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 Road potholes are a serious threat to road safety. They can damage vehicles and 

increase the risk of traffic accidents. However, factors like lighting and weather can 

impact how well computer vision systems detect potholes. To tackle this issue, this 

study compares four You Only Look Once (YOLO) 2026 (YOLO26) variants: 

YOLO26n, YOLO26s, YOLO26m, and YOLO26l, for detecting potholes in 

different environmental conditions. A dataset was independently collected in the 

Poris area of Tangerang, Indonesia, using a forward-facing camera to capture a 

driver's view. The video recordings were turned into annotated image frames in 
YOLO format, creating 368 images that included clear, rain, evening, and night 

conditions. Each model was trained for 200 epochs under the same experimental 

conditions. Their performance was evaluated using Precision, Recall, mean Average 

Precision at an Intersection over Union (IoU) threshold of 0.5 (mAP@0.5), and mean 

Average Precision across IoU thresholds from 0.5 to 0.95 (mAP@0.5:0.95). 

Computational efficiency was evaluated using parameter count, model size, training 

time, GPU memory usage, inference time, and frames per second (FPS) to assess the 

computational requirements and real-time detection capability of each YOLO26 

variant. The results showed that YOLO26m achieving the highest Recall of 0.877 

and mAP@0.5 of 0.934, while YOLO26l achieved the highest Precision of 0.989 

and mAP@0.5:0.95 of 0.735. On the other hand, YOLO26n was the most 

computationally efficient option while still providing competitive detection 
performance. These results highlight the trade-off between detection accuracy and 

computational efficiency among YOLO26 variants. They also offer useful guidance 

for choosing the right model for real-time pothole detection in various conditions, 

which can help in the development of future driver assistance systems and pothole 

warning systems. 
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I. INTRODUCTION 

Secure and dependable roadway infrastructure is crucial 

for enduring transportation. It enables public mobility, 
economic activity, and the smooth distribution of goods and 

services [1]. The degradation of road surfaces, particularly 

potholes, constitutes a prevalent kind of pavement 

impairment and poses a significant hazard to road users [2]. 

Potholes may inflict damage on vehicles, lead to abrupt loss 

of control, and result in traffic collisions, particularly when 

drivers fail to notice road defects in time to take evasive action 

[3], [4]. The risk increases in bad weather and low-light 

conditions, where poor visibility makes it tougher for drivers 

to detect hazards [5], [6], [7]. For this reason, automatic 

pothole detection under varying environmental conditions has 

become an increasingly studied topic within the broader field 

of smart transportation and driver assistance systems (ADAS) 

research [8]. 

Recent developments in deep learning have significantly 

advanced pattern recognition across a wide range of data 
modalities. In the visual domain, deep learning has greatly 

enhanced computer vision applications such as smart 
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transportation, medical image analysis, and industrial 

inspection [9], [10], [11]. These improvements form the basis 

for computer vision-based pothole detection systems that can 

warn vehicles about potentially dangerous road conditions 

[12]. Among different object detection algorithms, the You 

Only Look Once (YOLO) family is well-liked for its balance 

between detection accuracy and speed, fitting for real-time 

applications [13], [14], [15], [16], [17], [18], [19], [20]. 
Successive YOLO models have consistently shown strong 

detection ability without losing speed, making them effective 

for use on devices with limited resources for pothole detection 

[6], [21], [22], [23]. YOLO26, the latest version in the YOLO 

series, includes architectural improvements such as a better 

backbone made up of Cross Stage Partial blocks with a kernel 

size of 2 (C3K2), a Spatial Pyramid Pooling Fast (SPPF) 

module for performing multi-scale contextual pooling, and a 

Cross-Stage Partial with Position-Sensitive Attention 

(C2PSA) attention mechanism which enhances feature 

discrimination without compromising computational 
efficiency [24]. Because of these improvements, YOLO26 

provides a more solid basis for detecting small and irregularly 

shaped objects like potholes than earlier YOLO architectures, 

which is why it has been chosen as the main architecture 

examined in this study. Since edge devices used in smart 

transportation systems have different computational 

limitations, it is important to understand the trade-off between 

detection accuracy and computational efficiency among the 

various YOLO26 models if a suitable model is to be selected 

for real-time deployment.  

Beyond the model design, the quality of the training data is 

essential for the practical performance of computer vision 
systems. Recent research has moved away from traditional 

close-up images of road damage to forward-facing images 

from a driver’s viewpoint, as these better reflect the visual 

information available during real driving. Datasets derived 

from dashcams offer a more realistic basis for pothole 

detection by capturing the viewing angle, object size, and road 

context that drivers experience [25]. However, this 

perspective brings new challenges since the appearance of 

potholes varies significantly in different environmental 

conditions, such as rain, nighttime, and low light. To address 

this variability, several studies have broadened their 
evaluations to include adverse weather and lighting scenarios 

to boost model reliability [5], [6], [23]. 

Despite these improvements, several critical research gaps 

still exist. Current studies have shown that changes in 

lighting, rainfall, reflections, and visibility impact pothole 

detection accuracy significantly [5], [7], [23]. However, most 

datasets available to the public were collected outside of 

Indonesia and may not capture the visual traits of Indonesian 

roads, like pavement materials, road markings, surrounding 

environments, and local lighting. As a result, the applicability 

of existing models to Indonesian road conditions is not well 

studied. Additionally, model performance is often reported as 

overall detection accuracy, without evaluating reliability 

across various conditions. Moreover, previous studies on 

pothole detection have mainly used earlier versions of YOLO, 

such as YOLOv9 [22] and other variants prior to 2025 [21], 

[23], these typically being tested on datasets gathered outside 

of Indonesia or relying on close-up images of potholes rather 

than from the point of view of a driver. Although new YOLO 

architectures continue to improve the balance between 
accuracy and computational efficiency, the effectiveness of 

the latest YOLO26 variants for pothole detection using a 

locally sourced driver's perspective dataset has not been 

extensively tested, and to date, there has been no investigation 

into the effectiveness of YOLO26 for detecting potholes. 

