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Abstract

Heavy vehicle freight transportation is one of the primary contributors to socio-
economic development, but it also has great influence on the traffic environment. An
accurate and comprehensive understanding of the influence of heavy vehicle freight
transportation on traffic environment is critical for informed decision making
concerning traffic and road systems management and for satisfying users’
requirements. The accurate analysis and efficient management of traffic environment
can bring great benefits to communities for their easy access to roads and facilities, to
industries for the efficiency improvement and cost reduction, and to authorities for
smart management of road assets. To quantify the impacts of heavy vehicle freight
transportation, this research develops a series of geospatial models for both

geographically global and local assessment of the impacts.

In this research, to explain the methodology, heavy vehicles and their traffic
environmental impacts are analysed for the road network across the Wheatbelt in
Western Australia (WA), Australia. The Wheatbelt is a major grain and other
agricultural production region in Australia. It links the Perth Metropolitan region, the
capital city of WA, with mining and agricultural production regions. Heavy vehicles
are the predominant transportation tool of mining and agricultural equipment and

products. The research consists of the following four stages.

First, road infrastructure performance and factors that can affect the pavement
performance are investigated from the geographical information systems (GIS)
perspective. To understand the factors associated with the road infrastructure
performance, previous research and critical methods about the burden of road
maintenance from heavy vehicles, and the comprehensive impacts of multi-source
factors on road infrastructure performance are reviewed. Meanwhile, to understand the
advantages and potential of current indicators and methods for describing road
infrastructure performance, geospatial decision making approaches for road
infrastructure management are reviewed. In addition, BIM-GIS integration is an
emerging platform that merges advantages of BIM and GIS. It is a rapid developing
and innovative trend for both academic research and industries in construction field.

In order to better satisfy users’ requirements in practical road and vehicle management,
11



BIM-GIS integration is reviewed and analysed from the aspect of spatio-temporal

statistics.

Next, to assess heavy vehicle impacts on the burden of road maintenance, two
segment-based spatial prediction models, segment-based ordinary kriging (SOK) and
segment-based regression kriging (SRK), are proposed for the spatial prediction of
traffic volumes and masses of different types of vehicles. The segment-based spatial
prediction models can provide new insights into the spatial characteristics and spatial
homogeneity of a road segment during prediction. An R “SK” package is developed
for performing the segment-based spatial prediction models. Results indicate that they
can more accurately predict traffic conditions compared with traditional methods that
deal with point-based observations. The methods are utilized in estimating the burden

of road maintenance at road segment level across the road network.

Third, the comprehensive impacts of vehicles, climate, properties of road and
socioeconomic conditions on pavement infrastructure performance are investigated
using segment-based spatial stratified heterogeneity analysis. In addition to the
vehicles that are a primary factor of road conditions discussed above, various other
variables also have significant influence on the roads. Meanwhile, their impacts vary
greatly on different roads. The segment-based spatial stratified heterogeneity analysis
can provide both the impacts of single variables and their interactions. An R “GD”
package is developed for applying this approach. The approach in this study provides
new ideas for spatial analysis for segmented geographical data and can objectively

estimate the contributions of explanatory variables on pavement performance.

Finally, to more comprehensively describe the overall performance of road
infrastructure and to select a more accurate performance indicator, this study proposes
a model-driven fuzzy spatial multi-criteria decision making (MFSD) approach for
comparing different monitoring indicators and computing an overall indicator. The
MFSD method can both generate an indicator and support decision making by
integrating data-driven model-based decision making, fuzzy set theory, GIS and multi-
criteria decision making (MCDM). Results show that MFSD-based indicators can
more accurately describe the spatial distribution of road maintenance burden compared
with monitored indicators. The outcomes are applied in flexible multi-criteria decision

making for road maintenance and management.
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This study develops a series of new geospatial methods, and brings new
theories and technologies together, for comprehensive investigation of road
infrastructure performance and the factors of pavement performance. Using the
developed new methods, this thesis provides new findings of road infrastructure
performance from a geospatial perspective. In addition to the findings and outcomes,
academic and industrial contributions are also summarized and presented in this
research. From the academic perspective, this thesis enriches the types of spatial data,
presents new knowledge to the theories and methods of road and vehicle research, and
provides proper solutions to deep understand the data and the scientific problems.
From the practical perspective, with the new methods, data-driven outcomes, tools and
software, this study can support more accurate, geographically local and flexible
decision making, and benefit local communities, traffic and road authorities and

industries.
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Chapter 1 Introduction

