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Abstract: Pavement maintenance plays a significant role in megacities. Managing complaints and
scheduling road reviews are the two maintenance concerns under the intelligent pavement manage-
ment system (PMS) plan. In contrast, if the damages are not treated immediately, they will increase
over time. By leveraging accurate data from sensors, smart PMS will improve management capability,
support sustainability, and drive economic growth in the road network. This research aimed to
elaborate on the different modules of an intelligent city pavement network to advance to a sustainable
city. First, a 3D mobile light detection and ranging (LiDAR) sensor, accompanied by a camera, was
applied as the data collection tool. Although 3D mobile LiDAR data have gained popularity, they
lack precise detection of pavement distresses, including cracks. As a result, utilizing RGB imaging
may help to detect distresses properly. Two approaches were integrated alongside conducting the
data analysis in this paper: (1) ArcGIS pro, developed by Esri Inc., which includes noise removal,
digital elevation model (DEM) generation, and pavement and building footprint extraction; (2) the
Mechanistic-Empirical Pavement Design Guide (AASHTOWare PMED), which was used to assess site
specifications such as traffic, weather, subbase, and current pavement conditions in an effort to design
the most appropriate pavement for each road section. For the 3D visualization module, CityEngine
(a software from Esri) was used to provide the 3D city model. After implementing the research
methodology, we drew the following conclusions: (1) using the AASHTOWare PMED method to
make decisions about road maintenance and rehabilitation(M&R) actions can significantly speed up
the decision-making process, essentially saving time and money and shortening the project’s duration;
and (2) if the road conditions are similar, the smart geographical information system (GIS)-based
PMS can make consistent decisions about road M&R strategies, i.e., the interference from human
factors is less significant.

Keywords: urban infrastructure; geographical information system; pavement; 3D visualization

1. Introduction

Roads are critical to the economic growth and development of a megacity for trans-
portation and building activities. Providing access to employment, social, health, and
educational services is a vital role that road networks play in reducing poverty. As a result,
researchers and city officials have been very interested in studying road maintenance as
a significant aspect of urban infrastructure, one includes a network of pavements in all
surrounding cities. Overall, in all weather conditions, pavements ensure safe and comfort-
able rides in any car moving at an average speed. The life cycle of a road can be measured
by the number of years it has been used for its intended purpose. Due to the significant
importance of road network health and its maintenance in citizens’ daily life, this topic
should be appropriately addressed in academic plans.

The condition of a city’s road infrastructure directly impacts people’s quality of life [1],
influencing residents’ safety, health, work, economic opportunities, and leisure activities [1].
As a result, because every action taken is very complicated and socially sensitive, action
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requires extensive consideration. To cope with such issues, municipalities frequently face
significant challenges concerning planning development; for example, when they need to
find a solution that fits the expectations of all stakeholders, which is critical, but is also
consistent with the planned development concept. Public decision-making processes are
constrained by specified budgeting for construction, maintenance, and remediation work
on road infrastructure. Prioritizing projects is a crucial and challenging issue that must be
resolved to effectively develop and implement a road infrastructure plan [2]. Therefore,
regular pavement evaluation is an essential part of a municipality’s agenda.

When considering either municipal or technical aspects of the urban pavement main-
tenance procedure, it is essential to determine each road section’s condition and rate of
pavement deterioration to plan for the financial costs of a maintenance strategy in a munic-
ipal budgeting program. To meet the optimal structural rehabilitation design and future
budget needs, a technical evaluation of the road network’s quality based on a pavement
management system (PMS) is required. PMSs have various tools and methods which help
decision makers determine the most appropriate strategy for maintaining, evaluating, and
providing pavements over a long period [3].

In previous decades, there have been some attempts all around the world to run
efficient, knowledge-based PMSs. These were successful to some extent, but produced
some inaccurate results. With the advent of innovative technologies such as the internet
of things (IoT), machine learning (ML), and artificial intelligence (Al), of the number of
municipalities attempting to apply intelligent urban infrastructure to overcome the defects
of traditional systems is growing exponentially [4,5].

The process of creating a PMS and planning the best maintenance procedures for
urban roads is influenced by the texture and skid resistance of the road’s surface, both
of which contribute to the occurrence of traffic accidents, a significant social issue. The
following are some key conclusions from an examination of elements relating to tire-road
friction, as well as a well-liked and cutting-edge method for evaluating the crucial part of
road safety; namely, the use of smart tires or tires implanted with sensors [6]:

e  Under different weather conditions, such as dry, wet, dusty, and snowy road sur-
faces, or combinations of these variables, a vehicle’s maneuvering and braking abil-
ities are affected by the skid resistance of the pavement, which is directly related to
tire-road friction.

e  Friction measures are usually included in the scope of a PMS because of its importance
in and relevance to road occurrences.

e  The advantages of using smart sensors implanted in tires are similar to those of using a
tool to support sophisticated vehicle control, but smart sensors also provide a practical
method of determining in real-time the amount of friction on a roadway section
while travelling.

