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Abstract 
 
As a country with a high percentage of motorbikes, the appearance of potholes has a 
serious impact on people. Today, detecting and repairing potholes takes a long time. 
Therefore, this research paper aims to provide solutions for inspectors to save time in 
detecting potholes. In this study, the authors used drones to col-lect data combined with 
the common computer vision model YOLOv5 to pro-duce pothole detection models for 
images taken from drones. From the identifi-cation results, we calculate the size and 
location of the potholes so that the inspectors can identify the danger range and come up 
with a reasonable repair plan. The current model reached the precision, recall, and F1 score 
at 0.946, 0.961, and 0.95, respectively.    
 
Keywords: YOLO, drone-based imaging, road pothole detection, road inspection, ultra-light 
drone 
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1.0 INTRODUCTION 
 
A pothole is a depression on a road, which is the result of traffic 
or weather conditions. This kind of road damage can cause 
accidents for motorbikes, even death, so it needs to be 
discovered and repaired soon. However, the maintenance 
process starts with the inspectors receiving damage information 
from the people or after the periodic inspection, then planning 
the repair. As such, it is time-consuming and inefficient. 
Moreover, inspectors can also be at risk of injury due to hard-to-
detect potholes. Therefore, to shorten the process and protect 
the inspectors, the authors suggest using a drone for automatic 
pothole detection. With the assistance of the UAVs, the 
inspection process can be done in much faster and safer ways, 
allowing to greatly reduce the workloads on the inspectors and 
responding rapidly to high-risk defects that can cause significant 
traffic accidents. 

Automated pothole detection technologies have been studied 
for decades. There are 3 popular methods including vision-based 
[1,2], vibration-based [3,4,5] and 3D reconstruction-based 
method [6,7]. The first method applies road surface processing 
and deep learning. It requires 2D images or videos input, easily 
obtained by devices such as phones, or devices with cameras 
such as drones. It is suitable for determining the potholes as well 
as their shape and size, but it is not able to export depth. The 
second one uses data from acceleration sensors in smartphones 
to detect potholes and their depth, except for the shape and 
size. The final method measures the shape along with the depth. 
After analysis and comparison, [8] indicated that the 3D 
reconstruction-based is the most expensive method while the 
vibration-based is the most cost-effective one. Table 1 
summarizes these methods. This study aims to detect the 2D size 
of potholes with low cost, so the vision-based method is the 
most suitable. Thanks to the simple input requirements, the 
equipment used for data acquisition also has a wide range of 
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options. [9] from Iraq applied Deep Learning with YOLOv4's 
algorithm to train 5,300 images collected from phones and 
drones. Then use this model to identify potholes from the 
digitized image. The obtained research results prove the 
feasibility of using images taken from unmanned aerial vehicles 
(UAVs) to create orthogonal images and identify potholes from 
those images using deep learning techniques. This method is 
safe, economical, and faster than the traditional method.  

 
Table 1 Comparison of vision-based, vibration-based and 3D 
reconstruction-based methods 

 
Method  Strengths  Weaknesses  
Vision-based Determine the 2D shapes 

and the number of 
potholes 2D images/ 
video as input 

Cannot 
determine the 
depth 

Vibration-based
  

Detect depth potholes 
Require small storage 
Allow real-time 
application  

Cannot 
determine the 
shape and size 

3D 
reconstruction-
based 

Measure accurately the 
shape 

The most 
expensive 
method 

 
This research is an integrative solution for pothole detection and 
management utilizing UAV for data acquisition and deep 
learning for pothole detection. The authors propose the use of 
UAV to collect high-resolution images of the roads where there 
is the presence of potholes varying in appearance, then create a 
cus-tom dataset to train YOLOv5 model for pothole detection. 
The acquired images and the trained model can be used in future 
studies. In addition, we also developed a simple tool in which the 
information about the detected potholes from the images such 
as 2D sizes and locations is extracted, summarized on a table, 
and presented on a map. 
 
 
2.0 METHODOLOGY 
 
2.1 General Workflow  
 
Figure 1 illustrates the general workflow in this project. There 
are 3 steps to this process including collecting data by drone, and 
training to identify and analyze the results. This workflow is 
simple so that it can be widely performed by anyone that has the 
necessary tools. 
 

 
 

Figure 1 Workflow for this research 
 

 
 
 

2.2 Data Acquisition  
 

There are a lot of pothole datasets publicly available on the 
internet, however, they are not from the perspective of UAV. 
There are a lot of pothole datasets publicly available on the 
internet [10], however, they are not from the perspective of 
UAV. This is the reason for making our own datasets.  

The dataset is an important part of the training object 
detection model and pothole is the specific object with tools for 
capturing pictures, so there are some requirements for acquiring 
images to get the best data:  
• Regulations: obtaining the flight license for flying a drone 

if needed.  
• Venue: choosing a location to fly is the first thing you need 

to do. This location must not be in a no-fly or restricted-fly 
zone.  

