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Abstract Recently, governments have been resorting to cutting-edge artificial intel-
ligence technologies to facilitate the digital transformation of smart cities. Remark-
able progress has been made to strengthen smart city governance and sustainability,
especially in road condition assessment. Road data acquisition and defect detection,
two major processes of intelligent road condition assessment, play an important role
in ensuring road maintainability while providing maximum traffic security and driv-
ing comfort. Traditional manual visual inspection is inefficient and lacks objectivity.
Therefore, intelligent road condition assessment systems developed based on data-
driven techniques have received increasing attention. This chapter presents the state-
of-the-art intelligent road condition assessment systems, the existing challenges, and
future development trends.

1 Introduction

Wehave ushered in the digital age since themid-20th century [1]. In the context of the
digital revolution, society will undergo a comprehensive upgrade and transformation
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through modern digital technologies [2]. The increasing digitalization of various
processes and manufacturing is resulting in increasing sensor data and researchers’
participation [3]. The growth of data networks and the rise of digital processes have
eventually led to the creation and development of a digital environment [4].

1.1 Digital Transformation

Digital transformation (DX) aims to drive faster product innovation and improve
service delivery [5]. The realization of DX requires not only the support of data
science technology [6], but also the unification of city management strategy and
cooperation between departments [7].

DX has permeated many aspects of our daily life, such as medical care, industrial
allocation, traffic control, and urban management. For instance, it has been playing
a significant role in healthcare, providing services such as electronic health records,
digital imaging, and e-prescribing services [9]. This not only improves the efficiency
of healthcare operations but also helps to ensure the high quality of patient care [10].
To improve the technical efficiencyofflowmonitoring,manyairports have introduced
new digital solutions in their operations [11]. In the aspect of urban governance, city
managers collect data from daily activities, such as parking lots, to generate data
networks. After analyzing them in real-time, the generated predictive models will
be used for future planning [12]. Similarly, road data are collected for its condition
assessment, which helps eliminate potential safety hazards and ensure driving safety
[13]. Figure1 shows the basic concept of the future smart road technology, consisting
of a combination of information, electrical, and transportation networks [14].

DX has also transformed the way many industries operate today. It helps ensure
a business’s competitive advantage, productivity, and execution efficiency [15]. The
technologies used inDXcan improve production efficiency, enhance industrial value,
and build innovative models of business operations [16]. Data in agriculture, trans-
portation, and other industries can be obtained more accurately and efficiently, mak-

Fig. 1 An illustration of future smart road technology [8]
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Fig. 2 An example of the DT application in fruits and vegetable transportation [21]

ing the systems automated and more intelligent [17]. Many industries have been
affected by the pandemic of COVID-19 in recent years. Digitalized systems requir-
ing minimal human intervention have, therefore, become more crucial than ever
[18].

Digital twins (DT) technology, which is a crucial component of the digital trans-
formation, uses innovative approximate methods to extract, analyze and upgrade
relevant features [19]. DT technology has been extensively applied in many fields.
It consists of (1) the physical information in real scenarios, (2) virtual replicas of
the real scenarios, and (3) the relationship between these two states [20]. Learning
and predicting the behavior of physical entities is typically implemented by artificial
intelligence and other information technology [18]. Figure2 illustrates an example
of DT technology applied in the agricultural field, where smart electronic devices
are transported alongside the fruits and they constantly monitor the state of the fruits
in real-time through sensors. The collected information is then sent to the cloud
platform for fault detection and defects analysis.

1.2 Smart City

As one of the most important applications of DX, smart city has been a feasible
solution to modern infrastructure maintenance, such as intelligent road condition
assessment. A smart city is typically a city in which information and communication
technologies (ICTs) are combined with traditional infrastructures, allowing intelli-
gent planning and management of its resources [22]. Smart city technology allows
city managers to monitor the city’s development in time, to know what is going on in
the city, and to regulate the infrastructure [23]. The quality of urban services and the
linkage between citizens and government have been enhanced with ICT [24]. At the
same time, as an essential strategy, the smart city will also integrate the Internet of
Things (IoTs) technologies to improve public infrastructure, services, and utilities.
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IoTs can connect numerous aspects of life into an organic entirety. Incorporating
data-driven applications can help provide safe and intelligent services in smart cities
[25]. Smart cities are expected to improve liveability and make production manage-
ment more efficient and accurate [26].