Thus, selecting the appropriate YOLO26 model for real-time 

applications remains unresolved.  

To fill these gaps, this study assesses the performance of 

four YOLO26 variants: YOLO26n, YOLO26s, YOLO26m, 

and YOLO26l, for pothole detection under different 

environmental conditions, with consideration of their 
potential suitability for real-time applications. A local dataset 

was gathered in the Poris area of Tangerang, Indonesia, using 

a smartphone positioned at a forward-facing angle to simulate 

a driver's viewpoint. This dataset features pothole images 

captured in four environmental conditions: clear, rain, 

evening, and night. Each model was evaluated in each 

condition based on Precision, Recall, mean Average Precision 

at an Intersection over Union (IoU) threshold of 0.5 

(mAP@0.5), and mean Average Precision across IoU 

thresholds from 0.5 to 0.95 (mAP@0.5:0.95), while 

computational efficiency was assessed through parameter 

count, model size, training time, GPU memory usage, 
inference speed, and frames per second (FPS), in order to 

examine the trade-off between detection accuracy and 

computational cost across model scales. In addition, to give 

some context regarding the relative performance of YOLO26, 

a supplementary comparison was carried out with recent 

detectors of similar size (YOLOv8n, YOLO11n, YOLO12n). 

Overall, by jointly examining detection accuracy, 

computational efficiency, and relative performance against 

comparable detectors, this study aims to provide practical, 

evidence-based guidance for selecting an appropriate 

YOLO26 variant for real-time pothole detection across varied 
environmental conditions. 

II. METHODS  

The proposed framework was developed to evaluate the 

performance of four YOLO26 variants for pothole detection 

under diverse environmental conditions. The overall 

workflow, illustrated in Figure 1, consists of dataset 

acquisition, dataset preprocessing, model training, and 

performance evaluation. Each stage of this workflow is 

described in detail in the following subsections.
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Figure 1. Proposed Method Workflow 

 

A. Dataset Acquisition 

A representative pothole dataset is fundamental for training 

and evaluating robust object detection models under real-

world driving conditions. The data used in this study was 
independently collected in the Poris area of Tangerang, 

Indonesia, with an iPhone 15 being manually mounted in a 

horizontal (landscape) position and placed above the driver's 

head. The smartphone was employed to record forward-

facing driving videos at a resolution of 1920 × 1080 pixels 

and at a frame rate of 30 frames per second. The data 

collection took place using a motorcycle, the smartphone 

being held by the passenger at a height of about 1.6 m above 

the road surface. The motorcycle was driven at a normal 

traffic speed, this being estimated at about 20–30 km/h, 

without maintaining a fixed speed. This arrangement was 

designed so that road scenes could be captured from a 
forward-facing point of view under natural driving 

conditions, taking into account variations in lighting, road 

surface, and traffic environment. The total length of the 

recordings was about 287 seconds. 

Data acquisition occurred under four environmental 

conditions: clear, rain, evening, and night. In order to 

maintain consistent categorization of the environment 

throughout data collection, each driving scene was assigned 

to one of the four environmental conditions according to the 

lighting and weather conditions. Clear images were taken 

from about 09.00 AM to 12.00 PM, a time when natural 
sunlight produced bright illumination and allowed for clear 

visibility of the pavement with visible shadows. Rain 

condition was obtained during light rain or drizzle, with the 

road surface wet and the potholes partially filled with water. 

All the rain scenes in this dataset were recorded during the 

day, which meant that the wet-road reflections were caused 

by sunlight and not by rainfall at night. The evening images 

were captured between 05.00 PM and 07.00 PM, a period 

when the transition from daylight to dusk was taking place 

and the ambient lighting was slowly decreasing, with the sky 

showing warmer yellow and bluish-purple hues. Night images 

were taken after 08.00 PM, when natural daylight was no 

longer present and road visibility mainly relied on street 

lighting and the headlights of the vehicles. These video 

recordings formed the raw data for the later frame extraction 

and dataset preprocessing stages.  

 
(a) (b) 

Figure 2. Comparison of Pothole Image Perspectives: (a) Close-up and (b) 

Driver's Perspective 

Difference between conventional close-up pothole images 

commonly used in previous studies and the driver's-

perspective images adopted in this research are illustrated in 

Figure 2. Unlike close-up images, which focus mainly on the 

potholes themselves, the proposed approach captures the 

entire driving scene. This method offers a better match to 

visual information available to drivers during actual vehicle 

operation and is thus more effective for developing real-time 

pothole warning systems. 

B. Dataset Preprocessing 

The recorded videos were turned into image frames to 

construct the pothole detection dataset. Frames were extracted 

at an interval of one frame per second. This interval was 

selected to provide sufficient temporal spacing between 

consecutive frames while maintaining the progression of the 

road scene as it approached and passed potholes. This interval 

reduced excessive visual redundancy between consecutive 
frames while preserving variations in camera viewpoint and 

pothole appearance. Hence, the interval was regarded as 

sufficient to capture the spatial and visual differences of 

potholes while lowering the risk of excessive redundancy. 

The extracted frames underwent quality control to remove 

unusable images, such as severely blurred or overexposed 
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frames, while retaining challenging images to preserve real-

world driving conditions.  

The selected images were manually annotated using the 

Roboflow platform. Each pothole was annotated with a single 

object class (pothole) using bounding box annotations in 

YOLO26 format. A road defect was classified as a pothole 

when it showed a visible depression or cavity in the road 

surface, regardless of its specific shape or depth. After that, 
the annotations were reviewed to verify the class labels, the 

position of the bounding boxes, and the completeness of the 

potholes that had been identified. The final dataset included 

200 images and a total of 659 pothole instances. Further 

details regarding the original dataset distribution can be found 

in Table 1. 

