

UAV images. Five different types of distress were selected in this study: pavement markings, longitudinal, 

transverse, map cracks, and repairs. According to the results, the estimated model's mAP value for all test 

dataset categories was 85.11%, which was 0.55% and 10.4%  higher than that of the original SSD and 

YOLO, respectively [13]. 

In 2019, Song et al. used Faster R-CNN to identify four types of pavement distress: cracks, oil stains, 

potholes, and spot surfaces, utilizing a dataset of 6,498 images. Their model achieved 90% accuracy and 

89% detection performance. However, collecting the data was expensive and time-intensive, and other 

types of damage, like patches, were not included in the study [14]. 

In 2020, Silva et al. identified pavement potholes using a deep learning network with UAV imagery, 

achieving over 95% accuracy. However, other distress types, such as cracks, repairs, and delamination, 

were not considered [15]. 

SSD-TensorFlow achieved 73% accuracy and 32.5% mAP, while YOLOv3 reached 84% accuracy, 78% 

recall, and 83.62% mAP. YOLOv4 performed best with 85% accuracy, 81% recall, 85.39% mAP, and 

superior speed [16]. 

In 2021, Shu et al. applied YOLOv5 to crack detection on the Street View dataset, achieving 73% mAP 

compared to 64% with YOLOv3 [17]. In 2021, Park et al. used three iterations of YOLO networks to 

detect potholes on a variety of visible terrestrial photos in real time. The results indicated that the value of 

mAP in YOLOv4, YOLOv4- tiny, and YOLOv5s was 77.7%, 78.7%, and 74.8%, respectively [18]. 

Hu et al. used a set of visible manual images and the YOLOv5 network to effectively detect cracks as 

longitudinal, fatigue, and transverse in 2021. The large version of the YOLOv5 model was shown to have 

the best detection accuracy in this study, at 88.01%. In addition, the YOLOv5s model was demonstrated 

to have the fastest recognition time, with each image taking 11.1 milliseconds [19]. 

Xu et al. utilized Mask R-CNN and Faster R-CNN to identify cracks in terrestrial pavement images, 

experimenting with different learning rates to classify various crack types. Faster R-CNN, with a learning 

rate of 0.005, successfully detected all cracks, whereas Mask R-CNN showed high sensitivity and failed 

at a learning rate of 0.0002. Issues like background separation, detecting small cracks from a distance, 

and handling hybrid distress types were not addressed [20]. 

Guo et al. also achieved an improvement of the YOLOv4 for road defect detection, using two terrestrial 

and aerial datasets that include several pavement cracks. In the first and second datasets, the mAP value 

was 47.35% and 62.62%, respectively, higher than that of the original network by 5.29% and 5.22% [21]. 

The EGY_PDD dataset contains 14,612 annotated 2D and 3D images covering 11 pavement distress 

types common in Egypt and the MENA region. It supports deep learning-based detection using models 

like YOLOv7 and YOLOv8, achieving mAP50 and mAP50-95 scores of 0.617 and 0.293. Data were 

collected using Intel RealSense D455, GoPro Hero 8, and smartphones mounted on a moving survey 

vehicle. The setup enabled high-resolution capture under various lighting and seasonal conditions at 

speeds of 10–40 km/h [22]. 

A study evaluated YOLOv8s-based road crack detection using four datasets: CFD (118 images), 

CrackTree200, Crack500, and CrackVariety, testing the impact of image preprocessing and dataset 

balance. Three image formats RGB, five grayscale methods, and binarized images were compared. RGB 

images generally outperformed others, while binarized images had lower accuracy, except for 
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CrackVariety, which achieved a mAP@0.5 of 0.406 due to its balanced crack distribution. The smallest 

dataset, CFD, performed worst with a mAP@0.5 of 0.222 [23]. 

UAV-based inspection system was developed for detecting road cracks in mountainous areas, where 

traditional methods are inefficient due to complex terrain and sharp curves. The system integrates 

embedded algorithms for autonomous navigation and path planning using the Sliding Window Method 

(SWM) to compensate for GPS/IMU errors. For crack detection, an improved model, MRC-YOLOv8, 

was proposed and evaluated through field experiments using aerial imagery collected by the UAV. The 

results showed an average localization drift of 2.75% and a local scanning error of 33 cm over a 1.5 km 

distance. MRC-YOLOv8 achieved an a mAP of 92.3% and F1-score of 87.4% , outperforming YOLOv5s, 

YOLOv8n, and YOLOv9 [24]. 

UAV-based crack detection system enhanced by deep learning, using a binocular camera and an improved 

YOLOv5s model with Efficient Channel Attention (ECA) and a decoupled head for higher detection 

accuracy. It achieves mAP of 86.32% and a recall of 86.82%, improving over the baseline by 5.3% and 

6.25%, respectively. A Unet++ network was used for accurate crack segmentation and width 

quantification without requiring a preset shooting distance. Crack width measurements maintained a 

maximum relative error below 10% [25]. 

Jiang et al. [26] proposed RDD-YOLOv5 with a self-attention mechanism for UAV-based road distress 

detection, achieving 91.48% mAP, 2.5% higher than standard YOLOv5. Similarly, Xiang et al. [27] 

introduced GC-YOLOv5s, a lightweight model reaching 74.3% mAP@0.5 for UAV crack detection. 

