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Abstract. Road safety and infrastructure maintenance are critical aspects 

of modern transportation systems to support mobility and protect road users. 
One major challenge is the presence of nails on roads, which can cause tire 
damage, traffic disruption, and accidents. This study proposes a road nail 
detection system using digital image processing constructed proceeding the 
You Only Look Once (YOLO)v4-tiny algorithm. The model demonstrated 
promising detection performance, with the loss value decreasing to 0.2876 
and the mean Average Precision (mAP) reaching 70% at the 5400th 
iteration. Although a decline in mAP after this iteration indicated potential 
overfitting, the model was generally capable of recognizing nail objects 
within the training dataset. Performance evaluation showed an Average 
Precision (AP) of 90.87% for the “nail” class, with 394 true positives and 32 
false positives, indicating strong detection capability. Additional metrics, 

including 85% precision, 82% F1-groove, also an average Intersection over 
Union (IoU) of 67.17%, indicate that the system performs reasonably well. 
The proposed system has potential applications in preventing tire punctures 
and improving road safety. Furthermore, this research potentially supports 
highway patrol officers in monitoring road conditions more efficiently by 
enabling early detection and rapid removal of hazardous objects such as 
nails.  

1 Introduction  

In the modern transportation, road safety and infrastructure maintenance have become 

essential aspects of supporting mobility and ensuring the safety of road users (driver and 

passenger) from traffic accidents. Traffic accidents are commonly associated with reckless 

driving behaviours and human error, including over-speeding, sudden braking, and abrupt 

maneuvers. In addition, vehicle-related factors such as instability, brake failure, engine 
malfunction, and tire damage also contribute significantly to traffic accidents [1]. Among 

these factors, tire punctures caused by nails or sharp metal debris on road surfaces may lead 

to sudden loss of tire pressure, vehicle instability, and loss of control. Recurring “nail-trap” 
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incidents on major roads and toll highways have also been widely reported, highlighting a 

serious threat to road safety and public security [2]. 

Detecting small nails or sharp metal debris on road surfaces using the naked eye is 

difficult, particularly under vehicle motion or low-light conditions. Therefore, intelligent 

detection systems are required to enhance road safety by enabling early identification of 

hazardous objects and reducing the risk of tire punctures and traffic accidents. Recent 

advances in digital technology and artificial intelligence consume permitted the advance of 

automatic article discovery systems accomplished of classifying matters accurately in actual. 
Computer vision and image processing technologies are increasingly utilized in various 

applications, including autonomous vehicles, traffic monitoring, surveillance systems, and 

industrial automation. In particular, deep learning methods constructed happening 

Convolutional Neural Networks (CNNs) consume demonstrated extraordinary performance 

improvements in article detection accuracy and computational efficiency compared with 

conventional methods [3]. 

Among various object detection approaches, the You Only Look Once (YOLO) algorithm 

has become unity of the greatest generally used methods due to its high detection speed and 
accuracy [4]. YOLO performs object detection through a single-stage neural network 

architecture, enabling real-time performance suitable for practical applications. The 

algorithm has evolved through several versions, including YOLOv1, YOLOv2, YOLOv3, 

and YOLOv4, along with their lightweight variants known as YOLO-Tiny. YOLOv4-Tiny 

was specifically developed to reduce computational complexity while maintaining reliable 

detection performance, making it suitable for implementation on low-specification devices, 

embedded systems, and mobile platforms [5]. 

Previous educations have established the success of YOLO-constructed methods in traffic 
article detection, surveillance systems, and intelligent transportation applications. For 

instance, proposed E-YOLOv4-Small for urban road traffic mark exposure and achieved 

improved real-time performance under complex road conditions. Similarly, another 

experiment applied Lite YOLOv4-Tiny for intelligent crack detection on infrastructure 

surfaces, demonstrating the capability of lightweight object detection models in road-related 

monitoring tasks [6]. However, research focusing specifically on nail detection on road 

surfaces. Detecting nails presents unique challenges because nails are relatively small 

objects, often partially obscured, and difficult to distinguish from complex road textures and 
lighting conditions. Small object detection itself remains a major challenge in computer 

vision because of limited feature representation and background interference [7]. Therefore, 

an efficient and lightweight detection model is required to achieve accurate real-time 

detection under varying environmental conditions. 

