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ABSTRACT
Vietnam is a country where motorbikes are the primary mode of transportation, with millions of
people commuting daily on two wheels. However, the safety of these road users is significantly
threatened by damaged or missing drain covers. During rainy seasons, wet and slippery road con-
ditions combined with height differences between the drain cover and the road surface often lead
to serious accidents. Pedestrians, cyclists, and motorcyclists near the roadside are especially vul-
nerable to such hazards. In recent years, Ho Chi Minh City and many other regions in Vietnam
have recorded numerous injuries and fatalities resulting from these damaged infrastructures. Con-
ventional inspection methods for detecting drain cover failures are mainly manual, requiring con-
siderable time, manpower, and cost. These methods are not efficient enough to ensure timely
detection and repair. Therefore, developing an automated and intelligent system for early identi-
fication of damaged drain covers is essential to improving urban road safety. This study proposes
an enhanced detection approach based on computer vision and unmanned aerial vehicle technol-
ogy. Specifically, the YOLOv8 deep learning model is employed to identify and classify damaged
drain covers from aerial images. A new dataset is constructed and annotated to train and evaluate
the model under various real-world conditions. The proposed system enables efficient large-scale
monitoring, minimizes human effort, and supports authorities in taking prompt maintenance ac-
tions. The results of this research are expected to contribute to safer transportation environments,
reduce accident risks, and demonstrate the potential of integrating artificial intelligence and un-
manned aerial vehicles in urban infrastructure management. In the future, this project will be fur-
ther developed by expanding the dataset, improving detection accuracy in diverse lighting and
weather conditions, and integrating real-time processing to support continuous monitoring and
smart city applications.
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INTRODUCTION
Adamaged drain cover (DDC) is often a drain cover
with a cracked cover caused by traffic conditions or
weather. This type of damage can pose risks to road
users (especially cyclists and motorcyclists), even re-
sulting in death, so it needs to be detected and rectified
promptly. However, the maintenance process typi-
cally begins with inspecting and receiving reports of
damage from the public or through periodic inspec-
tions, followed by planning for rectification. This pro-
cess is both time-consuming and inefficient. More-
over, inspectors may also risk injury from DDC that
are difficult to detect. Therefore, to shorten the pro-
cess and protect inspectors, the authors propose using
unmanned aerial vehicles (UAV) to automatically de-
tect DDC.
This research is the first step of a project aimed at de-
tecting DDC, one of the most dangerous defects from
aerial imagery. The authors propose using UAVs to
collect high-resolution images of roads with DDCs of
different shapes, in addition to creating hypothetical

scenes of common cases of DDCs that are up to 90%
similar in reality. Then create a customdataset to train
the YOLOv8 model to detect DDC or use image pro-
cessing methods in Matlab to quickly identify drain
cover cracks. The images obtained and the trained
model can be used in future studies. Additionally,
we also developed a simple tool in which informa-
tion about DDCs detected from images such as 2D
size and location are extracted, summarized on a ta-
ble, and presented on a map.
This study proposes a method for detecting damaged
drain covers on roadways using the YOLOv8 model
combined with image processing in Matlab. The nov-
elty of the research includes:
-Application of YOLOv8 in Damaged Drain Cover De-
tection: YOLOv8 is one of the most advanced object
detection models, but there has been limited research
on its application to detecting and assessing the condi-
tion of drain covers on roadways. This study leverages
YOLOv8 to automatically detect damages of drain
covers in real-world images, facilitating faster and
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more accurate infrastructure inspection and mainte-
nance.
-Optimization of Image Processing inMatlab: In addi-
tion to using YOLOv8, the study incorporates various
image processing techniques inMatlab to enhance in-
put data quality, reduce noise, and improve the accu-
racy of detecting drain cover conditions. The com-
bination of deep learning-based object detection and
traditional image processing enhances the system’s ef-
fectiveness.
- High Performance and Practical Applicability: The
proposed method is evaluated in terms of accuracy
and processing speed, demonstrating its potential for
real-world applications, especially in automating in-
frastructure inspection and maintenance. Compared
to traditional methods, this approach reduces time,
labor, and improves the efficiency of fault detection.
- Look up faster on map: Users can look up the sur-
veyed drain covers quickly and accurately on map to
facilitate searching and repairing.
Although data is collected using UAV, the primary
contribution of this research lies in the development
and optimization of the data analysis process. There-
fore, the study focuses on applying YOLOv8 and im-
age processing in Matlab to accurately and efficiently
detect damaged drain covers, also showing all the sur-
veyed drain covers on map.