TABLE I 

DATASET DISTRIBUTION 

Environmental 

Condition 
Total Data Total Pothole 

Clear 44 147 

Rain 44 141 

Evening 49 155 

Night 63 216 

Total 200 659 

 

There is some variation in the number of images depending 

on the environmental conditions, the Night condition having 

the highest proportion at 31.5%, then Evening at 24.5%, Clear 

at 22.0%, and Rain at 22.0%. The number of pothole instances 

generally matches the distribution of the images across the 

different conditions, with no single condition making up an 
unreasonably large part of the dataset. However, this variation 

was taken into account when interpreting the detection results, 

and the model's performance was therefore assessed 

separately for each environmental condition in order to avoid 

basing conclusions solely on the overall performance, 

especially in the cases where the number of samples is small. 

After annotation, data augmentation was carried out to 

increase dataset diversity and improve the model’s robustness 

under different environmental conditions. Albumentations 

library was used to apply horizontal flipping to the images. 

Augmentation was selectively applied according to the 
representation of each environmental condition, with greater 

augmentation applied to conditions with fewer original 

samples and limited augmentation applied to the night 

condition to avoid excessive duplication.  

 

Figure 3. Augmented Strategy Applied to Dataset 

This strategy was implemented to improve the balance of 

the dataset while preserving the characteristics of each 

environmental condition. Example of the applied 

augmentation technique are illustrated in Figure 3. Dataset 

composition after augmentation is presented in Table 2. 

TABLE II 

DATASET COMPOSITION BEFORE AND AFTER AUGMENTATION 

Environ-

mental 

Condition 

Original Augmented Final 
Total 

Pothole 

Clear 44 44 88 294 

Rain 44 44 88 282 

Evening 49 49 98 310 

Night 63 31 94 323 

Total 200 168 368 1209 

 

The final dataset consisted of 368 annotated images 

containing a single object class, pothole, with a total of 1209 

annotated pothole instances. The dataset was collected under 

four environmental conditions, comprising 88 clear images, 

88 rain images, 98 evening images, and 94 night images after 

augmentation. As this study involves single-class object 

detection, the class distribution is balanced by design since all 
the annotations pertain to the pothole category and the rest of 

the pixels are considered background during training. 

Even though the size of the dataset is fairly small when 

compared with that of large-scale public benchmarks, it was 

regarded as adequate for the purpose of this study since the 

aim had not been to create a new detection model, but rather 

to carry out a controlled comparative evaluation of the four 

YOLO26 variants under the same training conditions, dataset 

composition, and environmental conditions. 

The dataset was subsequently divided into training and 

validation sets using an 80:20 ratio within each environmental 

condition. In order to ensure reproducibility, the split was 
performed using a fixed random seed of 42. This stratified 

splitting procedure was applied to maintain the representation 

of each environmental condition in both subsets and to reduce 

potential bias caused by differences in sample distribution. 

The final dataset consisted of 295 training images and 73 

validation images, with the distribution across environmental 

conditions presented in Table 3. The training set included 66, 

73, 81, and 75 images from the Clear, Rain, Evening, and 

Night conditions, respectively, while the validation set 

included 22, 15, 17, and 19 images, respectively. 

 

TABLE III 

FINAL DATASET DISTRIBUTION 

Environmental 

Condition 
Train Data (80%) Val Data (20%) 

Clear 66 22 

Rain 73 15 

Evening 81 17 

Night 75 19 

Total 295 73 
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C. Modeling 

The architecture of YOLO26 used in this study is shown in 

Figure 4. The network has three main components: backbone, 
neck, and detection head. The backbone progressively 

extracts visual features from the input image using successive 

convolutional and C3K2 blocks. These layers transform the 

input image into increasingly informative feature 

representations, allowing the network to capture relevant 

characteristics of potholes, such as their shape, texture, 

boundaries, and surrounding road patterns. This process 

generates multi-scale feature maps that capture both low-level 

spatial information and high-level semantic representations. 

The SPPF module then processes the extracted features to 

combine multi-scale contextual information. After that, the 

C2PSA module further refines the features. It merges 
convolutional processing with attention mechanisms to 

improve feature discrimination while keeping computational 

efficiency. The neck refines the features even further through 

upsampling and concatenation operations, enabling effective 

fusion of feature representations across various scales. The 

detection head predicts pothole locations and confidence 

scores at three feature scales, ensuring robust detection of 

potholes of different sizes. All YOLO26 variants share the 

same overall architecture, but YOLO26n, YOLO26s, 

YOLO26m, and YOLO26l differ in model scale, affecting 

parameter counts, costs, and detection capabilities [24]. 
 

 

Figure 4. Architecture of YOLO26 Object Detection Network 

Although all variants have the same architecture, they vary 

in depth and width, leading to different computational 

complexities and detection abilities. The lightweight 

YOLO26n is designed for deployment in resource-limited 

situations, while YOLO26l has greater representational 

capacity but requires more computational resources. Testing 

these variants under the same experimental conditions allows 

for a clear comparison of the balance between detection 

accuracy and computational efficiency for real-time pothole 
detection. The training process used a batch size of 16 for 200 

epochs, with an input image size of 640 × 640 pixels. The 

AdamW optimizer was used with a learning rate of 0.001 and 

a weight decay of 0.0005. To avoid overfitting, early stopping 

was implemented with a patience value of 50 epochs. The use 

of pretrained weights provides an established initialization for 

feature learning. Automatic Mixed Precision (AMP) helps 

reduce GPU memory requirements and improve training 

efficiency, and a fixed random seed of 42 was applied to 

improve the reproducibility of the experimental results. 

Model training occurred on Google Colab with an NVIDIA 
Tesla T4 GPU. Table 4 provides the complete training 

configuration. 

TABLE IV 

TRAINING CONFIGURATION 

Parameter Value 

Models 
YOLO26n, YOLO26s, YOLO26m, 
YOLO26l 

Epoch 200 

Batch Size 16 

Image Size 640 x 640 

Optimizer AdamW 

Learning Rate 0.001 

Weight Decay 0.0005 

Patience 50 

Pretrained Yes 

AMP Enabled 

Random Seed 42 

Training Platform Google Colab (NVIDIA Tesla T4 
GPU) 

 

The model's performance was analyzed separately under 

each environmental condition to assess the performance of the 

YOLO26 variants across varying lighting and weather 

conditions represented in the dataset and to identify 

differences in detection capability across these conditions. 

