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Abstract—Road damages have caused numerous fatalities, thus
the study of road damage detection, especially hazardous road
damage detection and warning is critical for traffic safety.
Existing road damage detection systems mainly process data
at Cloud, which suffers from a high latency caused by long-
distance. Meanwhile, supervised machine learning algorithms are
usually used in these systems requiring large precisely labeled
datasets to achieve a good performance. In this paper, we propose
EcRD: an Edge-cloud based Road Damage detection and warning
framework, that leverages the fast-responding advantage of Edge
and the large storage and computation resources advantages of
Cloud. There are three main contributions in this paper: we
first propose a simple yet efficient road segmentation algorithm
to enable fast and accurate road area detection. Then, a light-
weighted road damage detector is developed based on Gray
Level Co-occurrence Matrix features at Edge for rapid hazardous
road damage detection and warning. Further, a multi-types road
damage detection model is introduced for long-term road man-
agement at Cloud, embedded with a novel image generator based
on Cycle-Consistent Adversarial Networks which automatically
generates images with labels to further improve road damage
detection accuracy. By comparing with the state-of-the-art, we
demonstrate that the proposed EcRD can accurately detect both
hazardous road damages at Edge and multi-types road damages
at Cloud. Besides, it is around 579 times faster than Cloud-based
approaches without affecting users’ experience and requiring
very low storage and labeling cost.

Index Terms—Edge-cloud computing, road damage detection
and warning, traffic safety, latency, labeling cost.

I. INTRODUCTION

ROAD transportation networks are an essential social and
economic component for all nations [1]. However, they

are crumbling and sometimes even to a dangerous level all
over the world due to aging, lacking periodic maintenance,
or natural disasters [2]. Consequentially, poor road conditions
have caused significant economic losses and safety problems.
As reported in [3], millions of injuries caused by road ac-
cidents every year, around 300,000 of which are seriously
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injured and lead to around 1.5% to 3% of economic losses
all over the world. Poor road condition is one critical cause
of road accidents [4]. Therefore, detecting road damages and
timely warning drivers about hazardous road damages can
significantly decrease road accidents and ensure road traffic
safety.

Nevertheless, it is still challenging to monitor road con-
ditions due to the huge road network volume and cluttered
real-world environments. The current routine of road damage
monitoring is mostly performed by certified inspectors, which
is subjective, labor-intensive, costly, and time-consuming.
Moreover, most of previous works such as [5] only focus
on road damage (e.g., cracking) detection, while very few
researchers [6] address the problem of warning drivers about
serious damages like big holes in real-time. However, they
process data at Cloud and send alerts to drivers from Cloud
thus suffer from high-latency.

Therefore, in this paper, we propose EcRD: an Edge-
cloud computing based Road Damage detection framework,
an efficient system for detecting road damages and warning
dangers. Unlike previous works, e.g., [5] and [6], we leverage
the recent advances in Edge computing and further exploit the
benefits of combining both Edge and Cloud computing in road
damage detection and warning applications. More precisely,
by dividing the road damage detection and warning task into
two subtasks, i.e., hazardous damage detection task and multi-
types damage detection task, and distributing them at Edge and
Cloud separately according to their urgency or delay-tolerance
level. In this way, drivers are able to receive critical life-
threatening road damage messages from Edges in real-time
which prevents serious road accidents from happening, while
users of the Cloud (e.g., road administrations, individuals,
etc.) can access more detailed road damage information (e.g.,
damage types, location, etc.) of both current and historical
records for long-term road management or traveling route
plan. Additionally, Edges’ limited resources can be saved for
more critical and delay-sensitive tasks, meanwhile, Clouds
can be utilized for delay-insensitive tasks, data storage, and
information retrieval. Further, we propose three models, Deep
Feature based Road Detection (DFRD) model, Hazardous
Damage Detection (HDD) model, and Multi-types Damage
Detection (MDD) model, to optimize the performance of
EcRD. Specifically, the DFRD model is proposed to filter out
the noisy background for better road inspection, leveraging the
advantages of transfer learning and superpixels. An efficient
unsupervised HDD model is developed for rapid hazardous
damage detection at Edge. Unlike existing works [7], [8], HDD
does not require large datasets for training to achieve good
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performance. Moreover, to detect multi-types road damages at
Cloud with very limited training images, the MDD is intro-
duced. The proposed approaches in combination with the well-
designed and task-oriented Edge-cloud computing structure,
accomplish a fast and efficient road damage detection and
warning system (EcRD).

Overall, EcRD is a general framework for road damage
detection and users can adjust the subtasks based on their
needs. To prove the effectiveness of it, we perform an exten-
sive evaluation using both benchmark and collected datasets.
Experiments show that EcRD can detect hazardous damages
with 92.43% F1-score and 0.0043 s latency on a normal laptop
which satisfies the requirement of real-time response. Besides,
we also obtain 94.31% AP50 for the multi-types damage
detection task at Cloud. We further observe that the frequency
of damaged roads is far less than normal roads, so we propose
storing only damaged road data after detection to optimally use
storage resource and reduce the entire storage cost. To the best
of our knowledge, we are the first to propose an Edge-cloud
computing based smart road damage detection framework
which satisfies both real-time road damage detection and
warning and long-term road management requirements. The
contributions in this paper include:

1) A novel framework, EcRD: Edge-cloud computing
based Road Damage detection framework, is proposed,
which utilizes the recent advances in Edge and Cloud
computing to meet the demands of real-time hazardous
damages warning and long-term multi-types damages
management.

2) A road detection model, DFRD: Deep Feature based
Road Detector, is proposed to denoise the video data
received from Internet of Things (IoT) devices.

3) An unsupervised hazardous road damage detection
method, HDD: Hazardous Damage Detector, is devel-
oped for fast and accurate dangerous road damage
detection at Edges.

4) A semi-supervised multi-types road damage detection
method, MDD: Multi-types Damage Detector, is intro-
duced for efficient multi-types road damage detection at
Cloud including an anchor-free deep learning model and
a novel Cycle-Consistent Adversarial Network-based
image generator.