The key success of smart city mainly relies on improving fundamental public
services and utilities, developing an intelligent city network platform and improving
public transportation [27]. Among these, a reliable and high-performing telecommu-
nication infrastructure is an essential component of the smart city that will help in
monitoring resources and providing quality services such as medical treatment. Built
upon fast optical fiber networks, wireless broadband technologies such as WiMAX
provide comprehensive coverage, which will facilitate the management of city’s
resources and allow citizens to access services and information wherever they are
[28]. The construction of smart cities also plays an influential role in the field of inno-
vative medical care [29]. Hospitals can establish digital systems to manage medical
supplies [30]. Regarding themanagement of resources, citymanagers can implement
a green city platform to monitor resources. In conclusion, smart cities have a bright
prospect [31].

Driven by the DX technology, extensive interdisciplinary research on smart cities
using data science techniques is receiving increasing attention, especially in com-
puter vision-based intelligent road condition assessment. Each city establishes an
intelligent traffic management system according to its traffic conditions. In such a
system, the use of sensor networks, IoTs, and other technologies can realize adaptive
traffic signal control as part of urban construction, and ultimately facilitate the life
of citizens [31].

1.3 Intelligent Road Condition Assessment

Road condition assessment is a requisite task to ensure maintainability of road net-
works while providing maximum security for users [32]. Manual visual inspection
by professional inspectors is still the main form of road condition assessment [33].
However, this process is subjective, costly, tedious, and time-consuming [13]. There-
fore, there is an increasing demand for intelligent road condition assessment systems
developed based on digital twin techniques [34].

An intelligent road condition assessment system typically consists of two main
components: (1) road data acquisition, and (2) road defect detection, as illustrated
in Fig. 3. Remote sensing, vibration sensing, and computer vision are commonly
used for intelligent road condition assessment [32]. The remote sensing methods
whichhavebeenutilized in unmanned aerial vehicles, satellites,multi-purpose survey
vehicles, or aeroplanes have indeed reduced the workload of road inspectors. Nev-
ertheless, the traditional geotechnical methods can never be entirely replaced by the
remote sensing approaches [32]. Vibration-based methods generally use accelerom-
eters and GPS for multi-modal road data collection [35, 36]. However, such methods
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Fig. 3 Computer vision techniques for road data acqusition and defect detection [37]

always suffer from defect misdetection in spite of their advantages in terms of cost-
effectiveness, small storage requirements, and real-time performance [32].

Before assessing the condition of the road, it is necessary to acquire road data
using 2D imaging technology through cameras and distance sensors [38]. However,
for 2D road images without overlapping regions, it is not easy to acquire the 3D
geometry of the road surface [39]. Furthermore, these methods are severely affected
by the environment, especially the lighting conditions [40]. In this regard, some
researchers [32, 33] use laser scanners,Microsoft Kinect sensors, and stereo cameras
to collect road data with the help of 3D imaging technology. In addition to the
aforementioned three common types of 3D imaging technologies, photometric stereo
[41, 42], interferometry [43, 44], structured light imaging [45, 46], and time-of-flight
(ToF) [47, 48] are other alternatives for 3D geometry reconstruction. However, they
were not widely used for 3D road data acquisition. The interested reader is referred
to [49] for a detailed description of these technologies (both theoretical and practical
aspects are covered).

Road defect detection is intrinsic to the intelligent road condition evaluation sys-
tem. The road defect detection methods can be divided into: 2D image processing-
based [50], 3Dpoint cloudmodeling and segmentation-based [51], andmachine/deep
learning-based [52]. Algorithms based on 2D image processing process road RGB
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or parallax/depth images through enhancement, compression, transformation, seg-
mentation, etc.. 3D road point cloud modeling and segmentation-based algorithms
build a geometric model from the observed road point cloud which is segmented
by comparing the fitted and observed surfaces [53]. Machine/deep learning-based
algorithms use image classification, object recognition, or semantic segmentation
networks to solve the problem of road pothole detection.

2 Road Data Acquisition

The application of 2D imaging technologies for road data collection started as early
as 1991 [39, 54]. However, the spatial structure cannot be explicitly illustrated in
2D road images [32]. Therefore, many researchers [32–34, 55] have resorted to 3D
imaging technologies, which can better reflect the geometric characteristics of road
defects and improve the robustness of intelligent road condition assessment systems.