Smart urban infrastructures are founded on four principles: data, analytics, feedback,
and flexibility in an urban environment. In addition to their physical structure (cables,
sensors, etc.), a city’s smart infrastructure can be characterized as a cyber-physical system
that integrates all its aspects using various technological tools. These tools help acquire and
analyze data to meet efficiency, sustainability, productivity, and safety goals. In a city, smart
infrastructure refers to an intelligent system that leverages a data feedback loop to improve
decision making. Sensor data can measure, analyze, monitor, communicate, and act on such
an intelligent system (smart infrastructures, i.e., essential for smart cities) [7]. The following
list describes the features that compose an intelligent urban infrastructure system:

e  Data: It is essential for an intelligent system to perform that the raw material that a
smart infrastructure needs is present.
Analytics: Information analysis is essential to obtain reliable data for decision making.
Feedback: An intelligent system must have a data feedback loop. This feedback is
visible when data is collected, utilized, and used to improve the system’s functionality.
e  Adaptability: Smart systems can adjust to current demands and accommodate future needs.
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Considering intelligent urban infrastructures as spatial phenomena in nature, and
the capacity of GIS to work with spatial data, the integration of GIS and PMS will move
to resolve taxpayers’ concerns in a city. GIS is the best tool for improving pavement
management since it can evaluate geographical data, especially regarding features such
as a graphical depiction of pavement conditions. Government agencies are gradually
integrating PMS data into GIS, as GIS is used more frequently and is becoming more
valuable due to technological advancements in computer hardware and software. Flexible
database editing and the ability to view statistics, charts, and the results of database queries
are all advantages of this integration. Additional benefits include pavement management
analysis on a road system map, dynamic highway section color coding, and access to
sectional data through graphical 3D GIS models.

Reconstruction of 3D GIS models, high-definition mapping, and new applications
for cities require accurate and efficient data collection and scene perception of urban
environments [8]. Over the previous decade, many urban modeling studies have relied
chiefly on aerial and 2D satellite data [9,10]. Additionally, self-driving car research has
mainly relied extensively on 2D photos acquired by digital cameras [11]. Therefore, the
need for an interrelated system of both 3D GIS and PMS is urgently felt among researchers.

Providing pavement design methods in a 3D GIS model, with different attitudes being
utilized to optimize the serviceability of each road section, is in high demand. As far as the
writers of this paper are aware, no study has covered this issue until now. Both the design
and implementation of a smart urban infrastructure management system (SUIMS), such
as the one developed here, could lead to clarification and briefing of the linked regulation
to improve dealing with massive datasets in PMS, by combining accessible processes
and overcoming the traditional operation difficulties at the same time. Additionally, the
SUIMS could take advantage of a connected computerized framework integrating the
city’s public capabilities to accomplish collaborative improvement, which has never been
discussed before.

A city pavement network management system emphasizing the different components
of an intelligent urban infrastructure management system is elaborated on in this paper.
First, a mobile LiDAR sensor accompanied by a camera mounted on top of a car was used
to collect data. Even though 3D mobile LiDAR data has become increasingly popular, thus
method cannot accurately detect pavement distress, such as cracks. By using RGB images,
it may be possible to extract distresses correctly. Like every other urban management
system, for the designed structure, it is necessary to conduct the analysis and provide the
results in an appropriate visualized form in the final step. Therefore, the most significant
contributions of this paper are:

1.  Tobuild an urban outdoor point cloud dataset labeled pointwise on a large scale for
SUIMS in terms of pavements.

2. To investigate an integrated road network consisting of the positions (via 3D Li-
DAR point cloud) and attribute information of the detected cracks, collected via
RGB images.

3. To produce a detailed 3D intelligent pavement management system based on city
stakeholders’ decision-making preferences.

This article is divided into five major sections: Section 2 provides a broad review of the
literature, including data, analysis tools, visualization, and the relationships between them.
Section 3 details the methodology followed in this study to meet the research objective
and fill the research gap. Section 4 introduces the study area, defines the data used in this
research, and the produced result is presented based on GIS and PMS integration. Finally,
Section 5 concludes the article and proposes future trends in the smart PMS and GIS field.

2. Literature Review

Algorithms that enable intelligent infrastructure decision making, including PMS,
are needed to measure, monitor, analyze, and integrate decisions in urban road networks.
Therefore, to move toward an SUIMS and having access to the most beneficial pavement
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design in a PMS is vital. A glance at the different tools and their interrelationships in a city,
including in an SUIMS, is shown in Figure 1.

*Rule-based automation
eDecision support tools
*Machine learning

Decreasing data Optimisation algorithms

volume, -
. . *Modeling
increasing data ' :
*Big data analysis
value Sense making X
eAnalytics
eData mining
* Assets
* Data cleaning
* Customers
Data management * Data structure

 Costs
* Data storage
* Activities

Figure 1. Different components and tools of a SUIMS.