The remainder of this paper is organized as follows: Sec-
tion II introduces the design of EcRD, including the design
goals, architectural components, and detailed explanation of
the DFRD, HDD, and MDD approaches. Experimental setup,
datasets, baselines, and evaluation metrics are illustrated in
Section III. The performance of each proposed approach and
the overall EcRD framework are evaluated in Section IV.
Section V gives an elaborate summary and comparison of
the related state-of-the-art researches. Finally, Section VI
concludes the paper.

II. SYSTEM DESIGN

In this section, we present the design goals, architectural
components, and sub-modules in EcRD including DFRD,
HDD, and MDD.

A. Design Goals

We list the design goals of EcRD as follows:
1) Safety: It is crucial for a road damage detection and

warning system to provide users road danger information
for accident prevention and ensure road traffic safety.

2) Robustness: A road damage detection and warning
system should be able to handle unpredictable and
unexpected complications arising from the surrounding
environment, e.g., different weather conditions, illumi-
nations, shadows, and obstacles like vehicles and pedes-
trians, etc.

3) Accuracy: A road damage detection and warning system
should correctly detect road damages especially haz-
ardous damages with high accuracy to avoid accidents.

4) Latency: Fast detection and warning of hazardous road
damages is critical to ensure traffic safety, especially
in disaster areas such as earthquakes, floods, etc. If
drivers can not receive dangerous warning information
timely, serious traffic accidents could happen when
drivers hitting or trying to avoid the damages. Therefore,
hazardous road damage detection tasks should have very
low latency. Clouds have rich computation and storage
resources so many road damage inspection systems are
deployed on it, however, they suffer from slow respond-
ing (i.e., high latency) due to long distance. Hence,
a light-weighted approach with low latency should be
developed for hazardous road damage detection.

5) Resources: Since video analysis is a high resource-
demanding task, the amount of data increases quickly
over time. Besides, storage space is expensive for Clouds
and even worse for Edges. Therefore, designing an
efficient storage strategy is critical.

6) Cost: Due to the high-cost of video data collection and
transmission, the data should be well used. Moreover,
the cost of Internet communication and bandwidth is
also unneglectable, thus the newly developed systems
need to consume low communication cost and band-
width in order to apply in the real world.

B. Architectural Components

The proposed EcRD framework, which satisfies the afore-
mentioned design goals is given in Fig. 1. The components of
this framework are described in detail as follows:

– Devices: This component gathers video data by the
pervasively used IoT devices (e.g., surveillance cameras,
car DVRs, smart devices, etc.) mounted on public ser-
vice vehicles (e.g., buses, taxis, garbage trucks, etc.),
and transmits the collected data to the nearest Edge
computers (e.g., Road Side Units (RSUs)).

– Edges: The hazardous road damage detection task is
deployed at Edges for rapid information broadcasting
and receiving which satisfies the requirement of low
latency. Additionally, the developed approaches further
enhance the performance of EcRD which meets the
requirements of high robustness and accuracy. Once a
hazardous damage is detected at an Edge, it broadcasts
a warning message including the damages’ location to
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Fig. 1: Overview of the EcRD framework.

the nearby users and road administrations who can repair
the damage within a short time which improves traffic
safety. Meanwhile, only the resulting segmented road
images (i.e., images with only road part) are uploaded
to the Cloud server which limits the workload of network
communication and reduces the energy consumption of
data transmission.

– Cloud: EcRD only collects video data once and extracts
all the valuable information which reduces data collec-
tion cost for similar tasks. After hazardous road damage
detection and warning at Edges, the data is further
analyzed and more detailed road damage information
is extracted at Clouds. Specifically, the Cloud server
receives road images from Edges and detects multi-
types road damages providing the critical detailed road
damage information for example, damage types, damage
locations, etc., to Cloud users (e.g., road administrators,
individuals, and third parties) for better allocation of
limited road budgets and efficient road maintenance.

– DFRD: This model detects road parts from raw video
frames gathered from IoT devices leveraging the advan-
tages of transfer learning and superpixels and success-
fully filters out noisy background. The segmented road
images are utilized for real-time hazardous road damage
detection and warning at Edges and then transmitted to
Cloud for detailed road damages detection.

– HDD: The developed unsupervised HDD model detects
hazardous road damages accurately and rapidly at Edges
without requiring large precisely labeled datasets for
training. Then, the Edge immediately informs nearby
subscribers once a dangerous damage is detected. De-
ploying HDD model at Edges further reduces latency
thus preventing road accidents and improving road
safety.

– MDD: MDD consists of a state-of-the-art anchor-free
deep learning model (i.e., CenterNet [9]) and a novel

Cycle-Consistent Adversarial Network-based image and
label generator which provides labeled images for the
deep learning model without requiring manual data
collection and annotation. Using MDD at Cloud enables
further mining of useful information from the collected
data. The detected road damages and corresponding GPS
locations are sent to the Cloud users for better road
network maintenance decision-making.

As illustrated in Fig. 1, the general working process of EcRD
consists of four main steps: firstly, devices from users collect
video of road and upload it to the nearby Edge. Secondly, once
the Edge receives video data from users, it processes the videos
by DFRD to segment road areas. The outputted road images
are then forwarded to HDD algorithm to detect hazardous
road damages including big holes, blowups, fractures, etc.
The Edge warns all the subscribers within its communication
range once it detects any hazardous road damages. Afterward,
the Edge sends the segmented road images to the Cloud
for more detailed analysis, i.e., detect and localize all road
damages including both hazardous (e.g., big holes, blowups,
fractures, etc.) and non-hazardous damages (e.g., cracks, pot-
holes, patches, etc.) by MDD for long-term road maintenance
and management. More details about the proposed approaches,
i.e., DFRD, HDD, and MDD, are elaborated in the following
parts. The meaning of the related notations are listed in Table
I.

C. Deep Feature based Road Detection model (DFRD)

To efficiently implement EcRD framework, we proposed
a road detection algorithm named DFRD to remove noisy
background. Instead of directly using image pixels as input,
we choose superpixels as they preserve more compact object
features (e.g., color, texture, etc.) and less sensitive to noises
than pixels [10]. Therefore, we reform our road detection task
to superpixel level image classification problem.
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Fig. 2: Deep feature based road detection model (DFRD).