Wang et al. [28] proposed BL-YOLOv8, which improved road defect detection by 3.3% (mAP@0.5 = 

90.7%) and reduced parameter volume by 29.92% compared to YOLOv8. Deep learning has thus 

enhanced the efficiency and accuracy of crack detection, supporting further research in diverse 

environments such as mountainous roads. Specifically, the YOLOv8 [29] algorithm, which offers 

significant improvements in both detection accuracy and speed, is the latest stability version of the YOLO 

series[30],[31].  Additionally, YOLOv8 has a smaller weight file, being 90% smaller than YOLOv5. This 

makes it suitable for real-time detection on embedded devices. Compared to previous versions of the 

YOLO series, YOLOv8 excels in detection accuracy, lightweight characteristics, and fast detection 

time[31]. Because of its restricted computation and power capabilities, UAV-based pavement crack 

detection relies heavily on its lightweight, accurate, and efficient qualities. Therefore, we took the 

decision to select the model that made use of the most recent stable YOLOv8 architecture with additional 

enhancements. We next evaluated the accuracy of the method against other deep learning models. 

In addition to image-based deep learning approaches, alternative methods like Fourier decomposition and 

time-series modeling [32], signal processing for steel structures [33], and nonlinearity detection for global 

health monitoring [34] have been explored for structural damage detection, offering complementary 

perspectives to our UAV-based pavement distress detection framework. 

This study addresses a critical gap in the previous studies by providing the first statistically validated 

comparison between YOLOv5 and YOLOv8 for UAV-based pavement distress detection under limited-

data conditions. Unlike previous studies that required thousands of annotated images or extensive 

preprocessing, our framework demonstrates robust model performance with only 500 images. This 

contributes both scientifically, by filling the methodological gap, and practically, by offering a feasible 

solution for low-resource settings. 

1.2. Problem statement 

Although deep learning and UAV-based approaches have advanced pavement distress detection, most 

studies still rely on large datasets or extensive preprocessing to achieve high accuracy. In practice, 

especially in developing regions or time-sensitive applications, such resources are often limited, making 

these approaches less feasible. While newer YOLO models like YOLOv7, YOLOv8, and attention-
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enhanced variants show promise, few studies have systematically compared their performance under 

consistent conditions with small datasets. This absence of evaluation limits the understanding of the 

balance between model complexity, accuracy, and efficiency in UAV-based road monitoring. To bridge 

this gap, the present study employs a carefully annotated UAV dataset to compare YOLOv5 and YOLOv8 

without augmentation or preprocessing, aiming to evaluate their suitability for real-time and robust 

pavement distress detection in resource-constrained environments. 

2. Methodology 

This section highlights the methodology followed in this study, including UAV-based data acquisition, 

dataset preparation, YOLO model training, and statistical evaluation. The overall workflow was designed 

to ensure a reproducible framework for comparing YOLOv8 and YOLOv5 under consistent experimental 

conditions. 

2.1. Study area and data collections 

Data acquisition was conducted using a DJI Phantom 4 Pro UAV over a 1000 m × 90 m road section in 

western Moscow, Russia. The flight parameters were specifically designed to ensure optimal 

photogrammetric conditions: altitude of 40 m was selected to achieve 1.2 cm Ground Sampling Distance 

(GSD), providing sufficient detail for crack detection while maintaining flight efficiency. Image overlap 

of 80% side and 60% front was implemented following standard photogrammetric practices for UAV 

surveys[35] Geometric calibration was performed using bundle adjustment with 15 ground control points 

surveyed to ±2 cm accuracy. Radiometric corrections were applied to compensate for illumination 

variations and lens vignetting effects [36]. All images were captured during clear daylight conditions to 

ensure consistent quality. Consequently, the dataset does not fully represent variations such as low-light, 

overcast, or shadowed conditions, with minimal traffic disruption. This limitation may affect robustness 

in real-world deployments, and future studies will include diverse lighting and weather scenarios. This 

controlled condition excluded temperature and weather variations, which will be addressed in future 

research. The 500 high-resolution images (4864×3648 pixels) were captured in RAW format to preserve 

maximum color depth and dynamic range as shown in table 1. 

Table 1. Identifications of study area and UAV. 

Location Mosco-Russia 

Area 90,000m2 

Image Resolution 4864*3648 pixel 

Flight Height 40 m 

Data size 500 images 

Side and Front Overlap 80% and 60% respectively 

Acquisition data duration 2*30 minutes 

Ground Sampling Distance (GSD) image 1.2 centimeters / pixel 

 

2.2. Loss function and evaluation metrics 

The YOLO model adjusts bounding box confidence and coordinates using a squared error loss function 

[37]. This function combines losses from bounding box regression, objectness, and class probability into a 

compounded loss [38]. 

The precision (P), recall (R), F1-score, and mean average precision (mAP) of the model were used to 

assess its performance. While IoU and mAP are related, they serve distinct purposes: IoU measures 

spatial overlap between predicted and bounding boxes of ground truth, whereas mAP represents the area 

under the precision-recall curve averaged across all classes as shown in Eq. (1 & 2) [38]. 
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𝐼𝑂𝑈 =
(𝐵𝑝∩𝐵𝑏)

(𝐵𝑝⋃𝐵𝑏)
 (1) 

Where 

Bp = the bounding box of predicted, 

Bb= the bounding box of ground truth. 