Evaluation used standard object detection metrics: Precision, 

Recall, mAP@0.5, and mAP@0.5:0.95 [22], [23], [25], [26]. 

Along with detection accuracy, computational efficiency was 

measured through model parameters, model size, training 

time, GPU Memory usage, inference speed, and frames per 

second (FPS), providing insights into the computational 
requirements of each model variant. These metrics 

collectively offer a comprehensive evaluation of detection 

capability and computational efficiency, enabling an 

assessment of the relative performance and suitability of the 

YOLO26 variants for real-time pothole detection under 
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varying environmental conditions. The confusion matrix was 

used to assess detection performance by providing a detailed 

representation of correct and incorrect predictions, and its 

interpretation is summarized in Table 5. 

TABLE V 

CONFUSION MATRIX INTERPRETATION 

Description Explanation 

True Positive (TP) 
Number of potholes correctly detected 
by the model. 

True Negative (TN) 
Number of non-pothole instances 
correctly classified as background. 

False Positive (FP) 
Number of non-pothole regions 

incorrectly detected as potholes. 

False Negative (FN) 
Number of potholes that were not 
detected by the model. 

 

Precision and Recall provided a thorough assessment of 

pothole detection performance using the confusion matrix. 

Precision measures the proportion of correctly detected 

potholes among all predicted ones. A high Precision value 

indicates a low number of false positives, meaning most 

bounding boxes predicted as potholes correspond to actual 
potholes [27]. Precision is calculated as: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(1) 

 

where TP and FP represent the number of true positive and 

false positive detections, respectively. Precision values range 
from 0 to 1, where a high value means a low number of 

incorrect pothole detections. 

Recall measures the proportion of actual pothole instances 

that the model correctly detects. This metric shows the 

model's ability to identify potholes that exist in the ground-

truth data and is especially crucial when minimizing missed 

detections, represented by false negatives [27]. Recall is 

calculated as: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(2) 

 

in this case, TP and FN denote true positive and false negative 

detections, respectively. Higher Recall values indicate that the 

model can detect a larger share of the potholes noted in the 

ground-truth annotations. 

Intersection over Union (IoU) assesses the overlap between 

a predicted bounding box and its actual ground-truth 
counterpart. IoU decides whether a predicted box aligns well 

with the ground-truth box and is therefore considered a 

correct detection at a specified threshold. IoU is calculated as: 

 

𝐼𝑜𝑈 =  
𝐵𝑝𝑟𝑒𝑑 ∩ 𝐵𝑔𝑡

𝐵𝑝𝑟𝑒𝑑 ∪ 𝐵𝑔𝑡

(3) 

 

where 𝐵𝑝𝑟𝑒𝑑 represents the predicted bounding box and 𝐵𝑔𝑡  

represents the ground-truth bounding box. The intersection 

represents the overlapping area between the two bounding 

boxes, whereas the union represents the total area covered by 

both bounding boxes. IoU values range from 0 to 1, where a 

higher value indicates greater overlap between the predicted 

and ground-truth bounding boxes. In this study, IoU 

thresholds of 0.50 to 0.95 were used to evaluate detection 

performance through mAP@0.5 and mAP@0.5:0.95. 

Average Precision (AP) summarizes the relationship 
between Precision and Recall for a specific object class, 

measuring the area beneath the Precision-Recall curve. AP is 

calculated as: 

 

𝐴𝑃 =  ∫ 𝑃(𝑅)𝑑𝑅
1

0

(4) 

 

here, P(R) represents Precision based on Recall. A higher AP 
value indicates better detection performance across various 

confidence thresholds. 

Mean Average Precision (mAP) serves as the main metric 

for overall object detection performance, calculated as the 

mean of AP values across all object classes [28]:  

 

𝑚𝐴𝑃 =  
1

𝑛
∑ 𝐴𝑃𝑖 

𝑛

𝑖=1
(5) 

 

where (n) denotes the number of object classes and 𝐴𝑃𝑖  

represents the Average Precision of the 𝑖-th class. Since this 

study focuses solely on one object class, pothole, the resulting 

mAP is numerically equivalent to the AP of the pothole class. 

Detection performance was assessed using two IoU 

criteria: mAP@0.5 and mAP@0.5:0.95. The mAP@0.5 

metric represents the mean Average Precision at an IoU 
threshold of 0.50, considering a predicted bounding box 

correctly localized when its IoU with the corresponding 

ground-truth bounding box is 0.50 or higher. On the other 

hand, mAP@0.5:0.95 reflects the mean Average Precision 

averaged across IoU thresholds from 0.50 to 0.95, with steps 

of 0.05. Thus, mAP@0.5 offers a more lenient assessment of 

detection performance, while mAP@0.5:0.95 provides a 

stricter evaluation of both detection and bounding-box 

accuracy since higher IoU thresholds require closer alignment 

between predicted and ground-truth bounding boxes [28], 

[29].  
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III. RESULTS AND DISCUSSION 

A. Overall Performance Evaluation 

The training and validation loss curves for the four 

YOLO26 variants during the training process are shown in 

Figure 5. In the early epochs, all models consistently reduced 

their loss and then gradually converged. This indicates a 
stable optimization process without any significant 

divergence. As the model size increased, the loss generally 

decreased, with YOLO26l achieving the lowest loss during 

the later training epochs, while YOLO26n had the highest 

loss. Larger variants typically needed more epochs to 

converge due to their increased complexity, but all models 

showed stable performance before reaching the maximum 

training epochs.  

 

Figure 5. Training and Validation Loss Across YOLO26 Variants 

Table 6 presents the overall detection performance of the 

four YOLO26 variants on the validation dataset. The models 

were assessed using Precision, Recall, mAP@0.5, and 

mAP@0.5:0.95 to evaluate both classification accuracy and 

localization ability. While all variants achieved high detection 
accuracy, their performance differed based on model 

complexity. 