TABLE I: Summary of Notations.
Notation Description

M = {m1, · · · ,mN} An image with N pixels
Mi ith image in {M1, · · · ,MN}
mi ith pixel of image M
N Number of pixels
K Number of superpixels, i.e., K = 50
spi ith superpixel

φl(x; θ) Feature extractor
Nx Number of rows of image M
Ny Number of columns of image M
Ng Number of gray levels and we set Ng = 16

(Lx, Ly) Location of a pixel in image M
F (i, j) (i, j)-th entry in a normalized GLCM matrix
µi, µj Row and column-wise means of a GLCM matrix
σ2
i , σ

2
j Row and column-wise variances of a GLCM matrix

H Weighted sum of the five features in Eq. (6)
S(H) Sigmoid of H defined in Eq. (8)
y Labels of images. y ∈ {0, 1}
Th Threshold of H and we choose Th = 0.135

w1, w2, w3, w4, w5 Weights of the features in Eq. (6)
At Domain of road damage images
Bt Domain of background images
t Damage types t ∈ {crack, patch, pothole}
C Domain of road scene images without damages
Gt

a Generator A of damage type t
Gt

b Generator B of damage type t
Gt

c Generator C of damage type t
Dt

a Discriminator A of damage type t
Dt

b Discriminator B of damage type t
ati Training samples from Domain At

btj Training samples from Domain Bt

Na Number of training samples from Domain At

Nb Number of training samples from Domain Bt

(x1, y1, x2, y2) Coordinates of a image patch in a full image

The Simple Linear Iterative Clustering (SLIC) [11] is em-
ployed as our superpixel generator since it is simple but can
generate high-quality superpixels. Given an image M with
N pixels M = {m1, · · · ,mN}, the image pixels can be
successfully clustered into K equally sized superpixels M =
{sp1, · · · , spK}. Afterward, features of the superpixels are
extracted and classified to find the superpixels that belong to
road class1. Unlike most of the existing researches (e.g., [12],
[13]), instead of using low-level human designed features such
as Histogram of Oriented Gradients (HoG) [14], or training
an end-to-end Deep Convolutional Neural Network (DCNN)
with a large-scale precisely labeled dataset from a scratch,
we leverage the high feature extraction ability of DCNNs and
the astonishing advantages of the transfer learning technique
for feature extraction. More specifically, a DCNN model pre-

1Please note we define the superpixels that have more than 80% road pixels
as road class.

trained on ImageNet dataset is utilized to extract features of
superpixels. Each hidden layer of the network can be viewed
as a feature extractor φl(x; θ), where x is the input and θ is the
parameters. Lower layers respond to general properties such
as Edge, corner, and color, while higher layers show higher
level properties. Since our task is simple and our dataset is
small, a high-level feature extractor φ8(x; θ) is chosen for
feature extraction. To classify the deep features extracted from
superpixels, a Linear Support Vector Machines (LSVM) [15]
is selected to distinguish road superpixels from non-road
superpixels after testing and comparing eight commonly used
classifiers, i.e., Naive Bayes, Radial Basis Function SVM, K
Nearest Neighbor, Decision Tree, Artificial Neural Network,
Random Forest, AdaBoost, and Quadratic Discriminant Anal-
ysis (QDA). After getting the superpixels that belong to road
class, the superpixels are then merged for each unique image to
form a complete and recognizable road region. We iteratively
merge the superpixels that belong to road type and obtain the
segmented road. The workflow of DFRD is presented in Fig.
2.

D. Hazardous Damage Detection model (HDD)

Hazardous road damages are detected at Edges and warning
information is distributed to the users within their communica-
tion range. To achieve this goal, approaches that perform well
at Edges needs to be developed. Although DCNNs are very
popular nowadays, for example, [16], large precisely labeled
dataset is required for training which is time-consuming, labor-
intensive, and costly. Besides, it is not easy to collect massive
images with hazardous road damages in the real world. Hence,
we develop an unsupervised HDD for hazardous damage
detection with low latency, low cost, and high F1-score.

We define an image with Nx rows and Ny columns pixels
as M . Suppose that the gray level appearing at each pixel is
quantified to Ng levels (we set Ng = 16 in our experiments).
The location of a pixel in image M is defined as (Lx, Ly). An
image M can be reformulated as a function that assigns some
gray level values to each pixel’s location at (Lx, Ly). The
texture information is expressed by a relative gray-level fre-
quency matrix. Each element is the relative frequency of two
neighboring pixels. Such matrices are a function of the angular
relationship and distance between the neighboring pixels. We
use five GLCM [17] based textural feature representations in
our paper. We define F (i, j) as the (i, j)-th entry in a relative
co-occurrence matrix. The features are defined as follows:
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Fig. 3: Hazardous damage detection model (HDD).

1) Energy:
Energy =

∑
i

∑
j

F (i, j)2. (1)

Energy measures the homogeneity of an image. In
homogeneous scenes, only a few gray levels present and
the values of F (i, j) is relatively high thus have higher
energy.

2) Entropy:

Entropy = −
∑
i

∑
j

F (i, j) log(F (i, j)). (2)

Entropy measures the randomness of the amount of
information contained in an image, and shows the com-
plexity of the image. Entropy is high when all values in
the relative frequency matrix are similar or pixel values
show a great randomness.

3) Contrast:

Contrast =
∑
i

∑
j

(i− j)2F (i, j). (3)

Contrast reflects the clarity and regularity of the texture.
The contrast value is high when the texture is clear and
regular. In addition, it measures the difference of color
or hue between images.

4) Inverse Differential Moment (IDM):

IDM =
∑
i

∑
j

F (i, j)

1 + (i− j)2
. (4)

IDM is also known as Local Homogeneity. It is in-
fluenced by the homogeneity of the image. Because
of the weighting factor

(
1 + (i− j)2

)−1
, IDM gets

smaller contributions from inhomogeneous areas (i 6= j).
Therefore, IDM is relatively low for inhomogeneous
images, and relatively high for homogeneous images.