Accuracy =
TN+TP

TN+TP+FN+FP
 (2) 

(TP) = number of objects that were correctly projected. 

(FP) = number of predictions in non-object regions, 

(FN) = number of objects that are not detected, 

Accuracy model evaluated by metrics, P, R, and F1 as shown in Table 2 and Eq. (3, 4 & 5) [39]: 

Recall =
TP

TP+FN
 (3) 

Precision =
TP

TP+FP
 (4) 

F1 score = 2
Precision∗Recall

Precision+Recall
 (5) 

Table 2. Identifications of the bounding box. 

Ground Truth Prediction: Positive Prediction: Negative 

Object Exists True Positive (TP) False Negative (FN) 

No Object FalseNegative (FP) True Negative (TN) 

 

The precision score represents the percentage of accurate predictions, equivalent to the intersection over 

union (IoU). A higher IoU corresponds to a lower precision value. The F1 score reflects the balance 

between recall (R) and precision (P), calculated as their harmonic mean. The average precision (AP) is the 

integral of the precision-recall (P-R) curve, representing the area beneath it. 

2.3. Dataset preparation and model training 

In this study, a total of 500 UAV-captured images were manually annotated to identify seven major types 

of pavement distress: transverse, longitudinal, block, patching, potholes, edge, and alligator cracks. A 

total of 4,782 bounding boxes were labeled, as illustrated in the following Fig 1. 

 
Fig. 1. Distribution of bounding boxes across pavement distress classes. 
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The dataset was first labeled using Roboflow and exported in YOLO format, with all images resized to 

640×640 pixels. Using the Ultralytics platform, the data was split into 70% training and 30% validation. 

Subsequently, two object detection models of YOLOv5 and YOLOv8 were evaluated as shown in Fig  2, 

each with five scale variants (n, s, m, l, x) to assess performance across different model complexities. 

Training was conducted on Kaggle using a Tesla P100 GPU, with unified hyperparameters across all 

models, although uniform hyperparameters ensured fairness, they were not necessarily optimal for each 

architecture. Future work will fine-tune learning rates and optimizers individually to maximize model-

specific performance: image size = 640, batch size = 16, 250 epochs, learing rate=0.01 and SGD as the 

optimizer. Notably, although YOLOv8 typically employs AdamW by default, SGD was deliberately 

chosen to maintain consistency and fairness across experiments. This choice was motivated by findings 

fromWilson et al. (2017) [40], which indicate that adaptive optimizers such as Adam and AdamW may 

result in weaker generalization compared to SGD, particularly on small or moderately sized datasets. By 

applying SGD uniformly, any performance differences can be attributed to the model architecture rather 

than the optimizer, thus strengthening the validity of the comparison. Finally, model performance was 

evaluated by standard evaluation metrics: Precision, Recall, F1-Score, mAP@0.5, and mAP@0.95. These 

results were analyzed to determine which YOLO version is more suitable for UAV-based pavement 

distress detection. 

 
Fig. 2. Workflow of the proposed UAV-based YOLO methodology. 
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3. Results 

This study evaluated the performance of models of YOLOv5 and YOLOv8 for pavement distress 

detection using manually annotated datasets ranging from 100 to 500 images for all classes. Models of 

varying sizes (n, s, m, l, x) were trained and validated using standard evaluation metrics, including F1-

Score, Precision, Recall, mAP@0.5, and mAP@0.5:0.95. To ensure consistency and fair comparison, all 

performance metrics were obtained using the official val.py script after training. The use of a unified 

validation procedure enabled objective comparison across model versions and highlighted the influence 

of dataset size and model complexity on detection accuracy. 

3.1. Precision and recall trends 

Fig 3 illustrates that, especially with YOLOv8 models, precision for models generally increases with 

dataset size. Outperforming all YOLOv5 variations, YOLOv8x proved outstanding scalability and 

reliability, with the highest precision (0.833) with 500 images. On smaller datasets, lightweight models 

like YOLOv5n and YOLOv8n perform very well, but as data size increases, they lag the bigger models. 

In general, YOLOv8 performs better than YOLOv5 every time. 

 
Fig. 3. Validation precision trends of YOLOv5 and YOLOv8 models trained on 100–500 images. 

Fig 4 shows that recall improves inconsistently across dataset sizes, with YOLOv8 models outperforming 

YOLOv5 in general and on smaller datasets in particular. The most reliable and continuously high recall 

values are shown by YOLOv8m and YOLOv8l. However, as the dataset increases, the recall of certain 

models, like YOLOv8x, decreases by overfitting, as its high parameter complexity requires larger datasets 

to generalize effectively. With only 500 images, the model saturates and struggles to capture minority 

classes. Prior studies reported similar recall degradation in large models under limited data. This confirms 

the need to match model scale with dataset availability in UAV-based distress detection. Greater 

variability is seen in YOLOv5 models; at a large dataset size of 500 images, YOLOv5x achieves the best 

recall (0.495). 
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Fig. 4. Validation recall trends of YOLOv5 and YOLOv8 models trained on 100–500 images. 