This research proposes a digital image-based road nail detection system using the 

YOLOv4-Tiny algorithm. The study aims to analyse the capability of the model in 

distinguishing nail objects and to evaluate the detection performance of YOLOv4-Tiny using 

road images captured by smartphone cameras. The proposed system integrates principles of 
computer vision, image processing, and deep learning to improve road safety through 

automatic hazard detection. Furthermore, the implementation of this technology is 

predictable toward support the development of intellectual road intensive care arrangements 

capable of preventing tire punctures, reducing accident risks, and enhancing transportation 

safety.  

2 Method  

Digital images consist of finite numerical elements arranged at specific spatial locations. The 
process of sampling and quantization transforms a real-world image into a matrix of 

numerical values with dimensions of 𝑀 × 𝑁, where are 𝑀 rows and 𝑁 columns, referred to 
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as a pixel. Each pixel contains two primary parameters, namely spatial coordinates and 

intensity or colour values. The value located at coordinate (𝑥, 𝑦), denoted as 𝑓(𝑥, 𝑦), 
represents the intensity level or color information of the pixel at that particular point. 

Mathematically, a digital image can therefore be expressed as an intensity function  𝑓(𝑥, 𝑦), 
where 𝑥 characterises the commotion coordinate, 𝑦 characterises the column coordinate, and 

𝑓(𝑥, 𝑦) denotes the image intensity value at each coordinate point.  

(𝑥, 𝑦) = [

𝑓(0,0)

𝑓(1,0)
            

𝑓(0,1)

𝑓(1,1)
           

…
…          

𝑓(0, 𝑁 − 1)
𝑓(1, 𝑁 − 1)

⋮
𝑓(𝑀 − 1,0)

    
⋮

𝑓(𝑀 − 1,1)
    

⋱
⋯

    
⋮

𝑓(𝑀 − 1, 𝑁 − 1)

] (1) 

This value represents the grayscale intensity or colour information associated with each 

corresponding pixel [8]. 
Image processing is a multidisciplinary field that integrates various disciplines, including 

physics, electronics, mathematics, photography, art, and computer technology. It involves 

transforming an input image into a processed output image to enhance visual information or 

extract meaningful features. Image processing techniques commonly utilize arithmetic and 

logical operations applied to one or more input images, where each output pixel is determined 

by the corresponding input pixel values or their vectors. To convert an RGB image into a 

grayscale image, the grayscale intensity can be obtained by calculating the average 

concentration principles of the red (R), green (G), and blue (B) networks for apiece pixel 
composing the image. The representation of a colour image can be situated articulated with 

the subsequent matrix equation: 

𝐼𝑟𝑒𝑑(𝑚, 𝑛, 1) = [

𝑟11

𝑟21

𝑟12

𝑟22

…
…

𝑟1𝑛

𝑟2𝑛

⋮
𝑟𝑚1

⋮
𝑟𝑚2

⋱
⋯

⋮
𝑟𝑚𝑛

] (2) 

𝐼𝑔𝑟𝑒𝑒𝑛(𝑚, 𝑛, 1) = [

𝑔11
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…
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𝑔𝑚2

⋱
⋯

⋮
𝑔𝑚𝑛

] (3) 

𝐼𝑏𝑙𝑢𝑒(𝑚, 𝑛, 1) = [
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⋯
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] 

 

(4) 

 

𝑓𝑔(𝑥, 𝑦) =
𝑓𝑙

𝑅(𝑥, 𝑦) + 𝑓𝑙
𝑅(𝑥, 𝑦) + 𝑓𝑙

𝑅(𝑥, 𝑦)
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(5) 

were 𝑓𝑔(𝑥, 𝑦), 𝑓𝑙
𝑅(𝑥, 𝑦), 𝑓𝑙

𝑅(𝑥, 𝑦), and 𝑓𝑙
𝑅(𝑥, 𝑦)  are the image value of greyscale, red, green 

and blue respectively.  
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Fig. 1. The flowchart of the project 

Figure 1 showed the flowchart of this study. The first stage involved collecting image 

data for training the model. The dataset consisted of video recordings converted into image 

frames on a maximum percentage of 50 frames per second (fps). The images were 
categorized into two classes: nail and non-nail. The non-nail class included various road 

objects such as leaves, twigs, and shadows. A total of 1,014 images of nails on asphalt roads 

were collected. The road surfaces included both concrete asphalt and Penmac asphalt to 

increase dataset diversity also progress the strength of the YOLOv4-Tiny typical. 