5) Correlation:

Correlation =
∑
i

∑
j

F (i, j)

 (i− µi) (j − µj)√
(σ2

i )(σ
2
j )

 ,
(5)

where (µi, σ
2
i ) and (µj , σ

2
j ) are respectively row and

column-wise mean-variance pairs of the co-occurrence
matrix. Correlation measures the linear dependency of
grey levels of neighbouring pixels. It turns out that
nearby pixels are highly correlated than more distant
pixels.

We define H as the weighted sum of these five features as
shown in Eq. (6). The images are classified as hazardous
(i.e., label y = 1) if S(H) is greater than or equal to the
threshold Th, where sigmoid function S is defined by Eq. (8).
The images are classified as non-hazardous (i.e., label y = 0)
if H is lower than the threshold Th. We find Th = 0.135,
w1 = −3.786, w2 = 1.897, w3 = 3.009, w4 = −0.0316, and
w5 = −1.879 are optimal from our experiments.

H = w1 × Energy + w2 × Entropy+
w3 × Contrast + w4 × IDM+

w5 × Correlation,
(6)

y =

{
1, S(H) ≥ Th,
0, S(H) < Th,

(7)

S(H) =
1

1 + e−H
. (8)

The computational complexity of HDD mainly depends on
GLCM feature calculation which is determined by the num-
ber of rows and columns of an image. The GLCM feature
calculation’s computational complexity in HDD is around
O((Nx ×Ny)

2), where Nx and Ny are number of pixels in
the row and column of an image. Therefore, the computation
complexity of HDD is about O((Nx ×Ny)

2).

E. Multi-types Damage Detection model (MDD)

DCNNs can be used for multi-types road damage detection
task at Cloud server due to its advantages of large storage
and high computational power. An end-to-end DCNN model
(i.e., CenterNet [9]) is employed as an example to show the
potential of DCNNs in combination with our image and label
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Fig. 4: Multi-types damage detection model (MDD).

Algorithm 1: HDD algorithm
Input : Road images {M1, · · · ,MN}
Output: Road images with hazardous damages

{M1, · · · ,MNh
}

for each road image Mi do
calculate relative co-occurrence matrix
calculate five features of the road image
calculate weighted sum of five features by Eq. (6)
if S(Hi) ≥ Th then

yi = 1
else

yi = 0
end

end

generator on multi-types road damage detection at Cloud.
Three types of road damages, i.e., cracks, potholes, and
patches, are selected since they are the most common road
damages thus more important to detect. Although DCNNs
have achieved great success in many applications, e.g., [18],
due to high feature extraction ability and good performance.
However, it can not be directly used for our task since they
inherently require large-scale precisely labeled datasets while
data collection is difficult and data labeling is time-consuming
and costly. To tackle this issue, we propose a novel image
and label generator which incorporates a powerful image
translation technique, i.e., CycleGAN [19], to automatically
generate road scene images (i.e., front view road scene images
shown in Fig. 5) with realistic road damages as well as their
corresponding labels. Since CycleGAN is a state-of-the-art
image generation technique which does not require pairwise
input images while preparing pairwise images takes time.
Additionally, the road damage images generated by CycleGAN
is more clear and more realistic than other GAN-based models,
for example, Pixel2Pixel [20]. Therefore, in our generator,
CycleGAN is utilized to generate road damage images, i.e.,

images only with damages without cluttered backgrounds as
illustrated in Fig. 5. Road scene images without damages are
much easier to collect, therefore, we utilize them and the
generated road damage images to synthesis new road scene
images with damages.

The images and labels generation part (see Algorithm 2) can
be formulated as a domain mapping problem, where domain
At is a set of road damage images and domain Bt is a set of
road background images as shown in Fig. 4, where t represents
damage types t ∈ {crack, patch, pothole}, and domain C
is a set of road scene images without damages. We have
a pair of images from domain At and domain Bt for each
type of damage. We define the mapping functions between
At and Bt as, Gt

b : At → Bt and Gt
a : Bt → At, with

cycle consistency loss and adversarial loss constraints, further
explanations of which can be found in [19]. We define the
mapping function from Bt to Ct as, Gt

c : Bt → Ct. Given
training samples {ati}

Na
i=1 and {btj}

Nb
j=1 from two domains At

and Bt, where ati ∈ At and btj ∈ Bt, Na and Nb are the
number of training samples from domain At and domain Bt

respectively. Each damage type has two generators (Gt
a and

Gt
b) and two adversarial discriminators (Dt

a and Dt
b). Gt

a is
used to generate images that are similar to images from domain
At and Gt

b is utilized to generate images that are similar to
images from domain Bt. Similarly, Dt

a aims to distinguish
between fake images generated by Gt

a and real images from
domain At, while Dt

b aims to differentiate between fake
images generated by Gt

b and real images from domain Bt.
After training, the generators {Gcrack

a , Gpatch
a , Gpothole

a } are
utilized to generate fake images with images from domain Bt.
We then map road background images (as shown in Fig. 5 (d))
cropped from domain C to domain At by the trained generator
Gt

a. Afterward, the translated fake road damage images are
put back to the original scene images c and blend it with
the background by the Opencv seamlessClone() method to
make it more realistic. Meanwhile, the label t and coordinates
(x1, y1, x2, y2) of the generated road damage images are saved
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as their annotations. Multiple fake damages can be applied to
the same road scene image to have multiple damages from
different types. More details are shown in Algorithm 2.

After getting a large road damage dataset with annotations,
a anchor-free DCNN model, CenterNet [9], is utilized for
our multi-types road damage detection. Unlike anchor-based
detectors, CenterNet uses keypoints to detect objects, which
saves a lot of computational resources while acquires competi-
tive performance. The Deep Layer Aggregation (DLA) is used
as our backbone to predict damages from input road images.

In MDD, the image generator’s computational complexity
is O(tNv), where t, N , and v are the number of damage
types, number of images for each damage type, and average
number of desired damages for each image, respectively. In
our setting, t = 3, N = 760, and v = 3. The image generator
is used offline to efficiently produce training images, thus
it does not influence the latency of our real-time damage
detection. The computational complexity for the real-time
detection depends on network architecture and number of
parameters. We employ a light-weight CenterNet model with
34 layers for the multi-types damage detection of EcRD, which
has a low computational cost.