Building information modeling (BIM) technologies can assist in the gathering and
archiving of pavement data, as well as the pavement management system, in such a way
that all the information, which is suitably protected, is shared and dynamically updated
over time. Three phases make up the majority of the proposed methodology [12]:

e  Gathering data on the road’s geometry and the mechanical properties of the materials
that make up the asphalt pavement’s layers.
Simulating the road’s pavement in a BIM environment.
Putting in place a decision support system for the administration of maintenance pro-
cedures. The decision support system should be created with the goal of determining
the ideal moment for an intervention at the analysis’s time.

A key component of establishing a PMS in a city is monitoring the status of road
structures to ensure that the pavement is in an ideal condition [13]. This costs millions
of dollars every year for each city. Various management information systems have been
established to deal with the complexity involved. Typically, one of two methods is used:
(1) using specially equipped vehicles manually or (2) automatically conducting distress
surveys. However, because these investigation methods only record the distresses that
have already occurred, they are reactive rather than proactive in identifying deterioration.

Two significant variables are considered when assessing the pavement quality: (1) the
existing road quality and (2) the quantity, along with the intensity of distress signals.
The category, frequency, and severity of distress are all critical indicators of structural
appropriateness, material scarcity, and the risk of additional degradation [14]. Surface
distress, including potholes or cracking on thicker pavements, may not be symptomatic
of structural degradation. Surface depressions cannot be relied upon to signal structural
conditions when pavement preservation efforts intervene early to maintain and prolong
pavement life [15].

As aresult, the required data to investigate the urban pavements and build a GIS-based
smart PMS can fall into the following two categories:

e  Geometrical data of the pavements, captured via 3D mobile LiDAR and RGB photos
using a vehicle outfitted with the necessary equipment for the distress detection phase.

e  Attribute data of each road section, consisting of general project information, design
criteria, traffic data (vehicle/day), climate data, structure, and layering data, including
material properties for the pavement design phase.
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2.1. Data
2.1.1. Geometrical Data

Three-dimensional point clouds created by LiDAR equipment are beneficial for spatial
analysis of 2D pictures that lack georeferenced 3D data [16,17]. Moreover, point clouds
are unorganized, oriented irregularly, and frequently have large volumes. Due to the
complexity of data collection, portable devices that connect with mobile laser scanning
(MLS) sensors, location devices (e.g., GNSS), and two-dimensional cameras tend to be
amazingly common on self-driving vehicles and in metropolitan regions [18,19].

Producing high-quality handwritten labels from LiDAR and RGB-D sensor datasets
is complex and computationally expensive since they often contain a large amount of
data and noise. According to some recent research, the following are examples of popular
outdoor point cloud datasets that are freely available.

e  MLS and SICK sensors (abbreviation for an object between sensor and background [20])
were used to create Oakland 3D, an outdoor point cloud, in the first instance of its
kind [21]. With a low point density, the LIDAR device used here is mono fiber. This
dataset has around 1.6 million points, sorted into forty-four classes. However, only
five classifications were examined in the literature: vegetation, wire, pole, ground,
and facade. Because this dataset is small, lightweight networks can be constructed
and evaluated.

e  The data file of iQmulus [22] was obtained using Stereopolis II [23] in Paris from
the IQmulus and TerraMobilita Contest. A monofiber LiDAR called “Riegl LMS-
Q120i” was applied to capture the spatial information data. There are around three
hundred million points within the entire dataset divided into twenty-two classes.
Consequently, for the contest dataset, just one sample was shared with the public:
12 million observations in a 200-m domain with eight accurate classifications. The
classification quality in this dataset is low due to the obstructive sensing device, which
is monofiber, and the labeling process used, and as such, the image appears distorted.

e  Semantic 3D uses terrestrial laser scanners to collect data and has far better point
density and precision than the other datasets. This dataset contained eight class labels.
However, static laser scanners can only capture a limited number of perspectives, and
equivalent datasets are difficult to achieve in practice [24].

e Inrecent years, the Paris-Lille-3D collection has been widely used as a point cloud
dataset for outdoor applications, and it has grown in popularity due to its advan-
tages [25]. Data was collected using an operational support system and a Velodyne
HDL32E LiDAR, with a point frequency and an analysis precision comparable to
those of self-driving automobile point clouds. Over 140 million points and specific
labeling for fifty different points are included in the collection, which spans about two
kilometers. The dataset uses nine classes for semantic segmentation in the benchmarks.

e  SemanticKITTI is one of the most novel and comprehensive semantic segmentation
datasets publicly available [26]. The KITTI dataset was utilized to annotate the dataset
better [27]. This dataset incorporates more than 4.5 billion points encompassing forty
kilometers, and each consecutive scan is tagged with twenty-five classifications for
semantic segmentation assessment. The indicated dataset focuses on algorithms for
self-driving vehicles.

e  Toronto-3D [28]: A Teledyne Optech Maverick car-mounted MLS device was used to
capture actual point clouds for the entirety of this dataset. A 32-line LiDAR scanner, a
GNSS, a Ladybug-5 360-degree camera, and a synchronous localization and mapping
(SLAM) structure are all parts of the system. With an accuracy of more than 3 cm
and a field of vision angle of —10 to +30 degrees in the vertical direction, LiDAR
technology can capture point clouds at a rate of up to 700,000 per second. LMS Pro
software was used to process the gathered point clouds further. Each point is assigned
a natural color (RGB) regarding the imaging camera. Following that, points on the
upper level of the pavement are broken into frames, each of which covers a road
segment. The camera produces two-dimensional footage that has been preprocessed
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to retrieve frames. Each frame is classified as either having pavement distress or not
having pavement distress.

