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Abstract— Urban digital twin (UDT) technologies offer new
opportunities for intelligent road inspection (IRI). This paper
first reviews the state-of-the-art algorithms used in the two
key components of UDT-based IRI systems: (1) multi-temporal,
multi-dimension, multi-score, and heterogeneous road data
acquisition, and (2) road distress detection. This paper then
summarizes the UDTIRI competition, organized in conjunction
with IEEE Bigdata 2022. More details on our competition are
available at sites.google.com/view/udtiri-worksho
p/bigdata-2022.

I. INTRODUCTION

The concept and model of digital twin (DT) were first
introduced in 2002 by Grieves at a Society of Manufac-
turing Engineers conference [1]. Grieves’s DT architecture
has three dimensions: physical entity, virtual model, and
their communication connection [2]. A five dimensional
(5D) DT architecture introduced by Tao et al. [3] has been
universally adopted since 2018. As shown in Fig. 1, besides
the aforementioned three dimensions, Tao’s DT architecture
adds services (e.g., detection and prediction) and DT data
(physical entity data, virtual model data, service data, and
domain knowledge) [4].

Urban digital twins (UDTs) — defined as the application
of DT technology to cities, are 3D virtual replicas of the
real-world environment, connected to massive amounts of
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Fig. 1. An illustration of 5D urban digital twin architecture for intelligent
road inspection. “CN_PS”, “CN_SD”, “CN_VS”, “CN_PD”, “CN_PV”, and
“CN_VD” represent communication connections.

data and software tools [5]. UDT technologies are expected
to offer new opportunities for current transportation in-
frastructures and systems in terms of their evaluation and
maintenance and will make such systems intelligent and self-
sustaining in the future [6].

Road inspection is becoming increasingly crucial due to a
drastic increase in the number of vehicles and consequently
road usage [7]. The success of a road transport system is
inherently dependent on the riding quality and comfort level
of the users, for which timely detection of road distresses
and ensuing maintenance are of utmost importance [8].
Traditional manual road inspection is cumbersome, time-
consuming, and expensive [9]. To warrant long-standing
structural integrity and safety levels, intelligent road inspec-
tion (IRI) systems are becoming increasingly demanding
[10]. IRI systems need to integrate innovative technologies
that will employ next-generation distributed sensors as well
as artificial intelligence and big data algorithms to help in the
evaluation, classification, and localization of road distresses
in a timely and cost-effective manner [11].

A UDT-based IRI system should be able to offer two main
functionalities [4], [10]:

1) Multi-temporal, multi-dimension, multi-score, and het-
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erogeneous road data acquisition (3MH-RDA);
2) Road distress detection (RDD).

3MH-RDA is generally achieved using laser scanners [12],
[13], Microsoft Kinect sensors [14], [15], digital cameras [7],
[16], LiDARSs [17], [18], vibration sensors [19], [20]. RDD is
typically realized using neural networks that perform classifi-
cation or regression [21]-[23]. This paper briefly reviews the
state-of-the-art (SoTA) algorithms employed in current UDT-
based IRI systems and introduces our Urban Digital Twins
for Intelligent Road Inspection (UDTIRI) Competition',
organized in conjunction with the 2022 IEEE International
Conference” on Big Data (IEEE BigData 2022).

II. MULTI-TEMPORAL, MULTI-DIMENSION,
MULTI-SCORE, AND HETEROGENEOUS ROAD DATA
ACQUISITION

Over the past two decades, various sensing technologies,
e.g., vibration sensing, active sensing, and passive sensing,
have been prevalently employed for road data acquisition.

[24] presents a crowd-sourcing system for road distress
detection and localization via the analysis of the accelerom-
eter data obtained from multiple vehicles. Vibration sensors
are cost-effective and only require a small storage space
[16]. Nonetheless, the road distress shape and volume cannot
be explicitly inferred from the vibration sensor data [25].
Furthermore, road construction joints are often mistaken
for road distresses. Hence, researchers have focused on
developing IRI systems based on active and passive sensing.
[13] introduces the Georgia Institute of Technology sensing
vehicle equipped with two laser scanners for 3D road data
collection. However, such vehicles are not widely used due
to their hefty price tag and long-term maintenance costs [16].

"https://sites.google.com/view/udtiri-workshop/bi
gdata-2022
2https://bigdataieee.org/Bigbhata2022.
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Fig. 2. Examples of our generated road data using the CARLA simulator. The 3rd, 4th, and last columns show the road data with road distresses.

The most commonly used passive sensors for 3D road
data acquisition include Microsoft Kinect and other types of
digital cameras [7]. In [14], a Kinect sensor was used to
acquire road depth information. However, the Kinect sensor
was not designed for outdoor use and often fails to perform
well when exposed to direct sunlight [26]. Therefore, it is
more effective to acquire road data using digital cameras,
as they are cost-effective and work well in outdoor environ-
ments [16]. To extrapolate the 3D information from a given
driving scene, images from multiple views are required [27].
These images can be captured using either a single moving
camera or a collection of synchronized cameras [25]. The
former is typically known as structure from motion [28] or
optical flow [29], while the latter is generally referred to as
stereo vision (in case two cameras are used) [25].