Algorithm 2: MDD algorithm - Image generator
Input : Road damage images {M t

1, · · · ,M t
Na
}, road

background images {M t
1, · · · ,M t

Nb
}, and

road scene images without damages
{M1, · · · ,MNc}.

Output: Generated road scene images with fake
damages and labels {Mi, (x

i
1, y

i
1, x

i
2, y

i
2, t)}.

for number of damage types
t ∈ {crack, patch, pothole} do

for number of images from domain At and Bt do
train CycleGAN with cycle consistency loss

and adversarial loss.
end
for number of images from domain C do

for number of desired damages per image do
Random crop a road part from an image;
Translate to a road damage image by the
trained Gt

a;
Put the fake damage image back to the
image;

Blend the fake damage image with the
background of the image.

Save the coordinates (xi1, y
i
1, x

i
2, y

i
2) and

label t as Ground-Truth bounding box of
the damage in the origin image.

end
end

end

III. EXPERIMENTAL SETUP AND DATASET

In this section, the experimental setup and dataset are
introduced first. Then, we describe the comparison baseline
algorithms. Following this, evaluation metrics and experiment
results are introduced.

A. Experimental setup

A laptop (HP ZBook 15 G5, 64-bit Ubuntu 18.04 Oper-
ating system, 32GB RAM, Intel Core i7-8850H CPU with
2.60GHz×12) is used as our edge computer to simulate a RSU,
and a high performance server (Ubuntu 16.04 LTS system,
125.8GB of RAM, 5.93TB of hard disk, and 8GTX 1080Ti
GPUs) is used as our Cloud server. The client application is
implemented using Python 3.6.

Road scene videos from a driver’s front viewpoint are
recorded by a cheap smartphone camera (VG30+) mounted on
a vehicle with a resolution of 1280×720 pixels as an example
of data acquisition from IoT devices. The recorded videos
are then uploaded to the Edge server. After receiving road
scene images from IoT devices, the edge server first segmented
road part out of the scene images by our proposed DFRD
model and then hazardous road damages are detected by our
developed HDD model. Once a hazardous road damage is
detected, warning information will be sent to Edge subscribers
(e.g., drivers, pedestrians, and road administrations). After
that, the segmented road images are sent to the Cloud server
for further analysis of road conditions for long-term road
network maintenance and rehabilitation. Multiple types of
road damages are detected by the MDD model at Cloud in
this phase. More details about the models can be found in
Section II.

B. Datasets

More than 75 videos are collected covering different scene
types (rural and urban) and various illumination conditions
(dark, bright, shadows, etc.), and the duration of each is more
than 49 minutes which enables us to get a variety of road
images. To build our training sets, the images are automatically
extracted from the videos by every 15 frames (or 0.5 sec)
and the size of the extracted frames/images is 1280×720.
Fig. 5 shows some examples of front-view road scene images,
segmented road images, road damage images, road background
images, and hazardous road damage. To train the classifiers of
DFRD, 615 frames are selected from the extracted frames.
Superpixels from them are automatically labeled according to
the color of roads and checked manually. Further, to train the
generator in MDD, 530 images with damages and 530 images
without damages for each type are cut from the extracted
frames. Then, we randomly crop square pavement areas (a
random number from 1 to 6) from each of 1031 new frames
without damages and translate them into rectangles with fake
damages by the trained generator and then put back to the
original frame and save the coordinates and damage types
as Ground-Truth labels. To test the proposed approaches,
i.e., DFRD, HDD, and MDD, and the EcRD framework, we
build a video including 1031 frames with generated non-
hazardous road damages, 200 frames with hazardous road
damages collected from the Internet, and 500 frames without
damages. All the damages are placed and blended in the video
to make it more realistic. Fig. 5 shows some examples of
front-view road scene images, segmented road images, road
damage images, road background images, and hazardous road
damage images. Except for our collected dataset, we also
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Fig. 5: Data examples, (a) Front-view road scene image
(b) Road image (c) Road damage images

(d) Road background images (e) Hazardous road damage.

use benchmark datasets (KITTI and COCO) to evaluate our
models.

C. Baselines

In this work, the proposed EcRD framework with our
efficient road segmentation model DFRD, hazardous road
damage detection model HDD, and multi-types road damages
detection model MDD unified by a novel Edge-cloud comput-
ing framework for both rapid hazardous road damage detection
and warning and detailed long-term road condition monitoring.

In order to evaluate the performance of EcRD, we compare
the performance of EcRD with the following baselines.

1) EcRD-only-Edge and EcRD-only-Cloud: They are two
variants of EcRD, EcRD-only-Edge deploys both haz-
ardous road damage detection and multi-types road
damage detection tasks at Edge while EcRD-only-Cloud
deploys both of them at Cloud. The performances of
both EcRD-only-Edge and EcRD-only-Cloud are com-
pared to EcRD to evaluate the effectiveness of our Edge-
cloud computing framework.

2) EcRD-no-DFRD: The EcRD-no-DFRD system is also
a variant of EcRD framework with hazardous road
damage detection and multi-types road damage detection
subtasks, however, without image pre-processing by our
road segmentation algorithm. The performance of this
baseline can prove the necessity of DFRD module in
EcRD.

3) EcRD-no-aug: The EcRD-no-aug system is a variant
of the EcRD system without our proposed image and
label generator which can automatically generate road
scene images with multiple damages and corresponding
labels. By comparing EcRD-no-aug with our EcRD,
the effectiveness of our developed generator can be
evaluated.

State-of-the-art road segmentation approaches for DFRD eval-
uation:

1) HIM [21]: It is a graphical method that uses image
decomposition to encode relational and spatial infor-

mation instead of using structured predictions for road
segmentation.

2) ProbBoost [22]: It is a probabilistic distribution approach
for urban road detection. This method uses a Joint
Boosting algorithm to detect semantic information of
the road.

3) CB [23]: It is a road detector based on color, texture,
and structure features, and a Multiple Layer Perception
(MLP) classifier. Additionally, contextual blocks are
used to provide contextual information for better road
detection.

4) CN24 [12]: The CN24 is a DCNN learned to distinguish
different image patches. Spatial information of image
patches is incorporated into the network to enhance the
road detection model.