The collected dataset was annotated using Roboflow as shown by Figure 2. Subsequently, 

statistics extension methods remained practical to increase image inconsistency also improve 

typical robustness. The augmentation process included horizontal flipping and upside-down 

rotation transformations, therefore dataset size increase from 1,014 to 2,072 images. 
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Fig. 2. Annotation process with Roboflow 

Following the preprocessing stage, the model training procedure was conducted using the 

Darknet framework. The process began by mounting and connecting Google Drive storage 

to Google Colaboratory. After successful integration, the Darknet framework was cloned into 

the Google Drive directory, followed by directory configuration, build setup, and compilation 

of the framework. 

The annotated dataset was then augmented to increase image variability and improve 

model robustness under different environmental conditions. The augmentation techniques 
included horizontal flipping and upside-down rotation transformations. As a product of the 

increase process, the dataset consisted of 2,072 images, which were separated into exercise 

and challenging sets using an 80:20 ratio, subsequent in 1,901 exercise pictures and 171 

challenging pictures. All annotated images and their corresponding annotation files (.txt) 

were systematically organized to support efficient model training and evaluation. 

Subsequently, pre-trained weights were loaded as the initial parameters for training the 

custom object detection model. These pre-trained weights enabled the implementation of 

Transmission Knowledge, allowing the typical to utilize beforehand educated painterly 
features and accelerate conjunction through the exercise progression. The augmented dataset 

further enhanced the representation’s capability to perceive matters accurately under variable 

road besides lighting conditions. 

The model training process began with model configuration, followed by the training 

stage. The configuration parameters were categorized into fixed parameters and adjustable 

parameters. The fixed parameters included dataset usage (80%), input width (416), input 

height (416), channels (3), momentum (0.9), decay (0.0005), angle (0), saturation (1.5), 

exposure (1.5), hue (0.1), learning rate (0.00261), burn-in (1000), maximum batches (6000), 
policy (steps), steps (4800, 5400), and scales (0.1, 0.1). 

The adjustable training parameters consisted of the batch size and subdivisions, which 

were configured through three experimental variations. In this study, the optimal training 

configuration employed a batch size of 16 and subdivisions of 16. Following the parameter 

configuration progression, the YOLOv4 typical was competent consuming the prepared 

dataset to learn the target object characteristics and optimize its detection performance. 

The concert of the trained YOLOv4 object exposure typical remained evaluated 

consuming several standard metrics, counting True Positive (TP), False Positive (FP), 
Precision, F1-score, Average Precision (AP), mean Average Precision (mAP), and 

Intersection over Union (IoU). A discovery remains classified as a Right Positive once the 

prophesied bouncing box acceptably categorizes an article and achieves an IoU value above 

a predefined threshold, whereas incorrect or unmatched detections are categorized as False 

Positives.  Accuracy procedures the quantity of appropriately perceived objects between all 

prophesied discoveries, although the F1-score affords a stable valuation of model concert by 

combining Precision and Recall as shown by the Equation 6-8. 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
,      (6) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
,       (7) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
,     (8) 

 

Furthermore, IoU evaluates the grade of intersection among the prophesied bouncing box 

besides the corresponding ground-truth explanation. AP remains computed as the zone below 

the Precision–Recall (P–R) curvature for an individual lesson, whereas mAP remains 

obtained by averaging the AP ideals crosswise all programs and serves as the prime indicator 

of complete object discovery concert. These metrics are defined by Equations 9–11.  

 

𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛
,       (9) 

 

𝐴𝑃 = ∫ 𝑃(𝑅)𝑑𝑅
1

0
,      (10) 

 

𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑃𝑖

𝑁
𝑖=1 ,     (11) 

 

wherever 𝐴𝑃𝑖 denotes the Average Precision of the 𝑖-th class, and 𝑁 is the full quantity 

of object courses. Collectively, these metrics afford a complete calculation of the recognition 

precision, localization value, and robustness of the YOLOv4 model, and they are widely 
adopted in evaluating modern object detection frameworks. 

3 Result  

The study results are presented in Figure 3, which illustrates two primary performance 

metrics of the YOLOv4-Tiny training process, namely loss (blue line) and mean Average 

Precision (mAP) (red line). The vertical axis characterises the metric ideals, although the 

horizontal axis specifies the number of exercise iterations. 