With the development of digital transformation, various 3D imaging techniques
have been used to calculate the depth of a road scene and reconstruct its 3D geometry
model. The first reported effort [56] on leveraging 3D imaging technology for road
data collection can be traced back to 1997. This section discusses four prevalent 3D
road imaging technologies: laser scanning, infrared sensing, multi-view geometry,
and shape (depth) from focus. Other 3D road imaging technologies are detailed in
[49].

2.1 Laser Scanning

Laser scanning is a well-established imaging technology for accurate 3D road data
acquisition. This technology is developed based on trigonometric triangulation [49].
As shown in Fig. 4, the laser receiver is located at a known distance from the laser’s
emitter. Accurate point measurements can be made by calculating the reflection
angle of the laser light. Auto-synchronized triangulation [56] is a popular variation
of classic trigonometric triangulation, and it has been widely utilized in laser scan-
ners to capture the 3D geometry information of near-flat road surfaces [49]. However,
laser scanners must be mounted on dedicated intelligent road condition assessment
vehicles, such as a Georgia Institute of Technology Sensing Vehicle [57]. Neverthe-
less, such vehicles are not commonly used for intelligent road condition assessment
because they are costly, and so is their routine maintenance [34].
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Fig. 4 Triangulation in laser scanners [58]

2.2 Infrared Sensing

Microsoft Kinect sensors [40], as illustrated in Fig. 5, are the most frequently used
infrared sensors for road data acquisition. It was initially designed for the Xbox-360
motion-sensing games. The operating range ofMicrosoft Kinect sensors is 800–4000
mm, making it suitable for road imaging when mounted on a vehicle. There are three
reported efforts [40, 59, 60] on 3D road data acquisition and defect detection using
Microsoft Kinect sensors. However, the main downside of Microsoft Kinect sensors
is that they suffer considerably from infrared saturation in direct sunlight [53].

Fig. 5 Microsoft Kinect
sensor RGB Camera 3D Depth Sensor

(IR Camera + IR Emitters)

Multi-array MIC
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Fig. 6 Multi-view geometry [49]

2.3 Multi-view Geometry

The 3D geometry of a road surface can also be reconstructed using multiple images
captured from different views [32]. The theory behind this 3D imaging technique
is typically known as multi-view geometry [61], as shown in Fig. 6. These images
can be captured using a single movable camera [62] or an array of synchronized
cameras [33]. In both cases, dense correspondence matching (DCM) between two
consecutive road video frames or between two synchronized stereo road images is
the main problem to be solved.

Structure from motion (SfM) [63] and optical flow (OF) estimation [64] are the
two most commonly used techniques for monocular correspondence matching, as
illustrated in Fig. 7. SfM method estimates camera pose and 3D points of interest
from a series of images taken from different viewpoints [65]. SfM typically starts
with feature extraction and matching, followed by geometric validation. It then uses
the resulting scene graph as the basis for the 3D reconstruction procedure that trian-
gulates scene points, filters out outliers, and refines the reconstruction using bundle
adjustment (BA) [66]. OF describes themotion of pixels between consecutive frames
of a video sequence. OF method obtains the motion speed (or distance in recent deep
learning-based works) of pixels between images based on the assumption that the
correspondence intensity is constant. OF estimation methods replace the calculation
of keypoints and descriptors in SfM, demonstrating superb (dense) results even in
the case of limited texture information [67].

Stereo vision (also known as binocular vision, stereo matching, or disparity esti-
mation) [32, 34] is typically employed for binocular DCM. Stereo vision acquires
depth information by finding the horizontal positional differences (disparities) of
the visual feature correspondence pairs between two synchronously captured road
images [32]. Stereo vision has high research value and broad application fields
because it can calculate the absolute scale to establish more accurate 3D models,
without having to consider the complex environmental hypotheses [38].