5) StixelNet II [24]: It is a DCNN model with vertical pool
layers to improve the performance of road segmentation.

6) RBNet [25]: It is a DCNN modeled by a Bayesian
framework that can jointly estimate the road surface and
its boundaries.

Baselines for the evaluation of the proposed HDD:

1) SMT [26]: It is a method utilizing saliency maps ob-
tained by DRFI [26] as input instead of original images,
then the saliency rate (i.e., the percentage of salient
pixels) is measured to detect abnormal images.

2) GLCM-C [27]: It is a texture content based method
using GLCM and k-Means Clustering algorithms for
image differentiation.

D. Evaluation Metrics

The following metrics are employed to estimate the perfor-
mance of EcRD and the baseline approaches.

1) Precision: It represents how correct a road damage
detection model is, by measuring the proportion of the
true positive predictions out of the total number of the
model’s positive output.

Precision =
TP

TP + FP
,

where TP is True Positives (TP) and FP is False
Positives (FP).

2) Recall: It is a measure of how many instances are
identified correctly and is given as follows:

Recall =
TP

TP + FN
,

where FN is False Negatives (FN).
3) Accuracy: It measures how correct a road damage de-

tection system operates by the percentage of TP and
TN along with the number of false alarms and true
predictions in terms of FP, FN, TP, and TN that the
system produces [28] and is given as follows:

Accuracy =
TP + TN

TP + FN + FP + TN
,

where TN is True Negatives (TN).
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4) F1-score: It is the harmonic mean of precision and recall
and is given as follows:

F1-score =
2

1
Precision + 1

Recall

.

5) FNR: It is the False Negative Rate measuring the pro-
portion of FN with respect to the sum of TP and FN as
shown in the following equation:

FNR =
FN

TP + FN
. (9)

6) FPR: It is short for False Positive Rate that represents
the percentage of FP along with the number of TN and
TP which is given as follows:

FPR =
FP

TN + FP
. (10)

7) AP, AP40, AP50, AP75: According to COCO evaluation
matrix [29], the AP40 is the average precision at IoU
= 0.40, where TP is considered if IoU ≥ 0.4 else FP.
Similarly, AP50 is the average precision at IoU = 0.50.
and AP75 is the average precision at IoU = 0.75. The
AP refers to the average precision at IoU=.50:.05:.95.

8) Runtime: It is defined by per image/frame processing
time taken for road damage detection algorithms.

9) Training-time: It measures the amount of time taken by
a model to train parameters. Training-time for a DCNN
ranges from several days to several weeks depending
on the size of the model, the resolution of the training
images, and the servers it runs on. In order to compare
it to our model, we assume the training-time of all
DCNN related models is approximately three weeks,
i.e., 21 days, on a single NVIDIA GTX Titan GPU
following [30].

10) Latency: It is measured by the waiting time of users
to receive the emergency response from servers (Edge
or Cloud). More precisely, latency is the total of data
processing time (i.e., runtime) and data transmission
time per frame/image. Moreover, we assume the data
transmission time from Devices to Edge is 0 because
Edge is close to Devices, and the transmission time from
Devices to Cloud is set to 2.452 seconds per 100KB file
(per frame/image is around 100KB) following [31].

IV. EXPERIMENTS AND EVALUATION

In this section, we first evaluate the performance of our
developed models for EcRD. The performance comparison
of the proposed models with the state-of-the-art methods
is incorporated. Following that, EcRD evaluation results are
introduced by comparing it with the baselines.

A. DFRD Evaluation

DFRD consists of three main parts, superpixel generator,
feature extractor, and linear SVM classifier as shown in Fig. 2.
For the superpixel generator in EcRD, the desired number of
superpixels K significantly affects the performance of DFRD.
From our experiments, we find that the quality of superpixels
is low when K < 50, consequently, the road segmentation

result is bad. While when K is very high, e.g., K > 100, the
quality of superpixels is good, however, the computation time
and storage requirement are very high. As shown in Fig. 6,
the quality of superpixels is not sufficient when K = 10
and K = 30 since some of them contain both road and
non-road, while the superpixels are good when K = 100,
but it is resource-inefficient as it needs more processing time
and storage space. In addition, when K > 200, unique
features of road are not preserved well thus resulting in low
road segmentation performance. Therefore, we set the desired
number of superpixels as K = 50.

Fig. 6: The effect of K of the superpixel generator in DFRD.

Furthermore, in order to prove the effectiveness of DFRD,
we compare it with the state-of-the-art road segmentation
models on KITTI benchmark dataset with respect to precision,
recall, F1-score, FPR, FNR, runtime, and training-time defined
in Section III-D. As illustrated in Table II, we summarize five
published monocular vision-based road segmentation algo-
rithms on KITTI um-road dataset. The results show that DFRD
achieves competitive results in most of the evaluation metrics
while with much less runtime and training-time on the CPU
of a normal laptop. Additionally, DFRD also achieves 93.65%
F1-score on our dataset. Therefore, DFRD is a qualified
component of EcRD framework. Examples of DFRD results
are illustrated in Fig. 7.

Fig. 7: Experimental results of road segmentation (DFRD),
(a) Our dataset (b) KITTI (um-road) dataset.
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TABLE II: DFRD Evaluation Results on KITTI (Um-road) Benchmark Dataset.