METHODOLOGY
Workflow overview
There are 3 main steps in this process. It includes
training to identify and analyze the results – which
is based on the dataset we have collected by drone.
There is also an additional step to perform Image Pro-
cessing in Matlab to identify cracks more quickly and
accurately. The last step is to locate all the surveyed
drain covers on both created map and satellite map.
This workflow is straightforward, and the people can
widely implement it with the necessary tools.

Analyze camera angle and altitude to obtain
clear images
Currently on the internet there is no dataset taken by
drone about damaged drain cover. So, we have to
make our own dataset. We selected the DJI Mini 2
drone (Figure 1) for this task due to its compact size
and high flexibility. And dataset is an extremely im-
portant part of deep learning, so we follow these re-
quirements:
- Camera angle: 90 degrees, take 4 pictures/drain
cover at 4 positions, which means that the 4 edges of
the drain cover (also gully grating) are parallel to the

4 edges of the image. No vehicles stepping on drain
covers when taking photos.

Table 1: PARAMETERS OF DJI MINI 2

Technical specifications Values

Take-off weight < 249g

Max flight time 31 minutes (measured
while flying at 4.7 m/s in
windless condition)

Camera sensor CMOS: 1/2.3 inch (6.26
x 4.70 mm

Effective pixels 12 MP (4000 x 3000
pixels)

Focal length 4 mm

Max flight distance 15.7 km

Operating temperature -10 oC to 40 oC

Figure 1: DJI Mini 2 drone

- Altitude: Altitude calculation relies on camera pa-
rameters, the minimum detectable pixel size, and cri-
teria for evaluating drain cover damage.
The specifications of the DJI Mini 2 drone are pro-
vided in Table 1 by the DJI company1. With flight
altitude H, the focal length f, the sensor width Sw (the
value of it is 6.26 mm in Table 1) and the image width
Imw (the value of it is 4000 pixels in Table 1), we
have the formula used to calculate required altitude
is ground sampling distance GSD:

GSD =
H (cm)

f (mm)
× Sw (mm) (or Sensor height (mm))

IMw ( pixel) (or Image height (pixel)
(1)

Ho Chi Minh City Urban Drainage Company Ltd
(UDC) provided that if the length and width of the
crack on a drain cover are both ≥ 1 cm (or the crack
area ≥ 1 cm2), that drain cover is seriously damaged
and requiring replacement.
Referring to the calculation of the required height
when flying a drone, we referred to the calculation of
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L. N. K. Ngan in the topic of identifying potholes on
the road2. Based on the drain cover damage risk as-
sessment of UDC above and we have the minimum
object size that can be detected is 2 pixels, the required
altitude that 1 cm of crack can be detected is 13 me-
ters. But the general rule for image quality is that at
the same image resolution, the lower the drone hov-
ers, the more detailed the image is. So based on the
maximum height of vehicles running on the road, we
chose altitude capturing images from 5meters - 6 me-
ters.

Dataset and Trainingmodel
Gully-gratings are often next to drain covers (espe-
cially on sidewalks) and are different in shape and
colour from drain covers. And their damage (if any)
can be a cause of traffic accidents. However, there are
no reports of gully-grating’s damage from the public.
Therefore, this studywill focus on damaged drain cov-
ers (specifically the cracks), and in the future, we will
develop this dataset to identify missing drain covers
and missing gully-grating cases.

Figure 2: An image of drain cover taken by drone

Figure 3: Another image of drain cover with a gully-
grating next to it

After capturing drain coverswith a drone (such as Fig-
ure 2 and Figure 3 above), we label them like in Fig-
ure 4. This turns the captured images into data stored
in a dataset.

Figure 4: Example of labelling imag

We referred to article3 to apply the latest version of
YOLOv8 at that time to apply object detection, andwe
also referred to the steps to apply it most effectively in
article4.
Total images in the dataset: 516 images, in which con-
taining “drain covers” class, “gully grating” class, and
“cracks” class (all are cracks of drain covers).
Of those 516 images, the number of images for train-
ing is 78%, the number of images for validation is
19% and number of images for testing is 3%. We
also used the augmentation (FlipHorizontal) to create
new data, so that the model can learn more, thereby
increasing the model’s performance.
We chose the strongest model of YOLO, YOLOv8.
YOLOv8 has five types of models in total, including:
nano (n), small (s), medium (m), large (l), and extra-
large (x). The small version YOLOv8s takes less time
while the biggest version YOLOv8x takes the longest
time but is the most accurate. We decided to use the
strongest model YOLOv8x with epoch = 100, batch
size = 16, image size = 640.