The traditional stereo vision algorithms formulate disparity estimation as either
a local block matching problem [32] or a global/semi-global energy minimization
problem (solvable with variousMarkov randomfield-based optimization techniques)
[68, 69], while data-driven algorithms typically solve stereo matching with convolu-
tional neural networks (CNNs) [70]. Despite the low cost of digital cameras, stereo
vision accuracy is always affected by various factors, most notably by poor illumi-
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Fig. 7 3D road imaging
with camera(s) [37]

nation conditions [53]. Furthermore, self/un-supervised learning [70, 71] that does
not rely on human-labeled training data is the future of deep stereo matching. More-
over, the feasibility of stereo vision algorithms relies on the well-conducted stereo
rig calibration [32]. Therefore, some systems incorporate stereo rig self-calibration
functionalities to ensure their captured stereo road images are always well calibrated.

2.4 Shape (depth) from Focus

As shown in Fig. 8, the position of point O can determine the depth z0 when fully
focused. Point A and point B are located at positions ∆z and −∆z on either side of
the focal plane. There are two situations when the point source is imaged through
the lens: focusing on the image plane or out of focus. When a point light source
cannot be focused, its image on the imaging plane is no longer a point, but a circle
called the circle of confusion. In Fig. 8, points A and B show ‘circle of confusion
circles’ with radii c1 and c2 in the imaging plane respectively. Although the circle of
confusion makes the image appear blurry, the image at point O is obvious. We can
use this feature to identify clear points in the image, called Shape from focus (SFF).
SFF uses many 3D images taken at different focal lengths [72].

Among them, SFF is based on the same scene, and the depth information is
estimated by taking images with different settings of cameras to ensure that the focal
length of each image has a different value. At the same time, local focus changes in
the image are used as depth cues. The focal length measurement (FM) operator is
usually used to measure the focal length level of each image pixel [74]. The length
between any two planes on either side of the focal plane is usually defined as the
depth of field [75]. Any blur smaller than the pixel size will not be detected, and the
confusion circle is within the acceptable range. Therefore, a sufficiently low depth
of field is necessary to make the SFF system more accurate.

The SFF method is widely used in autofocus cameras today. This approach tends
to rely on surface textures to perceive depth information. However, in many practical
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Fig. 8 Depth variation and resulting circles of confusion [73]

applications, there may be cases where the object’s surface is smoothly shaded or
lacks detectable texture. This situation can lead to poor results generated by SFF,
resulting in inaccurate and sparse disparity maps. In this situation, the original SFF
method can be extended to force a firm texture on the imaging surface by using
dynamic lighting, making it suitable for weakly textured or untextured surfaces [76].

3 Road Defect Detection

In our recently published survey paper article [37], the state-of-the-art (SOTA) road
defect detection approaches are categorized as (1) traditional 2D image processing-
based, (2) 3D road surface modeling and segmentation-based, (3) machine/deep
learning-based, and (4) hybrid.

3.1 Traditional 2D Image Processing-Based Approaches

The traditional image processing-based road defect detection approaches typically
consist of four main procedures: (1) image pre-processing, (2) image segmentation,
(3) shape extraction, and (4) object recognition [77]. [78] is a representative example
of this algorithm type. It first uses a histogram-based thresholding algorithm [50] to
segment (binarize) the input gray-scale road images. The segmented road images are
then processed with image filters, such as a median filter and morphology operators,
to reduce the redundant noise. Finally, the defective areas are extracted by analyzing
a pixel intensity histogram. Additionally, [50] solved road defect detection with
similar techniques. It first applies the triangle algorithm [79] to segment gray-scale
road images. An ellipse then models the boundary of an extracted potential road
defect.

Researchers also performed image segmentation algorithms on depth/disparity
images for road defect detection. This allows the intelligent road condition assess-
ment system to identify road defectswith a higher accuracy [40, 57, 80]. For instance,
[40] acquires the depth images of pavements using a Microsoft Kinect sensor. The
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depth images are then segmented using the wavelet transform algorithm [81]. In their
practical experiments, the Microsoft Kinect sensor must be mounted as perpendic-
ularly as possible to the pavements. In 2018, [57] proposed to detect road defects
from depth images acquired using a highly accurate laser scanner mounted on a road
inspection vehicle. The depth images are first processed with a high-pass filter so that
the depth values of the undamaged road pixels become similar. The processed depth
image is then segmented using the watershed method [82] for road defect detection.
In 2019, [80] leveraged a so-called disparity transformation algorithm to process
dense road disparity images, making the road defects highly distinguishable. The
road defects are then detected by applying a histogram-based thresholding method
on the transformed disparity images.