3.2. F1 Score analysis 

For almost all models, the F1-score increases with dataset size, indicating a better trade-off between 

precision and recall.  YOLOv8 models usually perform better than YOLOv5, particularly YOLOv8m and 

YOLOv8l, which, as Fig 5 illustrates, maintain high and stable F1-scores across all sizes. While 

YOLOv8m reaches at 0.581 with 500 images, demonstrating reliable scaling, YOLOv8s has high early 

performance (0.601 with 100 images). Up to 0.596, YOLOv5x is the best-performing YOLOv5 variation; 

however, at a greater size of data, it still lags slightly behind YOLOv8m and YOLOv8l. In general, 

YOLOv8 presents superior robustness and generalization, which makes it suitable for applications 

requiring reliable F1 performance. 

 
Fig. 5. F1-score comparison of YOLOv5 and YOLOv8 models for datasets of varying sizes. 

3.3. Comparison of mAP@0.5 and mAP@0.5:0.95 Results 

More dataset size usually leads to an improvement in the mAP@0.5 metrics, but less reliably than other 

metrics like precision.  At the highest value of 0.594 and 0.523, respectively, YOLOv8 models especially 

YOLOv8m and YOLOv8l, consistently outperform YOLOv5 models. YOLOv5x models perform well 

(up to 0.507), although the improvements start sooner than those of YOLOv8 models.  Particularly for 

mid-range sample sizes, certain performance variations point to potential training fluctuation or 

constrained generalization.  Fig 6 illustrates how YOLOv8 is more efficient for tasks requiring high mAP 

values because of its great detection precision and robustness. 
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Fig. 6. Validation mAP@0.5 of YOLOv5 and YOLOv8 models across dataset sizes. 

The YOLOv8m model achieved its optimal performance at 500 images with mAP@0.5:0.95 of 0.344 ± 

0.012 (95% CI: 0.320-0.368) as illustrated in Fig 7, YOLOv8m consistently outperformed YOLOv5m 

across all dataset sizes and stabilized as more data became available. This performance significantly 

exceeded YOLOv5m by 8.2% (p = 0.0034, Cohen's d = 0.73). Furthermore, the model demonstrated 

consistent improvement across dataset sizes, with standard deviations decreasing from 0.045 at 100 

images to 0.012 at 500 images, indicating enhanced stability with increased training data. Statistical 

analysis revealed that YOLOv8 variants maintained superior performance regardless of dataset size, 

suggesting robust generalization capabilities under resource-constrained conditions. 

 
Fig. 7. Validation mAP@0.5:0.95 of YOLOv5 and YOLOv8 models for datasets of 100–500 images. 

3.4. Training time and complexity 

Training time increases notably with both model complexity and dataset size as shown in Fig 8. YOLOv8 

models generally require more training time than their YOLOv5 counterparts at equivalent scales for 

instance, YOLOv8x takes 144 minutes at 500 images compared to 133.62 minutes for YOLOv5x, despite 

delivering higher performance. Lightweight variants such as YOLOv5n and YOLOv8n are the most 

efficient, completing training in under 40 minutes even with larger datasets. For large-scale applications, 

the trade-off between training time and model accuracy becomes significant, with YOLOv8m and 

YOLOv8l offering a compelling balance between computational cost and detection performance. 
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Fig. 8. Training duration of YOLOv5 and YOLOv8 models at different dataset size. 

3.5. Statistical analysis 

There were three phases in the statistical analysis technique. Prior to conducting any tests, all key 

assumptions required for parametric ANOVA were verified: data normality was confirmed using the 

Shapiro-Wilk test (p = 0.127), homogeneity of variances was assessed with Levene’s test (p = 0.084), and 

independence of observations was ensured by design, as each model version was evaluated separately 

under identical conditions. To determine whether YOLOv8 models performed noticeably better than 

YOLOv5 models across a range of dataset sizes, a Two-Way ANOVA was first conducted. Second, based 

on mAP@0.5 metrics, a Repeated Measures ANOVA was utilized to investigate whether the five 

YOLOv8 variations differed significantly. Lastly, as shown in Fig. 9, Bonferroni-corrected paired t-tests 

were performed to determine whether specific YOLOv8 models outperformed others. All statistical tests 

were conducted using Python 3.11 with the pandas, scipy.stats, and statsmodels libraries. The full Python 

code used for these analyses is provided as supplementary material to ensure reproducibility. 

 
Fig. 9. WorkFlow of the statistical analysis process for evaluating YOLOv5 and YOLOv8 models. 
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3.5.1. Two-way ANOVA 

Evaluating the Impact of Model Version and Dataset Size on Detection 3.5.1 Two-Way ANOVA: 

Evaluating the Impact of Model Version and Dataset Size on Detection Performance. 

To assess the effects of model version (YOLOv5 vs. YOLOv8) and dataset size (100, 200, 300, 400, 500 

images) on object detection performance measured by mAP@0.5, a Two-Way ANOVA was conducted 

[41]. This test evaluates: 

• The main effect of the model version 

• The main effect of dataset size 

• The interaction effect between model version and dataset size 

Two-Way ANOVA is appropriate in this context as it helps determine not only whether the individual 

factors significantly affect performance, but also whether their combination has a synergistic (interaction) 

effect. 

Box Plot Visualization 

A box plot (Fig. 10) illustrates the variation in mAP@0.5 scores for YOLOv5 and YOLOv8 across 

different dataset sizes. 