• Weather: check the weather forecast before deciding the 
day to fly because this drone cannot fly in rain and wet 
lenses affect the quality of images. 

• Time: most of the roads with potholes are caused by too 
many containers, trucks, and other vehicles passing during 
the day, so choosing the time to fly is important. The flight 
time slot must ensure few cars, and daytime for the best 
quality images. 

• Others: depending on the location of the potholes, there 
may be many obstacles such as wires or tree shadows, with 
the main goal of data diversity, the pilot can flexibly in the 
angle captured and altitude to see the pothole. In addition, 
collecting data on potholes with trees shadows, or wires 
across also increases the ability to identify. 

The general rule for image quality is that at the same image 
resolution, the lower the drone hovers, the more detailed the 
image is. Flying too high will result in the pothole shrinking from 
a few to no pixels. The altitude can be calculated based on the 
parameters of the camera, the requirement for the smallest 
pixel that can be detected, and the criteria for assessing pothole 
damage.  

The formula Equation 1 calculates the required altitude from 
the ground sampling distance (GSD) value. 

 
 

GSD �
𝑐𝑐𝑐𝑐
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

� =
flight altitude (m)
focal length (m) ×

sensor width
height(cm)

image width
height(pixel)

(1) 

 
 
Based on the pothole damage risk assessment Table 2 provided 
by the Faculty of Civil Engineering, and the minimum object size 
that can be detected is 2 pixels [11], the required altitude for the 
pothole to become detectable is 25 meters. However, to get 
more detailed information the drone should fly as low as 
possible. 

 
 

Table 2 Criteria for assessing the risk of pothole damage 
 

Maximum 
depth (mm) 

Average diameter (mm) 
100 – 200 200 – 450 450 – 750 

13 – 25 Low Low Moderate 
25 – 50 Low Moderate High 
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2.3 Deep Learning Model for The Detection of The Pothole 
 
The model used in this paper is YOLOv5. This is widely used for 
object detection models, famous for its accuracy and speed, 
which is suitable for real-time applications. YOLOv5 [12-14] is a 
single-stage detector model, so its accuracy may be lower than 
some two-stage detector models because it focuses on 
balancing be-tween inference time and accuracy. However, 
thanks to its single-stage architecture, the model is light in size, 
easy to train, and fast to infer on each image. This model has 
successfully recognized many objects from easy to complex 
scenarios, such as fruits [15, 16], potholes taken with a phone 
[17, 18] and so on. YOLOv5 has five types of models in total, 
including: nano (n), small (s), medium (m), large (l), and extra-
large (x). The small version YOLOv5s takes less time while the 
biggest version YOLOv5x6 takes the longest time but is the most 
accurate. 
 
2.4 Detection Results Analysis  
 
After detection, each detected image returned a label file 
concluding center coordinates and size in two dimensions in 
pixels of potholes. From that information, it is possible to 
convert to width and height in centimeter and calculate the 
average diameter. The results will be compared with the 
standard in Table 2 and given the risk range. To evaluate the 
above dimensions, we need to compare them with the real 
dimensions. However, potholes are located on the street with 
many vehicles that are difficult to measure normally, for safety 
purposes, we chose the method of photographing the ruler with 
potholes by drone Figure 2a, then from the actual size of the 
ruler, we find the ratio scale to measure pothole size in AutoCAD 
Figure 2b. 

 
 

 
 
Figure 2 (a) image including pothole and ruler captured by drone, (b) 
dimension measured in AutoCAD 
 
 
3.0 CASE STUDY  
 
3.1 Area Survey and Data Acquisition 
 
This research is carried out in the city, so the drone needs to be 
ensured that the flight regulations are issued on noise and 
allowed locations. Besides, the selected drone should be 
compact for easy carrying and can take off and land in narrow 
spaces, battery capacity, and signal transmission are good 
enough to fly a road. After considering the above requirements, 
Autel Evo Nano in Figure 3 is the main UAV collecting pothole 
images to diversify datasets with the parameters in Table 3.  

 

Figure 3 Autel Evo Nano [19] 

Table 3 Configuration of Autel Evo Nano [19] 

Take 
off 
weight 

Max 
flight 
time 

Camera  
sensor 

Effective 
pixels 

Max 
Flight 
Distance  
(no wind) 

Opera 
-ting 
Tempera-
ture 

249 g 
28 
min 

CMOS: ½ 
inch 
(6.4x4.8 
mm) 

48 MP 
(8000x600
0) 

16.8 km 0°C~40°C 

 
 

Thanks to the support from Thu Duc City, the authors 
captured potholes to diversify the data. According to section 2.2, 
this dataset is collected at an altitude of about 10 to 15 m 
depending on the area with obstacles or not. The sole goal of this 
step is to create a dataset of potholes. These captured images 
have a resolution of 8000x6000 pixels, with good lighting, and 
are clear in high detail. Figure 4 shows a variety of potholes with 
dry and water-filled potholes, from very small to relatively large, 
with diverse shapes. Some potholes are covered by power lines 
and trees. The road surface is wet in some places, making it feel 
like potholes. This dataset is unique because potholes datasets 
are often captured by camera in cars.  
 