2.1.2. Attribute Data

For pavement design, three fundamental parameters must be considered: the char-
acteristics of the subgrade on which the pavement is placed, the applied loads, and the
environment [29]. To begin with, the subgrade’s depth will affect the pavement’s design.
Pavement layer thickness, the number of layers, load restrictions during seasonal change,
and any improvements to the subgrade’s stiffness and drainage are determined by the
stiffness and drainage of the sub-base.

For example, one study focused on implementing the Mechanistic-Empirical Pavement
Design Guide (MEPDG) in Turkey. This study aimed to collect local information for
Izmir City’s MEPDG evaluation and local calibration, including weather, traffic, and
materials. The weather and traffic data were gathered, examined, and converted to the
MEPDG format for this objective. Additionally, the properties of the bound and unbound
pavement materials were established. Some locally collected data, such as the climate,
vehicle classification, traffic growth factor, and axle load distribution, could not be used
directly as design inputs. As a result, these were generated and transformed into a format
that can be used by the MEPDG [30].

2.2. Analysis Tool

Access to the scheme of the most efficient PMS needs introducing and comparing
to the well-known approaches to mechanical pavement designs. The AASHTO 1993
design technique is widely employed in the mechanical design of flexible roads [3]. The
pavement design procedure for road sections with different temperatures and varied
subgrade circumstances has limitations compared to the AASHTO 1993 Guide for Design
of Pavement Structures [31,32]. The calculated drainage layer coefficients are one of the
method’s significant flaws. Together with the seasonal shift in the robust subbase modulus,
these coefficients are the only environmental factors in the AASHTO 1993 design technique.

Additionally, environmental conditions have a severe effect on pavements. As a result,
there is a focus on employing a cost-effective pavement model that results in detailed
designs and, as a result, superior pavement function over time. Closed-form structures
are applied in the MEPDG [33] to evaluate city interactions, weather conditions, base
developments, and laboratory surveys of all the different element properties to anticipate
the actions of the several pavements plans for as long as they are in service [32]. The
MEPDG is projected to deliver more dependable pavement designs than the AASHTO 1993
approach when adjusted to local conditions. In contrast to AASHTO 1993, the MEPDG
examines the effects of temperature and relative humidity on layers of pavement and their
mechanical properties.

According to a correlation study of the MEPDG and the AASHTO 1993 design
guide [34], even though all pavement sections were calculated using the AASHTO 1993
technique for equal service failure, they behaved differently when forecasted by MEPDG.
The AASHTO 1993 acts anticipated by the MEPDG changed as traffic levels increased
and subgrade strength decreased. This difference is significant for various meteorological
circumstances, which have an exponential effect on the quality of road infrastructure. Ac-
cess to the pavement mechanistic-empirical design (PMED) report of a single road section
requires sufficient and accurate data to be used as input for the PMED step. Therefore,
before every action, the municipalities need access to these data. Furthermore, they must
integrate the MEPDG design method with the 3D GIS models to obtain the most efficient
urban infrastructure management strategy.

Soil water characteristics curve (SWCC) characteristics, and other soil conditions
needed by the enhanced integrated climatic module (EICM) within the MEPDG, were
the focus of a decisive study on the extensive national soil database [35]. This study
offered a GIS-based technique for precisely superimposing any road section on soil maps.
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Additionally, there is ongoing research into monitoring sites and collecting data for the
MEPDG prediction models’ calibration, as well as evaluating the impact of various materials
and construction techniques on pavement performance [36]. To visualize the sites, a GIS
project and add-in tools were created. Additionally, the MEPDG’s projected distresses on
interstate areas were confirmed, and the contrasts between the MEPDG’s designs and those
of the AASHTO 1972 Interim Design Guide were reviewed to offer recommendations on
how to apply the MEPDG.

2.3. Visualization

Aside from the data and analysis required for the SUIMS, visualization tools are
also needed to represent the productivity of the proposed architecture. As a result, GIS
has recently gained widespread popularity among urban researchers due to its potential
and ability to “generate support systems, decision-making architectures integrating a
combination of Al and ML, urban expansion models, and software visualization techniques
to help community-based strategies” [37].

The development of visualization products such as CityEngine for designing, storing,
and interchanging 3D city and scene layouts led to recent advances in 3DGIS and urban data
modeling. GIS is no longer only 2D but also 3D. The ability to create 3D city models in a GIS
context will enable a variety of tasks, such as cadaster, public safety, urban infrastructure
management, and traffic control, to take on new dimensions. CityEngine defines a rule-
based schema for the most compatible topographic features in metropolitan and local
models that incorporate topological and semantic characteristics. It also includes adding
detectable features to the data while maintaining semantic compatibility.