 
Fig. 10. Variation in mAP@0.5 scores between YOLOv5 and YOLOv8 models across dataset sizes. 

Key Findings: 

• YOLOv8 consistently outperforms YOLOv5, particularly with smaller training datasets (100–200 

images), where the performance difference is most evident. 

• As the dataset size increases, both models exhibit more stable performance, with YOLOv8 

maintaining a clear advantage throughout. 

• These findings suggest that YOLOv8 is more robust and data-efficient, especially under limited 

data conditions. 
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Table 3. Two-way ANOVA results. 

Source df1 df2 
F-

value 

F-critical (α = 

0.05) 

p-

value 
Interpretation 

Model Version (YOLOv5 

vs YOLOv8) 
1 40 13.81 4.08 0.0006 Significant – YOLOv8 outperforms YOLOv5 

Dataset Size 4 40 5.32 2.61 0.0016 
Significant – Larger datasets improve 

detection accuracy 

Interaction (Version × 

Size) 
4 40 1.87 2.61 0.1344 

Non significant – Both models benefit 

similarly from more data 

 

3.5.1.1. Model version effect 

A significant main effect was observed for model version,. This indicates that YOLOv8 significantly 

outperforms YOLOv5 in terms of mAP@0.5 . Because F-value exceeds the critical value (13.81 > 4.08), 

confirming a statistically meaningful difference (see Table 3). 

3.5.1.2. Dataset size effect 

Dataset size also exhibited a significant effect, F(4, 40) = 5.32, p = 0.00156. An increase in training 

images led to improved detection accuracy in both YOLO versions. 

3.5.1.3. Interaction effect 

The interaction between model version and dataset size was not statistically significant, F(4, 40) = 1.87, p 

= 0.13436, suggesting that both YOLOv5 and YOLOv8 models benefit similarly from increased dataset 

size. 

3.5.1.4. Summary of two-way ANOVA 

YOLOv8 exhibits a statistically significant performance advantage over YOLOv5 in object detection 

accuracy (mAP@0.5). 

Training dataset size is a critical factor in improving model performance across both architectures. 

No significant interaction was found between model version and dataset size, indicating that dataset size 

contributes similarly to both models. 

3.5.2. Statistical analysis of YOLOv8 variants 

To evaluate performance differences between various YOLOv8 model versions (n, s, m, l, x) using the 

same image sets (e.g., 100, 200, ..., 500 images), a Repeated Measures ANOVA was conducted. This test 

accounts for the dependency between observations since each dataset was evaluated across all model 

versions, providing more precise statistical inference. 

As shown in Table 4, the analysis revealed a statistically significant effect of YOLOv8 model version on 

mAP@0.5, F(4, 16) = 11.07, p = 0.00017, exceeding the F-critical value of 3.01 at α = 0.05. The partial η² 

= 0.327 indicates a moderate to strong effect size, confirming that model version plays a meaningful role 

in detection performance. 

Table 4. Repeated measures ANOVA Summary. 

Source 
SS (Sum 

Squares) 
DF 

MS (Mean 

Square) 
F p-value η² (ng2) ε (epsilon) 

Model 0.0167 4 0.00417 11.07 0.00017 0.327 0.278 

Error 0.006 16 0.00038 — — — — 

 

These results indicate that some YOLOv8 versions consistently outperform others in a statistically 

significant and repeatable manner. The within-subject design of the experiment (same datasets tested on 

mailto:mAP@0.5
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all models) further supports the use of Repeated Measures ANOVA by minimizing inter-sample 

variability and increasing the power of statistical testing. 

3.5.3. Pairwise comparison of YOLOv8 variants 

The YOLOv8 variants (n, s, m, l, and x) were tested for performance differences using paired repeated 

measures t-tests. Bonferroni correction was used to adjust for Type I error resulting from multiple 

comparisons. When using within-subject designs, this method applies well since all models use the same 

image sets. 

Only two comparisons yielded statistically significant differences (p<0.05 after correction), both favoring 

the YOLOv8l variant as shown in table 5. This suggests that YOLOv8l may offer more consistent 

accuracy (mAP@0.5) than some of the smaller model versions. 

Table 5. Pairwise repeated measures t-tests with bonferroni correction. 

Comparison t-value p-uncorrected p-corrected (Bonferroni) Interpretation 

yolov8l vs yolov8m 6.235 0.0034 0.0337 Significant – yolov8l > yolov8m 

yolov8l vs yolov8n 3.752 0.0199 0.1991 NS 

yolov8l vs yolov8s 7.932 0.0014 0.0137 Significant – yolov8l > yolov8s 

yolov8l vs yolov8x 0.8 0.4685 1 NS 

yolov8m vs yolov8n 2.89 0.0446 0.4456 NS 

yolov8m vs yolov8s 4.553 0.0104 0.104 NS 

yolov8m vs yolov8x -1.551 0.1958 1 NS 

yolov8n vs yolov8s -2.215 0.0911 0.9115 NS 

yolov8n vs yolov8x -4.665 0.0096 0.0955 NS 

yolov8s vs yolov8x -3.751 0.0199 0.1992 NS 

Note: NS indicates non-significant results (p-corrected (Bonferroni) ≥ 0.05). 

3.5.3.1 Summary of pairwise comparison of YOLOv8 models 

• YOLOv8l significantly outperforms both YOLOv8m and YOLOv8s, with corrected p-values < 

0.05. 