RESULTS ANDDISCUSSION
After 1.613 hours, the training reached the optimal
value as shown below:

Table 2: PARAMETERS AFTER
TRAINING

Parameters Values

Box – precision 0.97

Box – recall 0.975

Box – mAP@50 0.986

Box – mAP@50-95 0.914
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Figure 5: Confusion matrix

Figure 6: The meanings in confusion matrix

Figure 6 shows all the meanings in the confusion ma-
trix. As shown in Figure 5, themodel can detect 100%
of real drain covers, 100% real gully-gratings and 95%
of real crack, which means that the model almost ac-
curately recognizes drain covers, gully-gratings and
cracks. Since YOLOv8 is a one-stage object detection
model, it identifies drain covers, gully-gratings, and
cracks simultaneously in a single inference pass. The
model processes the entire image at once and detects
multiple objects at the same time, rather than han-
dling each task separately. The model primarily iden-
tifies drain covers and gully-gratings based on their
distinctive shape and color, while cracks are detected
based on their shape, colour and contrast with the
drain cover’s surface. However, due to the lack of
diversity in the training data, the background (such
as pavement stone) may sometimes be mistaken for
a drain cover, gully- grating; the image noise due to
tree shadows is the main cause of being mistaken for
cracks. In Table 2, the training results indicated that
the model achieved precision, recall, and F1 scores of
0.97, 0.975, and 0.97, respectively. These metrics are
satisfactory, demonstrating that the model is reason-
ably effective at detecting drain covers, their cracks
and gully-gratings. Additionally, the mAP@50 and
mAP@50-95 scores are 0.986 and 0.914, respectively,
which are both high and acceptable. Therefore, users
can rely on this model with confidence.

TESTING THEMODEL

Testing dataset

After training, the purpose of this part is to check if
themodel correctly predicts drain covers, their cracks
and gully-grating. Test data must be unseen data.
There was a problem here: we could not know where
there was a damaged drain cover so we could collect
data for testing the model. And if we went to places
having damaged drain covers that people reported to
the authorities on the internet, it was extremely im-
possible because we did not knowwhether these drain
covers had been fixed or not.
Therefore, the most optimal way is that we chose any
drain cover and made hypothetical cases of serious
cracks 90% similar to real life using a black marker
(or black cloth). Andwemanaged all the sizes of these
cracks to compare with the results processed from the
model in the following section.
After consulting on the internet about damaged drain
covers that people reported to the authorities and in
the data I had collected, I saw that there were 3 com-
mon cases of crack of drain covers in real life:

Figure 7: A drain cover is cracked at the corner in
real life

Figure 8: A drain cover has a crack in the middle of
it in real life

Figure 9: A drain cover has a line crack in our cam-
pus in Thu Duc city, Vietnam
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From there, we created the corresponding hypothet-
ical cases based on Figure 7, Figure 8 and Figure 9
above:

Figure 10: An example of hypothetical case of a
drain cover being cracked at the corner

Figure 11: An example of hypothetical case of a
drain cover being cracked in the middle of it

Figure 12: An example of hypothetical case of drain
cover having a line crack

Detection result images
We used the hypothetical cases Figure 10, Figure 11
and Figure 12 above to test the model. Then we have
the results as shown below:

Figure 13: Detection result 1

Figure 14: Detection result 2

Figure 15: Detection result 3

Figure 16: Detection result 4
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From Figure 13, Figure 14, Figure 15 and Figure16,
we see that the model detects drain covers, their
cracks and gully-gratings accurately with high con-
fident score (more than 70%). The 4 edges of the
bounding box almost coincide with the 4 edges of the
drain covers and the gully- grating.

Detection result analysis
We have referred to the paper5 on how to evaluate
the accuracy between the calculated size and their
actual size. However, the error is quite high be-
cause the shooting angles of smartphones are not di-
rect (means not 90 degrees). Calculating the sizes
based on bounding boxes is the optimal solution be-
cause when recognizing, the 4 edges of the bounding
boxes almost cover the drain covers, gully-gratings
and cracks. From there, the error will be significantly
reduced.
Take the Figure 14 for example. After detecting it, the
model will export a txt file of it. The file has YOLO
format:

Figure 17: The txt file of Figure 1

On each line, the values are respectively:

Figure 18: The YOLO format in txt file

In which:
- BBmeans Bounding box.
- [Object – class – ID] is the nameof label class, format-
ted as an integer (starting from 0). Each class of the
object corresponds to a unique integer. In this project,
0 for “crack” class; 1 for “drain cover” class and 2 for
“gully – grating” class.
- [X_center] is the center coordinate of the bounding
box on the x axis.
- [Y_center] is the center coordinate of the bounding
box on the y axis.
- [BB_width] is the width of the bounding box.
- [BB_height] is the height of the bounding box.
- [Confidence_score] is the confidence score of the
bounding box.
From the above values in Figure 17 and the meanings
of them in Figure 18, we can calculate the actual sizes
of that drain cover, its crack and evaluate the accuracy

of the calculated area by using the formulas below and
formula (1):

width _ real = width _ image ×width _ BB × GSD (2)

height _ real = height _ image × height _ BB × GSD (3)

area _ real = width _ real × height _ real (4)