3. Methodology

In recent years, advances in information and communication technologies (ICTs)
have represented a substantial threat to the previously predictable landscape of urban
infrastructure services. Smart pavements offer many benefits to road users and the agencies
constructing and maintaining these roads. A diagram exhibiting the SUIMS intended for
this paper’s purpose is elaborated in Figure 2 to fulfill this objective. The 3D mobile LiDAR
and RGB camera, and the road attribute data are two data groups working together to
satisfy the research objectives. At the same time, AASHTOWare PMED and ArcGIS Pro are
integrated to analyze this paper. The details of the designed methodology are presented in
the following sections.

¢ Data filtering

*DEM generation

e Extract realistic 3D
buildings and streets

e Convert multipoint FC

to singlepoint FC and

export SHP file format

3D mobile
LiDAR and

RGB camera
data

TN

Road
attribute data

* General project
information

* Design Critera

o Traffic Data

 Climate Data

 Structure and layering
data including material
properties

ArcGIS pro

Figure 2. Workflow of the methodology.

AASHTOWare
PMED
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3.1. Data Collection
3.1.1. Data Acquisition Vehicle

A sensor mounted on a vehicle was required to collect road data. The device included
a LiDAR and a camera fixed together in a solid frame. In this research, the data used
was collected recently [38]. The LiDAR installed for data collection was the Ouster 0s-16
channel (the specifications of this LIDAR sensor are provided in Table 1), which is based on
the concept of time of flight. Four separate signals were acquired with this LiDAR [39]: the
first one was “range”, the calculated length between the sensor and an object. The next was
“reflectivity”, which yielded scaled readings depending on the sensor sensitivities within
that range and device sensation within that spectrum. The third category was “signal”,
which determined how strong the returned signals were. The last was “ambient”, which
also produced the backlight measurement’s strength.

Table 1. Ouster OS-1 specifications, reprinted with permission from [39].

3D LiDAR (Ouster OS-1

Specifications 16ch)
3D points/profile 200 to 400 (4 m Field of View (FoV))
Car’s velocity 70-100 km/h
Distance between profiles 7-15 cm
X-axis resolution 1.1to24 cm
Lateral FoV Up to 100 m
Precision on the Z-axis 3cm
Frequency of sampling 160-320 profiles/s

The hardware was positioned two meters above the ground on the top of a car. The
LiDAR and camera were angled at a 50-degree angle from the ground. Both sensors
covered an area of two x four (square meters). At 10 Hz and 20 Hz, the resolution of
LiDAR scanning was 512 x 16 and 256 x 16 pixels. At 120 frames per second, the camera
resolution was 1920 x 1080 pixels. The car could reach speeds of up to forty kilometers
per hour.

3.1.2. 3D Mobile LiDAR Data and RGB Camera

The 3D LiDAR sensor produced three-dimensional point clouds in the study area. By
minimizing the LiDAR field of view, the road surface could be obtained by removing data
that was not relevant to the road surface. Since the LiDAR data is not a good choice for
distress detection goals, the RGB cameras were used simultaneously for video recording.
Therefore, the areas were divided into video frames on the road surface, each covering a
section of the road. The camera produced a two-dimensional video that was obtained to
extract frames. Each frame was assigned to one of two categories using the convolutional
neural network (CNN): (1) pavement distress or (2) no pavement distress.

A CNN is an ML model designed to learn spatial hierarchies of information automati-
cally and adaptively, from low-level to high-level patterns, while processing data with a
grid pattern, such as pictures. Object detection is one of CNN’s most effective uses. This
study employed the convolutional layer, composed of several kernels, to extract distress
features from CNN. The number and size of kernels in a convolutional layer, which should
be suitable for object recognition, is a crucial parameter. Another intriguing study found
that it is possible to recognize distress successfully using this method [40]. The pooling
layer i utilized by either max pooling or mean pooling to lessen the complexity of imported
data to decrease the danger of overfitting [41]. To identify and localize distresses, feature
maps created by convolutional layers and pooling layers were imported into softmax
layers and regression layers. Here, cracking was the only type of pavement strain that was
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considered. The regression layer identified the locations of distresses, whereas the softmax
layer classified the image frames used in this paper as cracked or non-cracked.

3.1.3. Road Attribute Data

As stated in the preceding sections, the design and implementation of an SUIMS focus-
ing on a pavement management system must meet specific criteria. To reach these goals, a
pavement design approach should be developed. The primary purpose of pavement design
is to construct a low-cost road surface that fulfills site-specific efficiency, service life, and
regulatory standards. Pavement design is not a straightforward process, and various factors
affect pavement performance, making analysis challenging [38]. The process necessitates a
thorough knowledge of soils and construction materials and their behaviors under varying
traffic loads and weather conditions [42].

One of the essential pavement design aspects is traffic loading, which includes road
congestion, load factors and distribution (trucks, cars, etc.), tire pressure, and suspension
system characteristics. Rainfall, humidity in the pavement layers, temperature variations,
and defrost periods are all environmental concerns. The subgrade soil, moisture content,
and other physical factors also impact pavement design [42]. This study, for this category
of data, benefited from the data produced in another recent study [43]. The available data
were as follows:

Name, start and endpoint, length, width, and functional class of the roads.
Traffic data (vehicle/day).