 
 

Figure 4 Some images from data acquisition (a) dry potholes with rocks, 
(b) water-filled potholes, (c) dry pothole hidden in the road surface, (d)  
dry potholes. 
 
 
3.2 Training Implementation 
 
About 450 captured images with a variety in size, shape, and 
properties of potholes were labelled and brought to train on an 
Intel UHD Graphics 630 desktop computer running the Ubuntu 
operating system with 32 gigabytes of total memory with 
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YOLOv5x6 model for the highest accuracy. It took about 65 hours 
to complete 100 epochs. The main problem in this step is the 
training is too long, but this is characteristic of YOLOv5x6. To 
solve this issue, the personal workstation needs to be upgraded 
for more graphics processing units. This study used the default 
of model YOLOv5x6 as shown in Table 4. 
 

Table 4 Training configuration parameters 
 

 
 
The training reached the optimal value at epoch 66 with the 
parameters shown in Table 5.  mAP@50 and mAP@50-95 are 
0.979 and 0.66 respectively. mAP@50 is very high while 
mAP@50-95 is just higher than average. The reason is that the 
shape of potholes sometimes it is difficult to be labeled fit well, 
so when the requirement of IoU increases, the mAP decreases. 
However, these values are acceptable for this model. 
 

Table 5 Optimal value 

Box –  
precision 

Box –  
recall 

Box – 
mAP@0.5 

Box – 
mAP@0.5:0.9
5 

0.946 0.961 0.979 0.65 

 

 
Figure 5 Confusion Matrix   

 
 
As can be seen in Figure 5, there are 96% real potholes that can 
be detected. However, the background can be mistaken with the 
pothole because the learned data was not diverse enough. The 
training results also showed that the precision, recall, and F1 
score of the proposed method were 0.946, 0.961 and 0.95 
respectively. These values are adequate, showing that the 
trained model has a decent ability for detecting potholes.  
The trained model was used for detecting potholes on a test case 
of a specific road. This is Lo Lu Street in Thu Duc City with a lot 
of kinds of potholes such as potholes having power lines through 

them, and potholes with rocks. The results show that this new 
model correctly detected many objects with confidence of more 
than 60% in Figure 6a, however, there are also some mistakes in 
Figure 6c and omitted in Figure 6b.  

 
 

 

 

Figure 6 Detection results (a) correct, (b) omission, (c) mistaken 

 

Training Parameter Value 
Epoch 100 
Batch size 4 
Image size 1280 
Model YOLOv5x6 
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3.3 Detection Results Analysis 
 
The reasons for misidentification and omission can be 
mentioned as: 

- The dataset is still not diverse enough for potholes, the 
pothole image is quite uniform for the adjacent road surface. For 
wet road surfaces, dry gaps are similar to the difference between 
potholes and pavement. Potholes are learned not to be cut by 
electrical wires if viewed from above. 

- The labeling step is done manually, so it is easy to make 
mistakes. The labelers may sometimes not recognize the object 
to label or determine whether the pothole size is insufficient to 
match. 

Further analysis from the information about the size of the 
bounding box, the authors easily calculate the average diameter 
of the pothole and then show them in a table as Figure 7. After 
comparing it with the remeasured size after normalizing it with 
AutoCAD, the results show that the error is in the range of less 
than 30%. 

 

 
Figure 7 Average diameter results 

 
 
Thanks to the GPS information of the drone, we can determine 
the area having the potholes. The accuracy of this information is 
from 0.5 meters to 1.5 meters. In Figure 8, we present this 
information on a map with an image of the pothole at each 
location that contains it for easier tracking.  

 

 
 

Figure 8 Location has detected potholes 
 
 
 
 
 
 

4.0 CONCLUSION 
 
In summary, the project has built a model to identify potholes 
from images taken by drones. With the assistance of drones, 
road surface inspection can be more effectively conducted. The 
results of size and position help the inspector to detect damage 
and danger early to make a proper repair schedule. 
Furthermore, these acquired datasets and results can be 
extended to identify additional road surface defects. The process 
is easy to perform, fast and convenient so it can be widely 
applied by anyone, especially authority figures. The authors 
believe that with this outcome, if the government apply this 
method to detect road potholes, the road maintenance process 
will be shortened, and potholes will also be repaired as soon as 
possible to give the passer-by the best road. To assess the risk of 
potholes more accurately, depth determination is essential. 
However, the current method cannot perform depth 
measurement, so additional research is needed. In future work, 
other types of defects will be also taken into account. 
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