Model F1-score (%) Precision (%) Recall (%) FPR (%) FNR (%) Runtime (s) Training-time (days)

HIM [21] 90.07 90.79 89.35 4.13 10.65 7 -
ProbBoost [22] 87.48 85.02 90.09 7.23 9.91 150 -

CB [23] 88.89 87.26 90.58 6.03 9.42 30 21
CN24 [12] 86.32 87.80 84.89 5.37 15.11 30 21

StixelNet II [24] 94.88 92.97 96.87 4.04 3.13 1.2 21
RBNet [25] 94.97 94.94 95.01 2.79 4.99 0.18 21

DFRD (Ours) 92.74 95.04 90.55 4.73 9.45 0.00072 16 seconds

B. HDD Evaluation

We compare HDD with two approaches, i.e., SMT [26]
and GLCM-C [27], with regard to F1-score, precision, recall,
and runtime. The results are illustrated in Table III. Some
examples of the detected hazardous images are given in
Fig. 8. The results show that GLCM features are more useful
than saliency maps for hazardous damage detection. Besides,
although GLCM-C is simpler for not requiring manually given
threshold, the F1-score is lower and takes more time than
HDD. More details can be seen in Table III. The results clearly
show that HDD outperforms SMT and GLCM-C regarding F1-
score, precision, recall, and runtime. Specifically, the F1-score
obtained by HDD is about 53.75% higher compared to SMT
and around 6.75% higher compared to GLCM-C, respectively.
With regard to runtime, SMT performs the worst since it needs
12.12 s to process just one image while GLCM-C and HDD
only need around 0.003 s. Therefore, HDD satisfies the need
for real-time accurate hazardous road damage detection and
warning in EcRD. Examples of HDD results are presented in
Fig. 8.

TABLE III: HDD Evaluation Results.
Model F1-score (%) Precision (%) Recall (%) Runtime (s)

SMT [26] 44.95 45.61 45.92 12.12
GLCM-C [27] 91.95 93.10 92.00 0.033

HDD (ours) 98.70 98.65 98.78 0.0036

Fig. 8: Experimental results of hazardous damage detection,
(a) Correctly detected samples (b) Wrongly detected samples.

C. MDD Evaluation

We improve MDD based on a state-of-the-art deep learning
model named CenterNet [9]. This is because CenterNet has
competitive results and the lowest runtime (0.035 seconds)
compared to other models, which is shown in Table IV.

The detection result of CenterNet from Table V proves the
high road damage generation ability of our image and label
generator. It can be seen that compared to CenterNet, the
proposed MDD model achieved about 139% improvement
with regard to AP50. Further, Fig. 9 also clearly shows that
MDD generates clear and realistic road damages on real-world
scene images. Besides, good images are selected and each
image has one or more fake damages which are marked with
green rectangles. To measure the correctness of the labels, we
asked three experts to check the labels of generated images
and correct them if mislabeled (less than 5%). Examples of
MDD results are shown in Fig. 10.

TABLE IV: Evaluation Results for MDD Basic Model
Selection on COCO test-dev Dataset.

Model Backbone AP(%) AP50 (%) AP75 (%) Runtime(s)

MaskRCNN [32] ResNeXt-101 39.8 62.3 43.4 0.09
YOLOv3 [33] DarkNet-53 33 57.9 34.4 0.05
CenterNet [9] DLA-34 41.6 60.3 45.1 0.035

TABLE V: MDD Evaluation Results.
Model Backbone AP(%) AP50 (%) AP75 (%) Runtime(s)

CenterNet [9] DLA-34 21.6 41.2 16.5 0.035
MDD (Ours) DLA-34 79.2 98.6 91.1 0.035

D. EcRD Evaluation

To our best knowledge, it is the first research on Edge-cloud
computing for smart road damage detection and warning,
therefore, we show the performance of EcRD by comparing
with the baselines (see Section III-C). Since EcRD is com-
posed of two tasks: hazardous road damage detection task at
Edge for the emergency response and multi-types road damage
detection task at Cloud for long-term road maintenance and
management, we evaluate EcRD in terms of these two tasks.

The comparison results are illustrated in Table VI, where
ERU is short for Edge Resource Utilization. Overall, the
results show that EcRD outperforms its variants. Specifically,
the F1-score of EcRD is about 169% times higher than EcRD-
no-DFRD for the hazardous road damage detection task, while
EcRD’s AP50 is around 14% times higher than EcRD-no-
DFRD with regard to the multi-types road damage detection
task, which proves the importance of DFRD on both tasks.
In addition, the F1-score achieved by EcRD is about 131%
times higher than EcRD-no-aug for multi-types road damage
detection task which shows that our image generator can pro-
vide large-scale high-quality images with labels for multi-types
road damage detection. With regard to latency, EcRD-only-
Cloud has around 579 times higher latency than EcRD and
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Fig. 9: Samples of generated images with fake damages.

Fig. 10: Experimental results of Multi-types damage detection (MDD), (a) Good samples (b) Bad samples.

EcRD-only-Edge for hazardous road damage detection task.
With this high latency, the users may be unable to receive life-
threatening warning information in time. Therefore, mission-
critical and delay-sensitive tasks like hazardous road damage
detection task should be deployed at Edges to ensure high
quality of service (QoS) for the emergency response. However,
although Edge computing can significantly reduce the latency,
deploying both HDD and MDD at Edges (i.e., EcRD-only-
Edge) can not achieve satisfactory performance. Multi-types
road damage detection results are not very urgent for road
users, therefore, the low latency gained by deploying MDD
at Edges would not improve the QoS. However, it requires
massive storage space and very high computational power
which may negatively affect the performance of Edge servers.
Therefore, the latency of MDD is not listed in Table VI.
Furthermore, by only uploading segmented road images to the
server and only save images that are detected with damages
can significantly reduce the storage cost for both Edge and

Cloud servers. Therefore, we conclude that with EcRD, we
can not only efficiently use the available resources and produce
highly accurate and fast hazardous road damage detection and
warning for road users, but also can effectively detect multi-
types road damage for long-term road management with very
limited human-labor, time, and cost.

TABLE VI: EcRD Framework Evaluation Results.

Model HDD F1-score(%) HDD Latency(s) MDD AP50(%) ERU

EcRD-only-Cloud 92.43 2.4952 94.31 Small
EcRD-only-Edge 92.43 0.0043 94.31 Large
EcRD-no-DFRD 34.34 0.0036 82.97 Small

EcRD-no-aug 92.43 0.0043 40.84 Small

EcRD 92.43 0.0043 94.31 Small

V. RELATED WORK

In this section, we review the related literature includ-
ing road segmentation techniques, road damage detection
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TABLE VII: Representative Works in Road Damage Detection.