Comfort index and estimated international roughness index (IRI).
Primary diagnosis of causes of deterioration.

Tests and actions made by the public work department and cost of work.
Cost to users (annual cost).

3.2. Analysis Tools
3.2.1. Spatial Analysis with ArcGIS Pro

Roads and buildings are two LiDAR points divided into several groups and categories.
A classification can be applied to each LiDAR point to identify the type of object that
reflected the laser pulse. The different classes are defined in the .las file using numeric
integer codes, as seen in Figure 3.

Classification
+ 0 Never Classified
« 1 Unassigned
» 2 Ground
» 3 Low Vegetation
« 4 Medium Vegetation
5 High Vegetation
« 6 Building
» 7 Noise
= 8 Model Key / Reserved
* 9 Water
» 10 Rail
» 11 Road Surface
» 12 Overlap / Reserved
« 13 Wire - Guard
14 Wire - Conductor
« 15 Transmission Tower
« 16 Wire - Connector
» 17 Bridge Deck
= 18 High Noise

Figure 3. Different integer codes in a .las file.

The next spatial analysis steps after getting road surfaces and buildings from the .las
dataset were as follows:

e  Data filtering to remove all noises.
e Digital elevation model (DEM) production.
e  Realistic building and street pavement generation.
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e  Multipoint feature conversion into a mono-point feature class.
e  Export the single point feature classes as .shp files.

Thus, the outputs included a polyline shapefile with the road surface and a polygon
shapefile with the building footprints in two different shapefile layers for importing into
the final visualization and decision-making step. It should be noted that the extraction of
building footprints in this study was just for visualization purposes in the 3D city model.
Analysis of the building’s footprints was not conducted.

3.2.2. Pavement Design Analysis with AASHTOWare PMED

In the MEPDG, pavement design is approached using significant changes. The con-
ventional method involves considering various inputs and determining the design re-
quirements for the pavement structure. Mechanics-empirical pavement design relies on a
trial-and-error model of pavement structure design and information from traffic and cli-
mate. Inputs such as load and environmental factors can be modeled by MEPDG software
to calculate how the trial design responds to their effects. Upon doing so, an estimate can
be made as to how much damage will be sustained over time by the pavement due to a
deterioration in ride quality and the distressing of the pavement.

3.3. Decision Making and Visualization

An urban environment and its development are often reflected in the use of GIS.
GIS is well-adapted to deal with spatial and visualization challenges connected with
multi-scale geographical data from a technical standpoint in an urban environment. The
potential of a GIS to create new information by combining incompatible datasets with a
suitable geographical referencing system is exclusive [44]. Therefore, in this paper, since
the integrated GIS data and MEPDG results required a platform for displaying the research
results, CityEngine was applied.

Professionals in GIS, urban planning, architecture, multimedia modeling, and general
3D content production can benefit from Esri CityEngine. This desktop software application
offers an effective solution for rapidly producing 3D cities and buildings. For decades,
CityEngine has aided in making significant decisions that benefit communities. It is possible
to create and modify as many scenarios as needed. From every viewpoint, buildings and
street proposals can be analyzed and examined. It is clear how they tie into the broader
vision for the city’s future.

Based on these capabilities, in this step of the methodology, which was the final
stage, first, the result of data analysis based on the combination of the previous two stages
(spatial analysis and PMED) was entered into the CityEngine and then, based on the
priorities of the city officers and macro-management policies that will be the criterion in
each executive project, the appropriate rules were applied. Then, for the visualization goal,
a three-dimensional model was prepared.

The geometry type of street axes was a line. The attribute table for each street consists
of the street name, lane type, speed limit, the existence of sidewalks, the presence of cracks,
traffic data (vehicle/day), comfort index and estimated IRI, primary diagnosis of the causes
of deterioration for each road section, tests and actions made by the public work department
and the cost of this work, the cost to users (annual cost), and internal performance (rate
of return). The geometry building footprint data was a polygon. The attribute table of
building footprints consisted of the building type, the height of building, and the number
of floors.

4. Implementation of the System and Expected Results
4.1. Study Area

A small-to-medium-sized city in the Canadian province of Québec, Chateauguay, has a
road network that spans approximately five hundred kilometers and a replacement value of
roughly $1 billion. It is seeing rapid residential and industrial growth. Due to an outdated
network, increased traffic, and numerous roads, pavement degradation has occurred more
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quickly than anticipated. The issue, as is the case in other Canadian municipalities, is
that the yearly budget is inadequate to sustain these constantly deteriorating roads to an
acceptable level. As a result, a significant backlog of M&R work must either be completed
immediately or delayed at a higher cost. The streets of this study area were extracted
from [38] to serve as the data for this paper. The building of the study area is presented
to provide a better 3D city model and show a more realistic result. The two analysis and
visualization sections were conducted accordingly, and the results demonstrated an urban
environment, and its development is often reflected in the use of GIS. GIS is well adapted to
deal with spatial and visualization challenges connected with multi-scale geographical data
from a technical standpoint in an urban environment. The potential of a GIS to create new
information by combining incompatible datasets with a suitable geographical referencing
system is exclusive [44]. Therefore, in this paper, since the integrated GIS data and MEPDG
results require a platform for displaying the research results, CityEngine was applied.