TABLE VI 

PERFORMANCE COMPARISON OF YOLO26 VARIANTS 

Model Precision Recall 
mAP 

@0.5 

mAP 

@0.5:0.95 

YOLO26n 0.910 0.787 0.872 0.575 

YOLO26s 0.932 0.849 0.916 0.687 

YOLO26m 0.961 0.877 0.934 0.729 

YOLO26l 0.989 0.871 0.933 0.735 

 

As shown in Table 6, all of the YOLO26 variants obtained 

Precision and mAP@0.5 values exceeding 0.87, which shows 

that the dataset proposed can be learned efficiently no matter 

what the model size is. Detection performance improved as 

the model capacity increased, even though YOLO26m 

performed slightly better than YOLO26l in terms of Recall 

and mAP@0.5. YOLO26m achieved the highest Recall of 
0.877 and the highest mAP@0.5 of 0.934, while YOLO26l 

had the highest Precision of 0.989 and an mAP@0.5:0.95 of 

0.735. These results suggest that YOLO26m provided a 

slightly better overall detection at the 0.5 IoU threshold, 

whereas YOLO26l demonstrated better precision and 

localization performance when stricter IoU thresholds were 

applied. 

The various evaluation metrics show that model capacity 

influences the detection and localization features in different 

ways. YOLO26m obtained the highest Recall, which means 

that it was able to identify a slightly greater number of actual 

potholes, whereas YOLO26l achieved the highest Precision, 

indicating that it had fewer false-positive detections. The 
difference between their mAP@0.5 values was negligible and 

thus suggests that both models performed similarly when a 

moderate localization threshold was used. However, 

YOLO26l had a slightly higher mAP@0.5:0.95, showing a 

small advantage in bounding-box localization at stricter IoU 

thresholds. It therefore follows that YOLO26m is slightly 

better when it is important to minimize missed potholes, while 

YOLO26l is the preferable choice when both prediction 

precision and localization accuracy are of primary concern.  

YOLO26n and YOLO26l showed steady improvement, 

particularly in the case of mAP@0.5:0.95, which rose from 
0.575 to 0.735. Since mAP@0.5:0.95 assesses detection 

quality using more stringent IoU thresholds than mAP@0.5, 

which employs a more lenient localization threshold, this 

significant increase implies that the larger YOLO26 models 

achieve better accuracy in localizing the bounding boxes, not 

just in detecting potholes. The difference between mAP@0.5 

and mAP@0.5:0.95 is to be expected since the latter 

calculates performance based on much stricter IoU thresholds 

ranging from 0.5 to 0.95. This gap shows that while the model 

is able to reliably detect potholes at an IoU of 0.5, it becomes 

more difficult to achieve highly accurate bounding-box 

alignment as the requirements for localization become more 
demanding.This finding aligns with previous studies showing 

that larger YOLO architectures usually extract richer 

semantic features and achieve better localization accuracy, 

although they come with higher computational demands [6], 

[21], [22], [23].  

To assess the stability of the reported results and account 

for potential variation caused by random weight initialization, 

data shuffling, and stochastic augmentation, each YOLO26 

variant was trained three times using different random seeds 

(42, 123, and 2024) under otherwise identical training 

configurations. The mean and standard deviation of Precision, 
Recall, mAP@0.5, and mAP@0.5:0.95 across the three runs 

are summarized in Table 7. 

TABLE VII 

PERFORMANCE STABILITY OF YOLO26 VARIANTS ACROSS REPEATED 

TRAINING RUNS 

Model 
Precision 

 
Recall 

mAP 

@0.5 
mAP 

@0.5:0.95 

(mean±std) 

YOLO26n 0.92±0.010 0.76±0.028 0.85±0.018 0.58±0.006 

YOLO26s 0.94±0.032 0.85±0.012 0.92±0.002 0.70±0.014 

YOLO26m 0.96±0.005 0.89±0.011 0.94±0.005 0.74±0.008 

YOLO26l 0.97±0.014 0.88±0.017 0.93±0.011 0.75±0.010 
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As presented in Table 7, all YOLO26 variants exhibited 

relatively low standard deviations across the three 

independent runs, with mAP@0.5:0.95 standard deviations 

ranging from 0.006 to 0.014. This indicates that the 

performance differences are largely not attributable to random 

initialization or training stochasticity, supporting the 

reliability of the overall comparison among YOLO26 

variants. Among the four variants, YOLO26n showed the 
most notable variability in Recall (std = 0.028), which may be 

attributed to its smaller parameter count making it more 

sensitive to initialization and to the stochastic effects of 

augmentation. In contrast, YOLO26m exhibited the lowest 

variability across all four metrics (std ≤ 0.011), suggesting a 

more stable convergence behavior at this model scale. 

Overall, the consistency of results across repeated runs 

confirms that the trends observed, namely the improvement in 

localization accuracy with increasing model capacity, are 

stable and not the result of a single favorable training run. 

Figure 6 demonstrates the convergence of Precision, 
Recall, mAP@0.5, and mAP@0.5:0.95 throughout the 

training process. All metrics rose quickly during the initial 

training epochs and gradually plateaued towards the end. This 

indicates that the models effectively learned the relevant 

features for pothole detection and reached stable 

performance. The larger YOLO26 variants generally 

achieved higher metric values than the smaller ones, with 

YOLO26l consistently showing the best performance overall, 

followed by YOLO26m and YOLO26s, while YOLO26n had 

the lowest values across the metrics evaluated. The variation 

between the models was especially noticeable in 

mAP@0.5:0.95, where the larger models maintained better 
performance under stricter IoU thresholds. Overall, the 

consistent convergence of the four metrics signals stable 

learning and effective optimization across all YOLO26 

variants. Similar learning patterns have been reported in other 

deep learning applications, where stable loss convergence 

indicates effective optimization and reliable model training 

[30] 

 

Figure 6. Evaluation Metric Curves of each YOLO26 Variant 

 

B. Comparison with Baseline Object Detection Models 

In order to find out whether the better performance was due 

to the YOLO26 architecture itself or rather to a general feature 

of more recent object detection models, YOLO26n was 

compared with three baseline models of the same size: 

YOLOv8n, YOLO11n, and YOLO12n. The models were 

trained and evaluated using the same dataset and training 

settings. The nano-scale version was chosen for this 

comparison to make sure that the evaluation was fair and 
matched in size. 