The loss value gradually decreased from approximately 0.5 to 0.2876 at the 6000th 
iteration, indicating that the model effectively learned and optimized its parameters to 

minimize prediction errors during training. The initial loss value did not begin at zero, likely 

because the early iterations were not recorded or due to the application of pre-trained weights 

during the transfer learning process. The consistent reduction in loss demonstrates stable 

convergence and improved learning performance throughout the training stage [9, 10]. 
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Fig. 3. Loss Function Graph of the Training Results  

Meanwhile, the mAP value increased from approximately 45% and reached a peak value 

of 70% at the 5400th iteration before slightly declining. This increasing trend indicates that 

the model progressively improved its capability to detect and classify nail objects within the 
dataset. The achieved mAP of 70% demonstrates that the model provided satisfactory 

detection performance for road nail identification. However, the slight decrease in mAP after 

the 5400th iteration suggests the occurrence of overfitting, wherever the classical became 

progressively dedicated to the exercise data and experienced reduced generalization 

capability on unseen data [11, 12]. The results are shown in Figure 4. 

 

 

Fig. 4. The model testing result 
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Table1. Model performance evaluation 

Class AP TP/FP precision F1-score mAP IoU 

Nails 90.87% 394/32 85% 82% 70.3% 67.17% 

 

The typical was qualified and estimated using several concert metrics, through the 

evaluation results demonstrating different detection performances for the two classes, namely 

“nail” and “not_a_nail.” For the “nail” class, the Average Precision (AP) reached 90.87%, 
with 394 true positives (TP) and 32 false positives (FP). In contrast, the “not_a_nail” class 

achieved an AP of 49.83%, with 65 TP and 51 FP [13]. 

At a sureness edge of 0.25, the typical achieved an overall accuracy of 85%, F1-score of 

82%, with a total of 459 TP, 83 FP, and 101 false negatives (FN). In addition, the average 

Intersection over Union (IoU) reached 67.17%, indicating that the model was capable of 

localizing nail objects with relatively good accuracy [14]. 

The high AP value obtained for the “nail” class demonstrates that the YOLOv4-Tiny 

model was highly effective in detecting nail objects on road surfaces. The comparatively 
small number of wrong positives further specifies that the typical infrequently misclassified 

added objects by way of nails. Moreover, the stable precision, recall, and F1-score values 

suggest that the typical achieved a satisfactory trade-off between detection accuracy and 

robustness [15].  

4 Conclusion   

This study demonstrates that the YOLOv4-Tiny model is accomplished of performance real-

time nail recognition on road surfaces with promising accuracy and efficiency. Through the 
exercise progression, the typical exhibited stable convergence, as indicated by the reduction 

of the loss value from approximately 0.5 to 0.2876 at the 6000th iteration, while the mean 

Average Precision (mAP) increased from 45% to 70% at the 5400th iteration. Although a 

slight decline in mAP was observed after the 5400th iteration, suggesting the onset of 

overfitting, the model generally showed strong capability in recognizing nail objects within 

the training dataset. 

Performance evaluation results further confirmed the efficiency of the projected 

approach. The model accomplished an Average Precision (AP) of 90.87% for the “nail” class, 
with 394 true positives and only 32 false positives, indicating high detection reliability for 

hazardous nail objects on road surfaces. Overall, the model attained a precision of 85%, F1-

groove of 82%, and an usual Intersection over Union (IoU) of 67.17%, demonstrating that 

YOLOv4-Tiny provides a feasible and efficient solution for intelligent road hazard detection 

systems. 

The findings suggest that YOLOv4-Tiny has significant potential for implementation in 

smart transportation and road safety applications, particularly due to its lightweight 

architecture and suitability for embedded or real-time systems. Future work should focus on 
expanding and diversifying the dataset, improving class balance, and optimizing 

hyperparameters to further enhance detection robustness and reduce false detections. 

Additionally, the use of cross-validation and testing under various environmental conditions 

is recommended to improve the model’s generalization capability for practical real-world 

deployment. 

 
This research publication is subsidised by the Indonesia Endowment Fund for Education (LPDP) on 
behalf of the Indonesian Ministry of Higher Education, Science and Technology, and managed under 
the EQUITY Program (Contract Number 4308/B3/DT.03.08/2025 and B/284/UN39/HK.07.00/2025). 
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