4.2. Data Establishment

As mentioned in Section 3.1.2, the data in LiDAR is unstructured and unordered.
Consequently, it cannot be used for the next steps unless preprocessed. Blunders are
common in LiDAR data, and they can be created by photon scattering in a returned laser
pulse, which causes noise. As a result, once the point cloud data has been converted to a
LAS dataset using Cloudcompare software, the dataset must be imported into ArcGIS Pro
for additional data preparation, including noise removal and acquiring the geometrical
pavement shapes. In this implementation stage, access to the shapes of the roads is
available. However, the database still lacks classified data regarding cracks, which are
essential indicators of pavement distress.

A low-cost action camera was used in addition to the LiDAR sensor on top of a car
to acquire pavement data. At a maximum speed of 40 km/h, footage on arterial roads
was recorded. Action cameras are famous for capturing action footage from the shooter’s
perspective because they are small and simple to set up. The camera was angled at a
40-degree angle toward the pavement. This design can collect a four x two square meters
road section as a sample unit of pixels, meaning one pixel covers around 1 mm. The output
was then entered into a CNN designed to identify and classify the frames. Based on [3§],
using RGB-camera image frames as an input to the CNN is recommended to obtain the
most accurate classified data. The CNN in this paper focused on identifying the cracks
and pavement distresses. After applying the CNN, there were two categories of frames:
(1) including cracks and (2) without cracks.

Numerous methods have been devised to locate and classify pavement cracks. The
standard area convolution neural network pipeline consists of three phases: (1) area
suggestions, (2) object detection, and (3) classification. This technique has been improved
further so that instead of providing a boundary, the object’s boundaries are additionally
recognized [45].

This method was broken down into three primary stages to realize the multiple stages
of detection and segmentation [38]. The outputs of these phases are shown in Figure 4 one
by one.

e In the first step, the Region Proposal Network (RPN) applied a classification algo-
rithm to classify the objects in the image as background or foreground items. RPN
additionally improved the suggested coordinates to fit the identified object better.

e  The final proposals were grouped by type in the next phase, and their edge pixels
were refined.

e A mask was generated for each image instance from phase two, which could then be
combined after it was applied pixel-by-pixel in phase three.
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Figure 4. Mask R-CNN outputs for the three stages (left to right) [38].
4.3. Spatial Data Analysis
4.3.1. GIS Module

Figure 5 depicts an overview of the data stream to the visualization step. The detailed
step-by-step process will be explained in the following paragraphs.

LiDAR data (LAS data set)

+LAS Break
+LAS Boundary
+LAS Point filter

+LAS dataset to raster.
+Classification of Pavement and Building layers

Pavements
1. LAS point statistics as raster Buildings
2. Graphical work 1. LAS point statistics as raster
3. Classification of the cracked and 2. Raster to polygon
cracked pavements

Figure 5. An analytical flowchart of the spatial analysis module of the research.

The LAS tool is an open-source toolkit for working with LiDAR files in ArcGIS Pro.
LAS Break is used to split a LIDAR point cloud into a file that contains only those road
surface and building points that meet the criteria. The road surface and building footprint
are then extracted using the LAS boundary. The LAS boundary program checks LiDAR
data and creates a polygon border for the points. The input to LAS Boundary is a LIDAR
point cloud comprising only road surface and building points, with Concavity set to two
and the disjoint option checked.

After importing the LAS dataset into the ArcGIS Pro software, all the noises were
removed by the “LAS point filter” in the LAS dataset layer panel. Then, an accurate digital
elevation model (DEM) was needed; this is the base of all the analyses requiring height and
3D model construction. For this objective, the ground points were obtained by filtering the
data and extracting the ground points. By applying the “LAS dataset to Raster” option and
selecting the interpolation type as “triangulation”, which is more accurate and publicly
known, DEM was created, as shown in Figure 6.
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Figure 6. DEM extracted from ground point data.

Classifying buildings and pavement locations is the next phase in the analysis proce-
dure. The “Classify” analytic tool, accessible through the geoprocessing module, was used
to classify buildings and pavement. The classification technique indicates whether places
are classed as buildings and pavements accurately or not. Access to the minimum rooftop
height and area limits is essential to guarantee that a surface that is too low or too small in
the region is not mistakenly classified as a building.

It is necessary to extract building and pavement footprints before moving on to the
primary 3D model of this analysis stage, which would be the output of this step imported
straight into CityEngine to apply city officers’ rules. Building footprints were extracted
with the help of a simple tool in ArcGIS Pro called “LAS Point Statistics as Raster” and then
“Raster to Polygon”. On the other hand, pavement polyline extraction is more complex and
requires more investigation.