TABLE VIII 

COMPARISON WITH BASELINE OBJECT DETECTION MODELS 

Model Precision Recall 
mAP 

@0.5 

mAP 

@0.5:0.95 

YOLOv8n 0.904 0.703 0.869 0.557 

YOLO11n 0.902 0.717 0.858 0.554 

YOLO12n 0.895 0.781 0.847 0.564 

YOLO26n 0.910 0.787 0.872 0.575 

Table 8 shows that YOLO26n obtained the highest scores 

in all four metrics of the nano-scale models considered, 

having a Recall improvement of 0.6 to 8.4 percentage points 

and an mAP@0.5:0.95 improvement of 1.1 to 2.1 percentage 

points as compared to the baseline architectures. Even though 

the performance difference between YOLO26n and the more 

recent baseline models is relatively small, the fact that all the 

metrics showed consistent improvement suggests that the 

gains seen are indeed attributable, at least in part, to the 
architectural improvements specific to YOLO26. This result 

justifies the decision to select YOLO26 as the main 

architecture studied in this study. 

C. Environmental Condition-Based Evaluation 

To further examine model robustness, the detection 

performance of each YOLO26 variant was separately 

assessed under four environmental conditions: clear, evening, 

night, and rain. Condition-based evaluation is important 

because aggregate performance metrics may obscure 
differences in model behavior across specific environmental 

conditions, particularly when the number of images or pothole 

instances varies between conditions. By giving the results 

separately, it is possible to more clearly examine the detection 

ability of each model in different lighting and weather 

situations, at the same time lowering the possible effect of the 

sample distribution on the general evaluation. Even though 

the dataset has a fairly balanced representation across the four 

environmental conditions, this kind of separate evaluation 

offers a more detailed examination of model robustness and 

makes sure that good overall performance is not just due to 
better results in one particular condition. The results are 

presented in Table 9.
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TABLE IX 

PERFORMANCE UNDER DIFFERENT ENVIRONMENTAL CONDITIONS 

Model Condition Precision Recall mAP@0.5 mAP@0.5:0.95 

YOLO26n 

Clear 0.90 0.78 0.87 0.58 

Evening 0.91 0.76 0.89 0.64 

Night 0.88 0.84 0.87 0.60 

Rain 0.95 0.69 0.78 0.48 

YOLO26s 

Clear 0.95 (+0.05) 0.83 (+0.05) 0.92 (+0.05) 0.70 (+0.12) 

Evening 0.89 (-0.02) 0.92 (+0.16) 0.94 (+0.05) 0.68 (+0.04) 

Night 0.98 (+0.10) 0.87 (+0.03) 0.91 (+0.04) 0.72 (+0.12) 

Rain 0.97 (+0.02) 0.80 (+0.06) 0.91 (+0.13) 0.65 (+0.17) 

YOLO26m 

Clear 0.93 (-0.02) 0.89 (+0.04) 0.96 (+0.04) 0.76 (+0.05) 

Evening 0.96 (+0.07) 0.88 (-0.04) 0.94 0.73 (+0.06) 

Night 0.98 0.89 (+0.02) 0.88 (-0.03) 0.72 

Rain 0.97 0.91 (+0.11) 0.94 (+0.03) 0.68 (+0.03) 

YOLO26l 

Clear 0.96 (+0.03) 0.87 (-0.02) 0.93 (+0.03) 0.75 (-0.01) 

Evening 0.98 (+0.02) 0.92 (+0.04) 0.95 (+0.01) 0.77 (+0.04) 

Night 0.95 (-0.03) 0.87 (-0.02) 0.90 (+0.02) 0.73 (+0.01) 

Rain 0.95 (-0.02) 0.93 (+0.02) 0.95 (+0.01) 0.69 (+0.01) 

All models performed well under clear conditions, with 

mAP@0.5 values ranging from 0.87 to 0.96. YOLO26m 

reached the highest mAP@0.5 of 0.96, while YOLO26l had 

the highest Precision of 0.96. Recall ranged from 0.78 to 0.89 

across the variants. Figure 7 shows that the radar profiles 

across all models are relatively similar, indicating consistent 

performance under clear conditions, with only moderate 

differences as model size increased. Good lighting and clear 

pavement appearance facilitated pothole feature extraction 

across all variants. 

Performance under evening conditions showed greater 
variation among the YOLO26 variants. YOLO26n had the 

lowest Recall of 0.76 and mAP@0.5:0.95 of 0.64, while the 

larger variants reached higher values, with YOLO26l 

achieving 0.77 for mAP@0.5:0.95. Figure 7 highlights the 

relatively lower performance of YOLO26n in evening 

conditions, while the larger variants showed broader profiles. 

Reduced light and changes in natural light may have impacted 

the smaller YOLO26n variant more significantly, while the 

larger variants maintained more stable performance.  

Performance under night conditions was similar across all 

YOLO26 variants. Precision ranged from 0.88 to 0.98, while 
Recall stayed between 0.84 and 0.87. The mAP@0.5:0.95 

values were close, ranging from 0.60 for YOLO26n to 0.73 

for YOLO26l. Figure 7 presents overlapping radar profiles, 

indicating only a slight performance improvement with 

increasing model size. Reduced lighting, headlight glare, and 

limited pavement texture may have made it more challenging 

to distinguish pothole edges [7]. 