Category Main Techniques Advantages Disadvantages

Road segmentation techniques

Hand-craft feature based meth-
ods [34], [35], [36]

Low computation cost Rely on specific information like
location, structure or visual charac-
ters

DCNN-based methods [25], [16],
[37]

High accuracy Large labeled training set, high
computational cost

Road damage detection techniques

low-level feature based
method [38], [39]

More fast and accurate Not robust with significant changes

Pattern based method [7] More robust More complex, requiring extra
training process

Cloud/Edge computing systems

Cloud-based [40] High storage and compu-
tational resources

High response delay

Edge-based [41] Low latency Low accuracy

Edge-Cloud-based [42], [43], [44] High performance High computational cost, no emer-
gency consideration

techniques, and Cloud/Edge computing systems. The overall
summery is given in Table VII.

Road Segmentation Techniques: Traditional road segmen-
tation methods rely on the specific information such as location
priors, structured information (e.g., lane markings, vanishing
point, and road boundary), or visual characters (e.g., texture,
edge, and color) to detect road region. Chacra et al. [34] utilize
location priors to detect road parts but with the assumption that
roads present at the lower part of images, which is not practical
in the real world. In [35], many low-level cues such as color
intensity, entropy, and local binary pattern histograms are used
for road segmentation. The work of [36] estimates vanishing
points for road direction estimation to detect drivable roads.
However, low-level hand-crafted features may not be suitable
for complex images with cluttered backgrounds. Additionally,
location priors and structured information can not hold when
the specified situation does not appear in images, for example,
occlusion on road or no lane-markings. With the recent devel-
opment of DCNNs, many DCNN-based methods, for exam-
ple [25], [16], and [37], have been successfully applied in road
segmentation. In [16] and [25], authors present a DCNN-based
network which simultaneously performs the road boundary
detection and road segmentation utilizing the predicted results
of both tasks to improve each other’s performance. It improves
the segmentation accuracy, however, extra information such as
road contour maps and location priors are required. Despite
the great success of DCNNs in road segmentation, it may not
be the best solution for the task due to the fact that DCNNs
inherently require large precisely labeled datasets to learn
parameters while data labeling is time-consuming and costly.
Therefore, we develop a simple but efficient road segmentation
method called DFRD for our EcRD framework.

Road Damage Detection Techniques: Most recent state-of-
the-art road damage detection methods can be summarized into
two groups, low-level feature based methods and pattern-based
methods, depending on the noise level of the background. Most
of the low-level feature based method is relatively simple and
requires less processing time (e.g., [38]), while many pattern-

based methods are relatively complex and usually need large
datasets (e.g., [7]). Hence, for images with simple and clean
backgrounds like road damage images, low-level feature based
methods combining low-level features like intensity [38] or
structure information [39] provide relatively fast and accurate
results; while pattern-based methods like DCNNs [7] require
large training time and much slower on normal computers, but
they are more robust in detecting damages from images with
cluttered backgrounds. Therefore, combining the advantages
of both methods, low-level feature based methods along with
noise reduction (e.g., road segmentation) pre-processing is
used at Edges for hazardous road damage detection and a state-
of-the-art DCNN model is employed at Cloud for multi-types
road damages detection.

Cloud/Edge Computing Systems: Since real-time video
analysis is a high resource-demanding application [45], com-
putation offloading from IoT devices to servers is very im-
portant to ensure high QoS. Many researchers have inves-
tigated the strategies of better resource allocation for real-
time video-related services. Hossain et al. [40] study the
resource allocation for video analysis services hosted in a
Virtual Machine in the Cloud which significantly reduced cost
and response time. Due to the shortcomings of Cloud such as
high response delay, a light-weight Edge computing platform
is proposed to integrate more computing and networking capa-
bilities in [41]. More specifically, the combination with Edge,
Cloud, and private hardware for computation offloading has
been widely investigated [42]. To maximize communication
and computation efficiency, Shojafar et al. [43] propose an
adaptive resource scheduler at Edge/Fog Centers for real-time
vehicular Cloud services. The work of [46] employs the deep
reinforcement learning technique to improve the performance
of online resource scheduling in mobile edge computing
networks with a large number of nodes. Kawano et al. [44]
leverage the advantages of Edge computing and propose a
damaged road lane markings detection system named Deep on
Edge (DoE). Edge computers are attached to garbage trucks
to constantly collect road images of a city. Besides, a deep
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learning model is utilized to detect damaged lane markings
from images at Edge computers. The detection results are
sent to Cloud servers via cellar network for city analysis and
the notification information is sent to citizens from Cloud.
However, damaged lane markings information may not very
urgent for drivers. Moreover, [46] and [44] require a large
number of precisely labeled samples and has a long training
time.

In summary, so far, most of the existing works propose
Cloud-based solutions. Only a limited number of researches
exploited Edge-based solutions [44] and there is no research
work that leverages the advantages of both Edge and Cloud to
improve the detection of both hazardous and detailed road
damages. In addition, vision-based road damage detection
challenges and service requirements in computational offload-
ing schemes have not been studied. Therefore, in this paper,
we study the limitation and advantages of both Edge and
Cloud, and exploit the benefits of the Edge-cloud framework
in providing high QoS road damage detection and warning
services with minimum cost and resources.

VI. CONCLUSION

In this work, we studied the importance of road damage de-
tection and warning and the limitations of existing approaches,
for example, high latency, high computational cost, and high
data labeling cost. To tackle these problems, we proposed
a novel EcRD framework to exploit the benefits of Edge
computing especially the combination of Edge and Cloud for
fast, efficient, and cheap smart road damage detection and
warning applications. The Edge-cloud based structure of EcRD
provides high-quality services with optimum resources con-
sumption. Besides, to timely detect hazardous road damages,
DFRD and HDD are developed. Finally, MDD is developed
to effectively detect multi-types road damages at Cloud with
very limited human effort. Extensive experiments show that
EcRD can accurately detect both hazardous road damages at
Edge and multi-types damages at Cloud. Further, our EcRD
is 579 times faster than cloud-based approaches for hazardous
road damage detection and only needs limited resources and
cost. As part of future work, we will explore and incorporate
new light-weight model or learning techniques (e.g., few-shot-
learning techniques) that can perform better with limited data
for hazardous road damage detection, and check the benefits
compared to the current design. We will also test the proposed
system in the real-world setup to further verify the robustness
and address the challenges.
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