3.2 Machine/Deep Learning-Based Approaches

The CNN-based approaches typically address the road defect detection problem in
an end-to-end manner, based on image classification, object inspection, or semantic
segmentation networks [37].

3.2.1 Image Classification Networks

Since 2012, deep CNNs have been the first choice for many image classification
problems. The image classification networks have been widely used to detect, rec-
ognize and localize road cracks, as the features learned by CNNs can replace the
traditional hand-crafted features [83]. For example, in 2016, [84] proposed a robust
road crack detection network. An RGB road image is fed into a CNN consisting of
a collection of convolutional layers. The learned feature serves as input to a fully
connected (FC) layer to produce a scalar indicating the probability that the image
contains road cracks.

In 2019, [85] proposed a self-supervised monocular road defect detection algo-
rithm, which can not only reconstruct the 3D road geometry models with multi-view
images captured by a single movable camera (based on the hypothesis that the road
surface is nearly planar) but also classify RGB road images as either unimpaired
or defective with a classification CNN (the images used for network training were
automatically annotated via a 3D road point cloud thresholding algorithm).

Recently, [87] conducted a comprehensive comparison among 30 SOTA image
classification CNNs for road crack detection. The extensive experiments demon-
strate that (a) the performances achieved by these deep CNNs are very similar [87];
(b) Learning road crack detection does not require a large amount of training data
(10,000 images are sufficient to train a well-performing CNN [87]). However, the
pre-trained CNNs typically perform unsatisfactorily on additional test sets. There-
fore, unsupervised domain adaptation (UDA) [88], capable of aligning two different
domains, has become a hot research topic that requires more attention. Furthermore,
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Fig. 9 An example of CNN’s decision-making explanation with Grad-CAM++ [86]

explainable AI algorithms, such as Grad-CAM++ [89] (an example is shown in
Fig. 9), have become essential for image classification applications to understand
CNN’s decision-making.

3.2.2 Object Detection Networks

Region-based CNN (R-CNN) [90–92] series and you only look once (YOLO) [93–
96] series are two representative groups of modern deep learning-based object detec-
tion algorithms for road defect detection. As discussed above, the SOTA image clas-
sification CNNs can categorize an input image into a specific class. However, we
sometimes attempt to obtain the exact location of a specific object in the image,
which requires the CNNs to have the ability to learn bounding boxes around the
objects of interest. A naive but straightforward way to achieve this objective is to
classify a collection of patches (usually taken from the original image) as negative
(the object is absent from the patch) or positive (the object is present in the patch).
However, such an approach is usually costly as it selects many regions of interest
(RoIs).

To solve this dilemma, R-CNN [90] employs a selective search algorithm [97] to
extract only 2,000 RoIs (generally known as region proposals). Such RoIs are then
fed into a classification CNN to extract visual features connected by a support vector
machine (SVM) to produce their classes, as shown in Fig. 10. In 2015, Fast R-CNN
[91] was introduced as a faster object detection algorithm based on R-CNN. Instead
of feeding region proposals to the classificationCNN, Fast R-CNN [91] directly feeds
the original image to the CNN and produces a convolutional feature map (CFM).
The region proposals are identified from the CFM using selective search, which are
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Fig. 10 R-CNN [90] for road defect detection

then reshaped into a fixed size with an RoI pooling layer before being fed into an
FC layer. A softmax layer is subsequently utilized to predict the region proposals’
classes. Nevertheless, both R-CNN [90] and Fast R-CNN [91] employ a selective
search algorithm to determine region proposals, which is time-consuming and slow.
To overcome this disadvantage, [92] proposes Faster R-CNN, which leverages a
network to learn the region proposals.

The YOLO series, on the other hand, is very different from the R-CNN series.
YOLOv1 [93] formulates object detection as a regression problem. It first splits
an image into an M × M grid, from which B bounding boxes are selected. The
network then produces class probabilities and offset values for these bounding
boxes. Since YOLOv1 [93] makes a significant number of localization errors and its
achieved recall is unsatisfactory, YOLOv2 [94] was proposed to improve YOLOv1
[93] in the following respects: (1) it fine-tunes the classification network at the full
448× 448 resolution; (2) it adds batch normalization on all the convolutional layers;
(3) it removes the fully connected layers from YOLOv1 [93] and uses anchor boxes
to predict bounding boxes. In 2018, [95] made several tweaks to further improve
YOLOv2.