Rain conditions posed the greatest challenge for precise 

localization across all YOLO26 variants, as reflected by the 

lowest mAP@0.5:0.95 values. Yet YOLO26m and YOLO26l 

still managed to show relatively good performance, with 
mAP@0.5 values of 0.94 and 0.95 and mAP@0.5:0.95 values 

of 0.68 and 0.69 respectively. Their Recall values also stayed 

high at 0.91 and 0.93, which means that the majority of 

potholes could still be detected even though visibility was 

reduced and there were visual disturbances caused by the rain. 

Figure 7 shows the increase in radar performance from 

YOLO26n to YOLO26l, while the overall performance was 

more limited compared to other conditions. Rainwater, 

surface reflections, and reduced pavement contrast may have 

hindered model performance.  

Figure 7. Radar Chart Comparison Across Environmental Conditions 

In all four conditions YOLO26n showed the greatest 

decrease in performance when compared to clear conditions, 

especially during the evening and at night, while YOLO26m 

and YOLO26l kept their Precision, Recall, and 
mAP@0.5:0.95 more or less unchanged. This shows that the 

robustness benefit of the larger models is not just due to their 

higher overall scores but also results from a smaller difference 

in performance between good and bad conditions, which 

confirms their suitability for use in situations with variable 

lighting and weather. 
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YOLO26n predictions 
Clear Evening Night Rain 

    

YOLO26l predictions 
Clear Evening Night Rain 

    

 

Figure 8. Ground truth vs Predicted Bounding Box: Visual Comparison of Pothole Detection under Four Environmental Conditions  

The qualitative detection results for the four environmental 

conditions are given in Figure 8. The ground-truth and the 

bounding boxes predicted by YOLO26n and YOLO26l for 

pothole detection are compared under clear, rainy, evening, 
and night conditions, with the ground-truth boxes shown in 

green and the predicted ones in red. Overall, both YOLO26 

variants successfully detected potholes across different 

conditions. Detection was generally more consistent under 

clear and evening conditions, while night and rain conditions 

showed reduced localization accuracy due to limited lighting 

and less visible pavement texture. 

D. Qualitative Error Analysis 

In order to look more closely at the other detection errors, 
a qualitative analysis was carried out on some of the false-

positive (FP) and false-negative (FN) predictions shown in 

Figure 9 and Figure 10. In the figures in question, the green 

bounding boxes show the ground-truth annotations, and the 

red bounding boxes are the ones predicted by the model. 

False-negative (FN) cases are those in which pothole 

instances are present in the ground-truth annotations but have 

not been detected by the model, while false-positive (FP) 

cases are cases where the model wrongly identifies a non-

pothole area as a pothole. 

 

Figure 9. Representative False-Negative Cases in Pothole Detection 

False-negative cases were most frequently seen in 

situations where the potholes had imprecise visual boundaries 

because of surface noise, for example from scattered stones, 

together with shadow interference. Potholes which were 

relatively far from the camera were also more likely to be 

overlooked since their visual appearance became smaller and 

less distinguishable from the surrounding road surface. These 

results show that potholes having ambiguous boundaries, low 

visual contrast, or a small apparent size still pose a challenge 

for the detector to recognize accurately. 

 

Figure 10. Representative False-Positive Cases in Pothole Detection 

False-positive detections were mainly linked to objects that 

had visual features similar to potholes; for instance, dry leaves 

on the road surface were at times wrongly identified as 

potholes and in one case dark-brown motorcycle handlebars 

were also detected as potholes. Moreover, overlapping or 
duplicated bounding boxes were found in a number of the 

predictions, leading to false-positive detections. These 

mistakes indicate that the model might still confuse potholes 

with irregular patterns on the road surface or with dark-

colored objects, especially in cases where their appearance 

mimics the visual texture and color distribution of potholes. 

E. Computational Efficiency Evaluation 

While detection accuracy matters for finding potholes, 

computational efficiency is equally important in determining 
whether a model can be deployed effectively in real-time 

driver assistance systems. A model with high detection 

accuracy may still be impractical for real-time applications if 

it requires excessive computational resources or produces low 
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inference speeds. Therefore, evaluating computational 

efficiency is necessary to assess the trade-off between 

detection performance and resource requirements. Table 10 

compares the computational characteristics of each YOLO26 

variant. 

TABLE X 

COMPUTATIONAL EFFICIENCY COMPARISON OF YOLO26 VARIANTS 

Model 
Para-

meter 

(M) 

Model 

Size 

(MB) 

Train 

Time 

(h) 

Memo

-ry 

(GB) 

Infe- 

rence 

(ms) 

FPS 

YOLO 
26n 

2.38 5.13 0.517 2.58 16.4 60.8 

YOLO 
26s 

9.47 19.37 0.578 5.21 16.9 59.2 

YOLO 
26m 

20.35 41.98 1.264 9.07 20.7 48.2 

YOLO 
26l 

24.75 50.52 1.601 11.40 21.2 47.1 

 

As model complexity increased from YOLO26n to 

YOLO26l, the computational requirements generally 

increased. The number of parameters increased from 2.38 M 

to 24.75 M, accompanied by an increase in model size from 
5.13 MB to 50.52 MB, training time from 0.517 to 1.601 

hours, and GPU memory usage from 2.58 to 11.40 GB. 

Inference latency also tended to increase for the larger 

models, with YOLO26n achieving the fastest inference at 

16.4 ms (60.8 FPS), only minor variations observed between 

YOLO26n and YOLO26s, making YOLO26n a great choice 

for real-time use on devices with limited resources. In 

contrast, YOLO26l processed images at 47.1 FPS, which 

remains sufficient for real driving applications while 

achieving the best detection accuracy. These results illustrate 

the trade-off between detection performance and 

computational efficiency. YOLO26l required roughly 10.4 
times more parameters than YOLO26n and took over three 

times longer to train, yet only improved mAP@0.5:0.95 by 

0.16 points from 0.575 to 0.735. This corresponds to a 

substantially higher accuracy-per-parameter ratio for 

YOLO26n, confirming that its competitiveness reflects a 

measurable efficiency advantage rather than a general 

impression. Meanwhile, YOLO26m achieved competitive 

detection performance with a much lower computational cost 

than YOLO26l, suggesting a better balance between accuracy 

and efficiency for real-time pothole detection. 