Acquiring the aforementioned road data is, nevertheless,
challenging, because accurate multi-sensor time synchroniza-
tion has to be conducted [30]. Moreover, the collected road
data must be human-annotated before being used to develop
IRI algorithms. This process is always exhausting and costly.
Therefore, developing IRI algorithms on synthetic datasets
that reflect real-world environments has become popular in
recent years. CARLA? [31] is a commonly used open-source
client-server simulator for synthetic autonomous driving data
generation. Based on Unreal Engine 4*, CARLA can provide
various game services, including dynamic weather, colli-
sions, traffic rules, agent and pedestrian simulations. Fur-
thermore, we can import user-defined high-definition maps
and easily obtain their corresponding semantic information,
as OpenDRIVE? standard is supported.

However, for UDT-based IRI applications, we have to
translate real-world data into models that the simulator can

3’https :
4https:
5https :

//carla.org/
//www.unrealengine.com
//www.opendrive.com/



Fig. 3.

interact with. In our experiments, we first collect 3D road
point clouds from the real world and build their correspond-
ing meshes. The collision models can then be generated using
Blender® and simulated in CARLA. Some examples of our
generated road data (some of which include road distresses)
are shown in Fig. 3.

III. ROAD DISTRESS DETECTION

Road distress detection is generally achieved with deep
learning algorithms. Our recent publication [8] provides a
taxonomy of such algorithms. Deep learning-based algo-
rithms address the road distress detection problem using
image classification, object recognition, or semantic segmen-
tation algorithms, solvable with SoTA convolutional neural
networks (CNNs) [23].

With the advances in computational resources and the
increase in training data sample size, deep CNNs have been
extensively used for road distress detection [8]. Compared to
the traditional approaches based on support vector machine
(SVM) [32], deep CNNs are capable of learning more
abstract representations, which have significantly improved
the road distress detection performance [21]. [21], [33]-
[36] are the most typical image classification-based road
distress detection approaches. [37] compared 30 SoTA image
classification deep CNNs in terms of detecting road cracks.
The authors of [37] conclude from the experimental results
that binary road distress detection is a relatively easy task
compared to the image classification tasks in other appli-
cation domains. Furthermore, we typically require instance-
level or pixel-level road distress detection results. Therefore,
researchers have focused on object detection and semantic
segmentation algorithms in recent years.

Instance-level road distress detection approaches are gen-
erally developed based on three representative object detec-
tion algorithms: (1) single shot multi-box detector (SSD)
[38], (2) region-based CNN (R-CNN) series [39], [40],
and (3) you only look once (YOLO) [41], [42] series.
Amongst them, R-CNN and YOLO series are the most

Shttps://www.blender.org/
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Examples of the UDTIRI dataset: (a) object detection annotations; (b) semantic segmentation annotations; (c) instance segmentation annotations.

widely used ones for road distress detection. However, the
existing instance-level road distress detection approaches
generally re-train the original object detection networks
without additional modifications. They are infeasible when
pixel-level road pothole detection results are desired.

The existing semantic segmentation networks are classi-
fied as: (1) single-modal and (2) data-fusion. Single-modal
networks generally segment RGB images with encoder-
decoder architectures [23], [43]-[45]. On the other hand,
data-fusion networks typically learn deep representations
from two different types of vision sensor data (color images
and depth maps were used in FuseNet [46], color images and
surface normal maps were used in SNE-RoadSeg series [47],
[48], and color images and transformed disparity images
were used in AA-RTFNet [11]) and fuse the learned deep
representations to provide a better semantic understanding of
the environment. Unfortunately, the SoTA semantic segmen-
tation networks are strong data-driven algorithms that require
a considerable amount of data [8]. Therefore, road distress
detection with unsupervised or self-supervised learning is a
popular area of research that requires more attention.

IV. UDTIRI COMPETITION

The 1% UDTIRI workshop aims to bring together industry
professionals and academics to brainstorm and exchange
ideas on the advancement of UDT technologies for IRI. In
this half-day workshop, we organized a UDTIRI competition
in addition to the BigData Cup Challenges. As discussed
in Sec. I, object detection and semantic segmentation net-
works have been widely employed for road distress detection.
However, following a thorough literature review, we have
found that there are currently no prior arts on instance
segmentation-based road distress detection. Therefore, our
competition focuses entirely on instance segmentation.

The images in our UDTIRI dataset are retrieved from
online search engines. We also captured a collection of
real images and included them in the UDTIRI dataset. This
results in a total number of 1,000 images. We split our dataset
into a training set (600 images containing 885 road potholes),
a validation set (100 images containing 151 road potholes),



and a test set (300 images containing 426 road potholes). A
few examples of the images present in our UDTIRI dataset

are

shown in Fig. 3. The dataset is publicly available at

https://www.kaggle.com/datasets/jiahan
gli6l7/udtiri. The competitors’ submitted results are
also published on our workshop webpage. In the future, we
will release more UDTIRI datasets on our online benchmark
https://www.udtiri.com/.

V. CONCLUSION

This paper briefly reviewed the state-of-the-art techniques
leveraged in the two key components of urban digital twin-
based intelligent road inspection systems: (1) multi-temporal,
multi-dimension, multi-score, and heterogeneous road data
acquisition and (2) road distress detection. This paper also
introduced the UDTIRI competition, organized in conjunc-
tion with IEEE Bigdata 2022, and a large-scale instance
segmentation-based road distress dataset.
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