The aforementioned object detectors have been extensively applied for road defect
detection. [98] used a Faster R-CNN [92] to recognize road potholes, while [99]
trained a YOLOv2 [94] object detector to achieve the same objective. [100] utilized
YOLOv3 [95] to detect road potholes from RGB images captured by a smartphone
mounted on a car. [101] employed three different YOLOv3 [95] architectures to
detect road potholes. Recently, [102] compared the performances of YOLOv2 [94]
and Mask R-CNN [103] for road defect detection. Nonetheless, these approaches
typically leverage an unmodified object detectorwhich has been specifically designed
for the task of road defect detection. Furthermore, these object detectors can only
provide instance-level predictions instead of pixel-level predictions. Therefore, in
recent years, semantic segmentation has become a more desirable technique for
pixel-level road defect detection.

3.2.3 Semantic Segmentation Networks

Semantic segmentation aims at assigning each image pixel with a specific class
[104]. It has been widely used for road defect detection in recent years. According
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to the number of encoders, the SOTA semantic image segmentation networks can
be grouped into two categories: (1) single-modal [105] and (2) data-fusion [106,
107], as shown in Fig. 11. The former inputs only one type of vision sensor data,
such as RGB images or depth images, while the latter typically learns visual fea-
tures from different types of vision sensor data, such as RGB images and trans-
formed disparity images [108] or RGB images and surface normal information [106].
Researchers have employed both types of semantic segmentation networks to detect
road defects/anomalies (the approaches designed to detect road defects can also be
leveraged to detect road anomalies, as these two types of objects are below and above
the road, respectively).

Recently, [108] developed a data-fusion semantic segmentation CNN for road
anomaly detection. The authors also conducted a comprehensive comparison of
data fusion performance for different modalities of visual features, including (1)
RGB images, (2) disparity images, (3) surface standard images [109], (4) elevation
images, (5) HHA images, and (6) transformed disparity images [80]. The extensive
experimental results demonstrated that the transformed disparity image is the most
informative visual feature in terms of road defect/anomaly detection.
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Fig. 12 An example of 3D
road pothole cloud acquired
using the stereo matching
algorithm introduced in [34].
The accuracy of the 3D road
point cloud is around
2.23mm
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3.3 3D Road Surface Modeling and Segmentation-Based
Approaches

The 3D road surface modeling and segmentation-based approaches [53, 110–112]
typically formulate the 3D road point clouds (an example is shown in Fig. 12) as an
explicit model f (p, a), where p = (X; Y ; Z) is a 3D point on the road surface in the
camera coordinate system and a stores the model coefficients. The optimal a can be
obtained by minimizing [110]:

E =
n∑

i=1

( f (pi , a) − Yi ). (1)

By comparing the difference (namely, f (p, a) − Y ) between the actual and mod-
eled road surfaces, the road defects can be extracted. Nevertheless, the 3D road
surface modeling process is very sensitive to outliers. Hence, [112] employs random
sample consensus (RANSAC) [113] to further improve its robustness. Furthermore,
the actual road surface is sometimes uneven, which makes quadratic surface model-
ing somewhat problematic [34].

3.4 Hybrid Approaches

In 2017, [114] proposed an intelligent road defect detection system based on the
analysis of 2D LiDAR data (providing road profile information) and RGB road
images (providing road texture information). To obtain a large field of view, this
system uses two LiDARs. This hybrid system is pretty robust to electromagnetic
waves and poor road conditions. Such a hybrid system can combine multi-modal
vision sensor data’s advantages to improve the accuracy of road defect detection.

In 2019, [53] also introduced a hybrid framework for road defect detection. It
first applies disparity transformation, discussed in Sect. 3.1, and histogram-based



526 S. Guo et al.

thresholding method to extract potential road defects. In the next step, a quadratic
surface was fitted to the original disparity image, where the RANSAC algorithm was
employed to enhance the surface fitting robustness. Road defects can be successfully
detected by comparing the actual and fitted disparity images. This hybrid frame-
work uses a 2D image processing algorithm along with a 3D road surface modeling
algorithm to significantly improve the road defect detection performance.