Overall, the results demonstrate a trade-off between model 
capacity, computational resource requirements, and detection 

performance. Therefore, the right YOLO26 variant should be 

chosen based on the intended usage platform. YOLO26n is 

better for lightweight edge devices that need fast inference 

speed, while YOLO26l is suited for applications where 

detection accuracy is the priority. Among the models tested, 

YOLO26m strikes a good balance between detection 

performance and computational efficiency, making it a strong 

candidate for future intelligent pothole warning systems. 

Experimental results indicate that boosting the model’s 

capacity from YOLO26n to YOLO26l consistently improves 

localization performance. The larger models, with deeper 

feature extraction networks and greater representational 

ability, can better capture complex pavement textures and 

subtle pothole edges. This improvement is reflected in the 

higher mAP@0.5:0.95 values, which indicate that more 

complex models improve localization precision more than 

just object recognition. Previous studies on YOLO-based 

pothole detection have shown similar findings, where larger 

network architectures led to better detection accuracy despite 
higher computational costs [21]. 

Environmental conditions pose a significant challenge for 

vision-based pothole detection since they directly impact the 

visible features available for extraction. Reduced illumination 

under evening and night affects detection performance, 

especially for the smaller YOLO26n variant during evening 

conditions. However, the performance of all variants becomes 

fairly similar at night. Rain is the biggest challenge for precise 

localization, resulting in the lowest mAP@0.5:0.95 values 

across all variants, although larger models still show 

improvement. These findings agree with earlier studies 
indicating that poor lighting is a key factor limiting pothole 

detection performance [5], [7]. 

This study used a locally collected driver's perspective 

dataset representing road conditions in the Poris area of 

Tangerang. Many earlier studies relied on close-up pothole 

images or datasets collected in different environments. A 

driver's perspective view provides a more accurate reflection 

of the visual information available when driving. Thus, it 

offers a realistic benchmark for assessing vision-based 

pothole early-warning systems. While the dataset does not 

cover all Indonesian road conditions, it is an important step 

toward developing computer vision systems using locally 
sourced driving scenes. 

Despite the promising results, this approach has several 

limitations. To begin with, the dataset was gathered in a single 

geographic area, which limits environmental variety and thus 

reduces the generality of the findings. Although the dataset 

covers clear, rain, evening, and night conditions, the 

environmental variations under each condition were not 

systematically controlled or classified. For instance, the 

images obtained include light rain, wet road surfaces, water 

puddles in potholes, and shadows in clear conditions; yet the 

different levels of rain intensity, the glare from vehicle 
headlights, and the various camera viewing angles were not 

specifically examined as separate scenarios relating to 

robustness. The dataset was extended by using horizontal 

flipping, which produced 168 augmented images from the 

original 200. Although this increased the number of training 

samples, the augmented images did not add any new road 

scenes or environmental conditions and so the overall visual 

diversity of the dataset remains limited. A possible drawback 

of this study is that the dataset was derived from continuous 

driving videos. Even though frames were taken at 1 FPS to 

decrease the temporal similarity between successive images, 

future research should use sequence-level or video-level 
dataset splitting and include an independent test set obtained 
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from previously unseen driving sequences in order to further 

reduce any possible data leakage and to give a more rigorous 

assessment of the model's generalization. Another limitation 

relates to the evaluation of real-time performance. The 

inference speed and frames per second were measured on the 

testing device and so may not reflect the models' performance 

on resource-constrained edge or in-vehicle devices. Testing 

on platforms such as embedded computing devices or 
smartphones was not within the scope of this study.  

The dataset should therefore be extended in future research 

by including independent images that cover a wider variety of 

weather conditions, road surfaces, illumination levels, 

viewing angles, and geographic locations in Indonesia. This 

kind of data would allow for a more systematic evaluation of 

robustness in difficult situations and lead to a better 

assessment of the model's generalization capabilities. It is also 

necessary in future research to carry out hardware-specific 

benchmarking and field testing in order to evaluate the 

system's real-time performance under real driving conditions. 

IV. CONCLUSION 

The study assessed the performance of four variants of 

YOLO26 in the context of real-time pothole detection, using 

a dataset that had been collected locally from the driver's point 

of view under four different conditions: clear, rain, evening, 

and night. The results indicate that greater model complexity 

generally results in better detection performance, especially 

in terms of localization accuracy, at the expense of increased 

computational cost. YOLO26m obtained the highest Recall 

(0.877) and mAP@0.5 (0.934), whereas YOLO26l achieved 

the highest Precision (0.989) and mAP@0.5:0.95 (0.735). Yet 

YOLO26n offered the fastest inference speed, needed the 
least GPU memory, and had the lowest computational cost, 

which makes it suitable for use on resource-constrained edge 

devices. YOLO26m should be chosen when it is important to 

have high recall and overall detection performance, as it 

provides the highest Recall and mAP@0.5 while maintaining 

a speed of 48.2 FPS. YOLO26l is more appropriate for 

applications in which precision and maximum localization 

accuracy are prioritized since it achieves the highest Precision 

and mAP@0.5:0.95, even though it has higher computational 

requirements and a lower inference speed of 47.1 FPS. The 

findings thus offer practical guidelines for selecting a model 
depending on the requirements of the intended deployment 

scenario. 

The environmental assessment shows that lighting has a 

major influence on the performance of pothole detection, 

night-time conditions always being more difficult than those 

at clear or evening times. The dataset gathered by local drivers 

offers a realistic standard for vision-based pothole detection 

when vehicles are actually being driven. Yet the lack of 

variety in geographic and environmental terms limits the 

ability of the results to be applied generally. The findings 

constitute an offline evaluation which can form the 

foundation for further work on intelligent driving assistance 
and pothole early-warning systems. Still, the results on their 

own do not prove that the systems are ready for use in real 

vehicles. Future research must test the models on the target 

edge or within the vehicle's hardware and carry out field tests 

under real driving conditions in order to better evaluate their 

practical usefulness. 
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