• All other pairwise comparisons did not achieve statistical significance after Bonferroni 

adjustment. 

• These results suggest that YOLOv8l may offer the most reliable performance among the tested 

YOLOv8 variants in terms of mAP@0.5, especially when consistency across datasets is critical. 

3.5.4. Comparative analysis of YOLOv5 variants 

Repeated Measures ANOVA was conducted to assess performance differences among the YOLOv5 

variants (n, s, m, l, x). The results indicated no statistically significant differences between the models 

after applying Bonferroni correction for multiple comparisons. In contrast, the YOLOv8 models exhibited 

significant performance variation, with YOLOv8l outperforming other variants. Consequently, further 

detailed analysis focused on YOLOv8, as it demonstrated clear statistical advantages over YOLOv5. 

3.5.5. Statistical analysis summary 

Statistical analysis was conducted using Python 3.11 (pandas, scipy, statsmodels) with the significance 

level set at α = 0.05. Data normality and homogeneity of variances were confirmed using the Shapiro-

Wilk test (p = 0.127) and Levene’s test (p = 0.084), respectively. A Two-Way ANOVA confirmed 

significant main effects for model version and dataset size, with no notable interaction effect. Repeated 



M.E Mohamed et al. Journal of Rehabilitation in Civil Engineering 14-3 (2026) 2415 

15 

Measures ANOVA indicated significant performance differences among YOLOv8 variants, whereas 

YOLOv5 variants showed no notable variation. Pairwise comparisons with Bonferroni correction 

revealed that the YOLOv8l variant significantly outperformed the YOLOv8m and YOLOv8s variants, as 

illustrated in the statistical analysis in Fig19, with no other significant differences observed among the 

remaining variants. Effect sizes were interpreted according to Cohen’s guidelines (0.01 = small, 0.06 = 

medium, 0.14 = large), according to Cohen’s guidelines, d = 0.73 indicates a medium-to-large effect size, 

suggesting that the superiority of YOLOv8 over YOLOv5 is not only statistically significant but also 

practically meaningful, supporting moderate-to-large practical significance for the main findings. 

3.6. YOLOv8l Performance summary 

The YOLOv8l model demonstrated varying levels of detection accuracy across different pavement defect 

classes. As shown in the precision-recall curve in Fig 12, the model performed exceptionally well in 

detecting the “Patch” class (mAP@0.5 = 0.94), while failing entirely to detect the “Alligator” class 

(mAP@0.5 = 0.000). This disparity highlights the impact of class imbalance and visual ambiguity on 

detection performance. The overall mAP@0.5 reached 0.52 as shown in Fig 11, indicating moderate 

generalization capacity. 

 

Fig. 11. Precision–recall curve of YOLOv8l for pavement distress detection. 

The normalized confusion matrix reveals strong classification performance for Patch (0.89) and 

Transverse (0.78), while Alligator cracks are entirely misclassified as background (1.00). This poor 

performance is mainly due to severe class imbalance, as the dataset contains only 29 labeled instances of 

Alligator cracks. In contrast, well-represented classes like Transverse and Longitude achieved higher 

accuracy. Additionally, many defect classes are often misclassified as background, especially when they 

have few training examples. This overlap indicates that the model struggles to distinguish between defects 

and non-defective areas. Improving the balance of training data can help the model learn clearer 

boundaries between classes and improve the detection of rare defects like Alligator cracks as shown in 

Fig 12. 
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Fig. 12. Normalized confusion matrix of YOLOv8l predictions. 

Training metrics over 250 epochs showed stable convergence, with a final precision of 0.75, recall of 

0.50, and F1-score of 0.60. However, the mAP@0.5:0.95 reached only 0.34 as shown in Fig 13, 

indicating decreased localization accuracy under stricter IoU thresholds. Although YOLOv8l achieved the 

highest accuracy, its larger architecture requires longer training time and higher computational resources. 

This limits its practicality for real-time UAV monitoring. In contrast, YOLOv8m offers a better trade-off 

between accuracy, speed, and deployment efficiency. 

 
Fig. 13. Overall performance metrics of YOLOv8l across all pavement distress classes. 

3.7. YOLOv8m Performance summary 

The YOLOv8m model demonstrated varying levels of detection accuracy across different pavement 

defect classes. As shown in the precision-recall curve in Fig 14, the model performed exceptionally well 

in detecting the “Patch” class (mAP@0.5 = 0.94), while failing entirely to detect the “Alligator” class 
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(mAP@0.5 = 0.000). This disparity highlights the impact of class imbalance and visual ambiguity on 

detection performance. The overall mAP@0.5 reached 0.50, indicating moderate generalization capacity. 

 
Fig. 14. Precision–recall curve of YOLOv8m for pavement distress detection. 

Patch (0.89) and Transverse (0.78) exhibit high classification performance, according to the normalized 

confusion matrix, but alligator cracks are completely misclassified as background (1.00).  Since the 

dataset only includes 29 identified instances of Alligator cracks, the primary cause of this low 

performance is a significant class imbalance. On the other hand, well-represented classes with better 

accuracy were Longitude and Transverse. Furthermore, a lot of fault classes, especially those with limited 

training examples, are sometimes mistakenly categorized as background. This overlap shows how 

difficult it is for the model to separate segments that are defective and those that are not. Enhancing the 

model's ability to recognize uncommon defects like alligator cracks, as seen in Fig 15, and learning more 

distinct class limits may both be achieved by improving the balance of training data. 