4 Future Insights

DX technology has a bright future in many fields of study. With the use of DX
techniques, smart cities can optimize their service efficiency. Ericsson, IBM, Cisco,
Microsoft, and many other companies are also primarily involved in the digital revo-
lution. These companies are conducting innovative research on how to apply digital
technologies (such as wireless network sensors, digital twins, semantic web, and
cloud computing) to address the challenges facing future cities [115].

[116] defined ten pillars of smart city that drive benefits to the digital age, as
shown in Fig. 13. There are five fundamental pillars– governance, economy, talent,
funding, and infrastructure [117]:

• Building an intelligent city first requires wise governance. Creating a technology-
enabled vision and developing a coherent implementation plan is the beginning of
a smart city.

• Only when smart cities have a practical economic development plan can they find
their place in global trade and promote a good economic environment.

• Smart cities are centers of talent. How to attract talents and establish a creative
cultural center is the lifeblood of innovative city development.

• To keep pace with the digital age, cities must be more innovative in their financing
techniques, capital sources, budgeting methods, and business models.

• The construction of interconnected and well-maintained infrastructure is the foun-
dation for smart cities to expand their digital areas.

Fig. 13 The ten pillars of smart city transformation [117]
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In addition to the foundational pillars, the five science and technology pillars
are also critical– mobility, environment, public safety, public health, and payment
systems [117]:

• Smart city layouts in the future should be multi-modal, involving various options
that are fully integrated and connected.

• As smart cities mature, environmental sustainability issues, energy use, resource
allocation, and climate hazards should also be addressed.

• The creation of a harmonious, safe, and healthy environment also underpins a
flourishing smart city.

• Moreover, Digital payment systems will not only help businesses to reduce costs
but also increase revenue.

Transportation is the artery of modern society and the economy [118]. After
obtaining the road data using the sensing technologies mentioned above, the depart-
ment of highways and surrounding traffic management can use the data for digital
transformation [119]. Extensive interdisciplinary research using data science tech-
nologies is receiving more and more attention [120]. However, the following issues
need to be taken into consideration in the future DX of smart city transportation
[121]:

• Improve the efficiency of the entire process. In order to make the traffic assessment
prediction more timely, the time spent on data collection and analysis should
be as short as possible [122]. Dedicated intelligent road condition assessment
vehicles were devised to make data collection more accessible and faster. After
obtaining road data, relevant departments should also be able to carry out digital
management, where road restoration and traffic control work should be performed
collectively to benefit end-users.

• Improve the accuracy of intelligent road condition assessment. The road defect
detection algorithms with deep learning models have achieved appealing results.
However, such models are generally developed based on supervised learning.
Labeling road data is a highly labor-intensive and time-consuming process [34].
Therefore, developing un/self/semi/low-shot learning strategies for road defect
detection has become a popular area of research that requires more attention.

• Expand the service scope for the digital outreach. The service group is not only
limited to roadway engineers but also to all groups involved in the whole road
condition assessment process. Ultimately, strategic decisions can be transparent
and open, and the strategic decision implementation results can be traced.

• Enhance information sharing and cooperation while establishing data fusion mod-
els [123]. By adopting a unifiedmodular data interface, participants can implement
the interoperability and consistent data standards to share data resources from the
city context [124]. In the future, an interdisciplinary and trans-department digital
urban transport system will be established.
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• Improve network security. There are many privacy and security risks in smart
cities, which need to be rethought and improved [125]. The rise of smart cities
entails considerable risks. In order to prevent malicious use of road data, it is
imperative to enhance the anti-attack capability of the gateway. Therefore, in the
early stage of innovative city development, smart cities must be fully prepared for
cyberattacks.

5 Summary

Digital transformation has been extensively used to improve the efficiency and accu-
racy of road condition assessment. This chapter gave readers an overall picture of
the state-of-the-art road condition assessment systems. The state-of-the-art road data
collection technologies, including remote sensing, vibration sensing, laser scanning,
infrared sensing, multi-view geometry, and shape (depth) from focus, were first
discussed. The existing machine vision and intelligence approaches, including clas-
sical 2D image processing algorithms, 3D road surface modeling and segmentation
algorithms, machine/deep learning algorithms, and hybrid algorithms, designed to
detect road defects were then presented. Finally, future insights on the digital trans-
formation of smart cities were discussed. Establishing the digital transformation of
road inspection with 3D road imaging technology and combining different types of
machine vision and intelligence algorithms for road defect detection are the future
trends in this research area.
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