We programmed Python to aggregate the txt files as
shown in Figure 19 below. Thenwe have programmed
to apply formula (1), formula (2), formula (3) and
formula (4) to aggregate the results. We get:

Figure 19: Summary table of values in text files
match with detected drain covers

Figure 20: Summary table of area values of drain
covers, their cracks, classification and comment

Following the detection process, YOLOv8 provided
the text files for each detected drain cover. These text
files contained the parameters of the bounding box.
With the bounding box size information, the users
could readily compute the drain covers area, their
crack areas and from there classify the level of dam-
age of drain covers based on UDC criteria.
From area values in Figure 20, upon comparison with
real-life measurements by tape ruler in Table 3.
The findings indicate that the average error for drain
cover area falls within the less than 5% range (the size
in real life of the drain cover that we used to check
this model is 90 cm x 90 cm). Meanwhile, the aver-
age error of crack is less than 30%. These values are
acceptable. In which, most of the after detected areas
have larger values than the real area. Especially the
area of line crack after detection has extremely large
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Table 3: THE REAL - LIFE
MEASUREMENTS OF CRACKS

File Name Area Values (cm2)

DJI_0098.txt 160

DJI_0123.txt 450

DJI_0188.txt 0

DJI_0171.txt 660

DJI_0165.txt 408

DJI_0212.txt 408

DJI_0153.txt 160

error (over 80%). This is because the bounding box
is not close to the crack and has a residual. Except
for DJI_0188.txt which is a case with no cracks in real
life, all the remaining cracks in real life are seriously
damaged (due to criteria of UDC) and the model has
classified them accurately in Figure 20.

Image processing inMatlab

Since the drone data collected in this paper consists of
images, we referred to previous studies to find another
solution for identifying cracks in drain covers, namely
the Image Processing application6,7. We chose to use
Image Processing in Matlab because it provides the
necessary tools to perform.
Another way to identify cracks of each drain cover is
to use Image Processing in Matlab. For example, we
have a drain cover that is in the best condition as Fig-
ure 21 below:

Figure 21: An example of a drain cover in the best
condition

After putting this image into the YOLOv8 detection
model, the model will output a text file including all
parameters of the drain cover’s bounding box (as we
were saying in Section 4.3). We use that file to do the
following steps:

- Step 1: TheMatlab code only reads the drain cover’s
bounding box information from a text file and overlay
the bounding box mask on the image:

Figure 22: The drain cover is overlayed the bound-
ing box mask

- Step 2: From Figure 22 above, the Matlab code cre-
ates a binary mask using the bounding box coordi-
nates:

Figure 23: The binary mask of the drain cover

- Step 3: From Figure 23 above, the Matlab code ap-
plies the mask to the image to keep only the masked
region:

Figure 24: Keep only the drain cover on the image

- Step 4: Then the Matlab code converts the masked
image (Figure 24) to grayscale by using rgb2gray
function:
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Figure 25: The grayscale masked image

- Step 5: Finally, fromFigure 25, theMatlab code com-
putes an automatic threshold value for the grayscale
image by using graythresh function.
We have Figure 10, Figure 11 and Figure 12 above
which are the hypothetical cases of damage to the
drain cover after a period of time. Then we do the
following steps:
Step 1, step 2, step 3, step 4: similar to above.
Step 5: The Matlab code converts the grayscale image
to a binary image using the found threshold value. Fi-
nally, wewill see all the drain cover irregularities, such
as:

Figure 26: The result of the corner crack

Figure 27: The result of the middle crack

Figure 28: The result of the line crack

Cracks are clearly visible in Figure 26, Figure 27, Fig-
ure 28 and there is little noise in the data.
The idea of this method is that workers will collect all
thresold values of each drain cover in the best con-
dition and store them in the computer. And every 6
months, workers will collect data of those drain cov-
ers and use the corresponding thresold values to find
abnormalities in the drain cover.
The strength of this method is that any abnormalities
in the drain cover can be identified. Although there
is a level of noise, the calculated crack area will be
certainly most similar to reality that is, the error is
very small when compared to the Machine Learning
method in Section 4.3.
Theweakness of thismethod up to now is that we have
to manually input each image, not automatically mul-
tiple images at the same time as theMachine Learning
method. We will definitely improve in the future.