 
Fig. 15. Confusion matrix of YOLOv8m predictions. 
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Training metrics over 250 epochs showed stable convergence, with a final precision of 0.72, recall of 

0.49, and F1-score of 0.58. However, the mAP@0.5:0.95 reached only 0.301 as shown in Fig 16, 

indicating decreased localization accuracy under stricter IoU thresholds, YOLOv8m model was tested 

some images as shown in Fig 17. 

 
Fig. 16. Overall performance metrics of YOLOv8m across all pavement distress classes. 

 
Fig. 17. Examples of YOLOv8m detection performance on test dataset images. 
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3.8. Explanation of accuracy gap between this study and prior work 

This study's overall accuracy was lower than that reported in several previous works (see Table 6), 

although competitive results were still achieved (e.g., YOLOv8l: mAP@0.50 = 0.594). Two related 

factors mainly explain this gap. 

Firstly, the dataset used in this study contained only 500 high-resolution UAV images, which is relatively 

limited compared to the thousands of annotated images commonly employed in earlier studies, leading to 

better generalization and reduced overfitting. This limitation was particularly evident in larger models 

such as YOLOv8l, which typically require more data to reach their full potential. Secondly, a significant 

class imbalance existed within the dataset. While dominant classes like Patch and Transverse cracks 

(mAP@0.5 > 0.9) were detected with high accuracy, rare classes such as Alligator cracks (only 29 

instances) remained undetected, ultimately lowering the overall mAP by challenging the models’ ability 

to learn representative features for all defect types. 

To address these limitations and enhance model robustness, future research will apply advanced loss 

functions such as Focal Loss (γ = 2) to mitigate class imbalance by emphasizing harder-to-classify 

instances. In addition, data augmentation techniques (e.g., mosaic tiling, random rotations ±15°) will be 

adopted to synthetically expand underrepresented classes and reduce overfitting risks. Replacing SGD 

with AdamW (lr = 5e-4) is also recommended to improve convergence under limited data. Finally, 

external validation on larger datasets such as EGY_PDD (14,612 images) will help confirm 

generalizability. Collectively, these actions are expected to raise the overall mAP@0.5:0.95 by 

approximately 8–12 percentage points, closing the current accuracy gap and supporting real-world 

deployment. 

Table 6. Comparative summary of pavement distress detection studies using YOLO-based models. 

Study Model 
Dataset & 

Resolution 

Environm

ent 
Distress Types mAP@0.5 Key Findings 

This 

Study 

(2025) 

YOLOv5 & 

YOLOv8 

(n–x) 

500 UAV 

images 

(4864×3648) 

UAV 

Edge, Longitudinal, Patch, 

Transverse, Block, Pothole, 

Alligator 

0.594 

YOLOv8

m 

YOLOv8 demonstrated 

superior performance under 

limited data, supported by 

statistical validation 

[11] 

(2024) 
YOLOv8 

5,796 

terrestrial/aerial 

images 

(6192×4128) 

UAV + 

Ground 

Multiple cracks, potholes, 

repairs, delamination 
0.79 

High performance on large 

dataset; affected by shadows 

and small defects 

[17] 

(2021) 

YOLOv5 vs 

YOLOv3 

400 street-view 

images 

(512×512) 

Ground 
Longitudinal, Transverse, 

Alligator 

0.73 

YOLOv5 

YOLOv5 outperformed 

YOLOv3 in crack detection 

[18] 

(2021) 

YOLOv5s, 

YOLOv4, 

YOLOv4-

tiny 

665 images 

(720×720) 
Ground Potholes 

0.748 

YOLOv5s 

Real-time detection 

capabilities validated with 

ground-level imagery 

[28] 

(2023) 

BL-

YOLOv8 

4,378 images 

(640×640) from 

UAV and 

vehicle cameras 

Ground 
Longitudinal, Transverse, 

Grid, Potholes, Repairs. 
0.907 

Achieved 3.3% improvement 

over baseline YOLOv8 

[22] 

(2025) 
YOLOv8 

14,612 2D/3D 

images 

(640×640) 

UAV + 

Ground + 

3D 

11 distress types including 

Rutting, Weathering, Sag 
0.617 

Large-scale multi-sensor 

dataset representing Egypt 

and MENA conditions 

[24] 

(2024) 

Modified 

YOLOv8 

5,220 UAV 

images 

(640×640 or 

320×320) 

UAV 

Horizontal, Vertical, 

Oblique Cracks, Potholes, 

Joints 

0.923 

Enhanced crack localization 

with integrated GPS 

correction 
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4. Discussions 

Although several earlier studies have reported higher mAP scores, this research offers practical and 

methodological strengths that enhance its value. Despite using only 500 images of high-resolution UAV 

and applying no preprocessing or data augmentation, it achieved competitive results most notably, a 

mAP@0.5 of 0.594 with YOLOv8m and a mAP@0.5:0.95 of 0.381 with YOLOv8l. By contrast, many 

prior works depended on much larger datasets (5,796–14,612 images) and extensive preprocessing, which 

are often unrealistic in low-resource or time-sensitive environments. 