For pavement polyline extraction, first, it is necessary to filter the LAS dataset and
access the road points. Then, the appropriate raster is prepared to run the LAS point
statistics as a raster tool. Applying another tool to convert this raster to a polyline makes us
move forward with the extraction of pavement polyline. However, some graphical works
are needed to clean the feature class created and access the pavements’ best appropriate
shape, as shown in Figure 7. In addition, based on the crack detection phase, the pavement
layer needs another classification step to differentiate between cracked and non-cracked
pavements. Therefore, this analysis was conducted, and from then on, all road sections
were classified in terms of their crack inclusion. This classification is presented as an
attribute value in the attribute table of the pavement layer.

4.3.2. AASHTOWare PMED

Since the objective of applying MEPDG in this study was to benefit from the excellent
results of this design method compared with others of the same category, one of the recent
MEPDG final reports of the study area was used. Providing the necessary data for a MEPDG
requires time and money. As a result, and to show that getting the most efficient pavement
design for the study area is both possible and beneficial in the SUIMS, the integration of the
MEPDG final report and the analysis result of the GIS module was conducted accordingly.
This means that the results can now help access the urban categorized road sections, which
also have been designated as cracked or non-cracked, and at the same time, they have their
own best pavement design result.
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Figure 7. Pavement polyline extraction.

4.4. 3D City Model Rules and Visualization

CityEngine supports several file formats for importing street polylines, depending on
the data type. In this study, streets were imported as Shapefiles. Polylines that were put into
CityEngine as street segments comprised the data. A width attribute, which determines
street width in CityEngine, and another column indicating the presence of cracks were also
included in the data (where ‘zero” meant there were no cracks, and ‘one’” indicated some
cracks). The street network layer was generated automatically, and the Viewport showed
street centerlines. Using the “Resolve Conflicting Shapes” tools in Cleanup Graph, various
graphical disorders in the street centerlines shapefile were automatically corrected.

In this CityEngine configuration, the computer graphics and applications (CGA)
syntax defines streets and buildings. A CGA rule file is a collection of rules that define
how geometry is created. A CGA rule file is usually allocated to a shape. The street model
in this project was created using CGA from the Esri library. The Essential Street. CGA file
classifies the road network with its pavement design and the buildings.

Last but not least, SUIMSs are technological systems that manage all public works
operations on a single platform, as presented in Table 2. The efficacy of decisions made
by city officers and stakeholders can be increased with the appropriate selection and
application of a SUIMS. SUIMSs cover a variety of procedures, including asset inventory
and data collection, asset inspection, performance data collection, asset maintenance,
financial asset management, DSS, and, finally, data visualization for each category of
infrastructure assets. The SUIMS designed explicitly for managing urban pavements in
this paper is a subclass of municipal integrated infrastructure asset management systems
(i.e., roads and pavements).

Table 2. Four Different Modules of SUIMS.

Asset inventory
and
maintenance
management
module (1)

Asset inventory
and data
collection

Asset
inspection and
maintenance
management

GIS

Decision
scenario
Asset Asset generator Intelligence and Interactive data
performance deterioration DSS module ie]?(frtfr?ga postprocessing
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5. Conclusions and Future Works

Whether cities already have substantial outdated systems or start from scratch, smart-
city technologies help them use their assets more effectively. Budget management is
essential to prevent spending millions of dollars on physical assets and maintenance,
but emerging technology can provide new capabilities as fundamental components are
improved. The most up-to-date methods and software can be used to monitor, measure,
analyze, communicate, and act between pavements, a critical part of urban infrastructure.

Moving away from the old-fashioned methods of managing urban infrastructure,
which lead to massive wastes of money and time, is discussed in this paper. Using the 3D
mobile LiDAR and RBG cameras as data collection tools is faster and more accurate. Since
there is no need for human interruption, it requires less calibration for post-processing
analysis. Additionally, applying analysis tools such as ArcGIS pro, PMED design, and
CityEngine for innovative spatial visualization helps city administrators access the most
reliable data and research simultaneously.

This paper found that the best advantage of SUIMSs is that they are applicable in
different situations worldwide. Getting the support of CityEngine rules on the one hand,
and the capabilities of ArcGIS Pro and PMED design analysis tools on the other, will
empower all city officers to establish their objectives in pavement design and maintenance
procedure based on either their local or national sustainable development plans.

Although this study provided a significant contribution to designing and building
an intelligent PMS, we present here some suggestions for future studies. Applying dif-
ferent multi-criterion methods for analyzing the main factors and barriers to a PMS is
suggested [46]. Proposing efficient optimization algorithms based on metaheuristics [47,48]
and machine learning models [49] is suggested to further study the PMS for predicting and
optimizing large data sets in the PMS modeling.
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ICT Information and communication technologies
PMS Pavement management system

Al Artificial intelligence

IoT Internet of things

GIS Geographic information systems

MEPDG Mechanistic-empirical pavement design guide
ML Machine learning

IRI International roughness index

CNN Convolutional neural network

DEM Digital elevation model
SUIMS  Smart urban infrastructure management system
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