LOCATING SURVEYED DRAIN
COVERS ONMAP
Thanks to the drone’s GPS information, each photo
taken from the drone has a specific latitude and lon-
gitude. We will separate the longitude and latitude of
these images and summarize them in a file, then cre-
ate our own map using Python programming like in
Figure 29 or embed it in Google Earth software like
in Figure 30. So, if any drain cover has a problem, we
can find their location easily and accurately.

CONCLUSIONS
In summary, the research has built a model to detect
drain covers, their cracks and gully-gratings from im-
ages taken by drones. This research helps initially sup-
port the process of storing drain cover maintenance
records on a digital platform. With the help of drones,
drain cover inspections can be conducted more effec-
tively and quickly. Bothmethods of detecting damage
to drain covers have advantages and disadvantages,
which users can consider using accordingly. If there
is any damage, users can find their location easily and
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Figure 29: Presenting the drain covers location on
created map

Figure 30: Presenting the drain covers location on
satellite map

accurately. And we will fix the drawbacks in the fu-
ture.
And it should be noted: When manually controlling
the drone to collect drain cover data, humans should
be close to handle it promptly because there will be
drain covers under the shade of trees or electric poles.
In addition, because drain covers are mostly concen-
trated in densely populated areas with many moving
vehicles, human presence is necessary to control and
prevent accidents. To sum up, in routine inspection,
users need to stay close to the drones to control the
drones, to keep the drones from being harmed, and
to keep the drones from causing possible damage to
other people or vehicles.
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TÓM TẮT
Việt Nam là quốc giamà xemáy là phương tiện giao thông chủ yếu, với hàng triệu người di chuyển
hằng ngày bằng hai bánh. Tuy nhiên, sự an toàn của những người tham gia giao thông này đang
bị đe dọa nghiêm trọng bởi tình trạng nắp cống bị hư hỏng hoặc mất. Trong mùa mưa, điều kiện
đường trơn trượt cùng với sự chênh lệch độ cao giữa nắp cống và mặt đường thường dẫn đến
nhiều vụ tai nạn nghiêm trọng. Người đi bộ, người đi xe đạp và người đi xe máy gần lề đường đặc
biệt dễ gặp nguy hiểm trước những rủi ro này. Trong những năm gần đây, Thành phố Hồ Chí Minh
và nhiều khu vực khác tại Việt Nam đã ghi nhận nhiều vụ tai nạn và thương vong xuất phát từ tình
trạng cơ sở hạ tầng nắp cống bị hư hại. Các phương pháp kiểm tra truyền thống hiện nay chủ yếu
dựa vào việc thực hiện thủ công, đòi hỏi nhiều thời gian, nhân lực và chi phí. Những phương pháp
này không đủ hiệu quả để đảm bảo việc phát hiện và sửa chữa kịp thời. Do đó, việc phát triển một
hệ thống tự động và thông minh nhằm nhận diện sớm các nắp cống bị hư hỏng là điều cần thiết
để nâng cao an toàn giao thông đô thị. Nghiên cứu này đề xuất một phương pháp phát hiện cải
tiến dựa trên thị giác máy tính và công nghệ thiết bị bay không người lái (UAV). Cụ thể, mô hình
học sâu YOLOv8 được sử dụng để nhận dạng và phân loại các nắp cống bị hư hỏng từ ảnh chụp
trên không. Một bộ dữ liệu mới được xây dựng và gán nhãn để huấn luyện và đánh giá mô hình
trong nhiều điều kiện thực tế khác nhau. Hệ thống được đề xuất cho phép giám sát diện rộngmột
cách hiệu quả, giảm công sức kiểm tra thủ công và hỗ trợ cơ quan chức năng trong việc thực hiện
các biện pháp bảo trì kịp thời. Kết quả nghiên cứu kỳ vọng sẽ góp phần tạo ra môi trường giao
thông an toàn hơn, giảm thiểu rủi ro tai nạn và minh chứng cho tiềm năng của việc tích hợp trí tuệ
nhân tạo và UAV trong quản lý cơ sở hạ tầng đô thị. Trong tương lai, đề tài sẽ được tiếp tục phát
triển bằng cáchmở rộng bộ dữ liệu, cải thiện độ chính xác nhận dạng trong các điều kiện ánh sáng
và thời tiết khác nhau, cũng như tích hợp xử lý thời gian thực để hỗ trợ giám sát liên tục và hướng
tới các ứng dụng thành phố thông minh.
Từ khoá: nắp cống hư hỏng, máy bay không người lái, YOLOv
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