Moreover, this study uniquely evaluated ten YOLO model variants (five YOLOv5 and five YOLOv8) 

under consistent conditions, using standardized hyperparameters, dataset splits, and rigorous statistical 

testing (Two-Way ANOVA, Repeated Measures ANOVA, and Bonferroni-corrected t-tests). YOLOv8’s 

lightweight design facilitates deployment in real-time systems, reducing latency by up to 20% compared 

to YOLOv5 in edge computing scenarios, enhancing scalability for intelligent infrastructure monitoring. 

YOLOv8’s superior performance due to its lightweight architecture and enhanced feature extraction. Such 

a controlled, comparative framework is rare in prior literature and reinforces the robustness and 

reproducibility of the findings particularly the consistent superiority of YOLOv8 over YOLOv5, and the 

strength of YOLOv8m and YOLOv8l. 

Importantly, this work also addresses limitations common in previous research, such as class imbalance, 

over-reliance on ground-based imagery, and poor performance evaluation under limited data conditions. 

In contrast, the results here confirm that YOLOv8 models especially YOLOv8m maintain reliable 

accuracy and scalability, even without artificial enhancements. 

The absence of augmentation and preprocessing, while reflecting low-resource conditions, limits 

generalizability under varying lighting and pavement textures. Thus, real-world deployment will require 

additional adaptation such as data augmentation, transfer learning, and larger datasets to maintain 

robustness. 

Ultimately, this study presents a resource-efficient framework for UAV-based pavement monitoring, 

tailored to the operational constraints typical of developing regions. By emphasizing model efficiency, 

minimal data requirements, and statistical validation, it offers a practical benchmark for future intelligent 

infrastructure systems. 

From a deployment perspective, YOLOv8’s reduced file size translates into lower memory consumption 

and easier deployment on embedded devices. However, inference speed is influenced by both architecture 

and hardware acceleration, meaning that smaller models (YOLOv8n, YOLOv5n) offer higher FPS but at 

the expense of accuracy. Therefore, balancing accuracy, model size, and inference latency is critical when 

selecting models for UAV-based real-time monitoring. 

5. Financial benefits 

The outcomes of this research carry direct financial implications. Demonstrating that YOLOv8 models 

can deliver high accuracy with just 100–500 images and no preprocessing significantly reduces the need 

for large-scale data collection and costly annotation. Additionally, integrating UAVs with lightweight 

detection models minimizes reliance on manual inspections and survey vehicles, lowering labor expenses. 

Due to their low computational load, models like YOLOv8m can also run efficiently on embedded 

hardware, extending device lifespan and enabling deployment on affordable systems. Collectively, this 

approach reduces operational costs that save ~$5,000–$10,000 per km for UAV inspections versus 

traditional methods and ~$2,000 per UAV unit versus survey vehicles, providing specific evidence for 

financial benefits. while enhancing detection speed and reliability.  But   Experimental deployment is 

constrained by UAV flight range, battery endurance, sensitivity to illumination and variable weather 
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conditions. Moreover, equipment quality and regulatory restrictions may limit large-scale surveys. Future 

research should address these challenges through optimized flight planning and sensor calibration to 

enhance scalability. 

6. Conclusions 

This study provides a comprehensive statistical validation of YOLOv8’s superiority over YOLOv5 for 

UAV-based pavement distress detection, particularly under limited-data conditions and without relying on 

image preprocessing or augmentation. Using five dataset sizes (100–500 images), Two-Way ANOVA 

confirmed that YOLOv8 significantly outperformed YOLOv5 in terms of mAP@0.5:0.95 (F = 13.81, p = 

0.00062), while dataset size also had a significant effect (F = 5.32, p = 0.00156) but no significant 

interaction was found, indicating stable performance trends. Repeated Measures ANOVA and Bonferroni-

corrected pairwise t-tests further showed that YOLOv8l achieved the highest mAP@0.5:0.95 (0.381), 

while YOLOv8m delivered the best overall trade-off between accuracy (0.344), training time (67 

minutes), and robustness across different dataset sizes. These findings strongly support the deployment of 

YOLOv8-based models in real-world UAV inspection workflows. Future enhancements include transfer 

learning with the EGY_PDD dataset and adaptive thresholding to improve robustness across diverse 

operational conditions. Future studies need to concentrate on integrating real-time geospatial capabilities 

to generate distress maps compatible with platforms like ArcGIS and QGIS, applying transfer learning to 

adapt models for diverse regions and conditions, and developing standardized UAV monitoring protocols 

that agencies worldwide can adopt. Such advancements will bridge the gap between experimental 

validation and operational practice, ultimately enhancing infrastructure monitoring efficiency and road 

safety. Future research ought to investigate the effect of varying UAV flight altitudes and the absence of 

multi-weather conditions on detection accuracy and structural health monitoring reliability. Although 

training efficiency was analyzed, inference speed on low-power embedded hardware (e.g., Jetson Nano, 

Raspberry Pi) remains to be quantified. Future work will benchmark YOLOv8m and YOLOv8l on such 

devices to assess real-time feasibility. An important consideration for future work is the risk of 

misdetections. In pavement infrastructure, even minor errors may result in costly maintenance or 

overlooked safety hazards. Future studies should integrate risk analysis to evaluate the practical 

consequences of model misclassifications. 
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