1.1 Background

The road network is the predominant transportation infrastructure, and road freight
transportation is essential in socio-economic development for all nations. It is
estimated that 89% of the variations in freight transportation are associated with
economic conditions (Bennathan, Fraser, and Thompson 1992). However,
continuously increased freight volumes have caused a series of challenges for local
communities and road authorities. One of the primary impacts of road freight
transportation is the severe damage to road surfaces and rapidly aging roads compared
with maintenance plans. A direct result of such impacts is dramatically increased road
maintenance costs. The impacts of road freight transportation also can lead to
uncomfortable and unsafe driving, low quality of living environment for local
communities and inaccessibility to industrial facilities for industries when they use the

roads.

In recent years, the quantification of impacts of road freight transportation has
attracted researchers’ attention. A growing amount of data can be monitored through
various sensors by road authorities and freight transportation industries to estimate the
total masses of vehicles and road conditions. These data have been widely applied in
road and vehicle management, but more importantly, geographically local and flexible
analysis is still critically required for the effective and efficient management. To
achieve these objectives, a series of problems about theories and methods have to be

solved.

First, it is increasingly critical to investigate road infrastructure performance
and explore the factors from the geographical information systems (GIS) perspective.
Road performance and factors data are greatly varied across road network. GIS has
strengths in visualising the geospatial data with multiple layers, and supports accurate
and geographically local analysis of the associations between road performance and
factors. Thus, GIS provides diverse theoretical and methodological basis for the
geospatial analysis of road and vehicle issues. In addition, the integration of building
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information modelling (BIM) and GIS provides great potential of spatio-temporal
statistical analysis of both road and vehicle data in this research and issues in the broad
architecture, engineering and construction industry. BIM supports abundant semantic
and geometric information of construction components during the whole life cycle of
buildings and cities. GIS contains both theories and techniques of visualisation and
analysis of geographical and spatial information. BIM-GIS integration will merge the
new geospatial models that have been applied in spatial prediction, factor exploration

and decision making related to road infrastructure management.

From the GIS perspective, the road and vehicle spatial data that are linearly
distributed along roads and across road network are different from the traditional GIS
data sampled by points or areas. Thus, line segment-based spatial data of road and
vehicle attributes should be defined to more accurately describe traffic conditions and
road infrastructure performance. The impacts of freight transportation on roads across
the whole road network are generally predicted based on data at monitored points and
parts of road segments. The spatial data of roads and vehicles are characterised in the
spatial heterogeneity along road segments, which is totally different from the
traditional point-based spatial data. Thus, line segment based spatial data needs to be
properly defined and the corresponding prediction methods are required for more

accurate estimation of traffic conditions and impacts of freight transportation on roads.

Meanwhile, influence of heavy vehicle freight transportation on road
infrastructure performance need to be highlighted. Heavy vehicles are used as the
predominant tool for road freight delivery. The total number of heavy vehicles reached
4.14 million globally in 2017, which accounted for 4.26% of all vehicles in use
(International Organization of Motor Vehicle Manufacturers 2018). Even though the
heavy vehicles are much fewer than light vehicles, heavy vehicle freight transportation
is the primary type of freight delivery. For instance, in Europe, the percentage of heavy
vehicles is 2.15% of all vehicles, but they support 75.3% of the freight transport
including roads, railways and waterways (The European Automobile Manufacturers'
Association (ACEA) 2018, Eurostat 2018). In Australia, 2.33% of vehicles are heavy
vehicles, but the freight moved by road accounts for 52% of tonnages moved and 42%
of ton-kilometres travelled among the road, rail, sea and air networks (Australian
Bureau of Statitics ABS 2002). The mass of a heavy vehicle ranges from 42.5 t to

147.5 t (Main Roads Western Australia 2016a), while a light vehicle is only 1.65 t and
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the gross vehicle mass (GVM) is generally lower than 4.5 t in Australia (Department
of Transport - The Government of Western Australia 2016). Thus, due to the heavy

masses, the impacts of heavy vehicles are much higher than light vehicles.

Furthermore, road infrastructure is influenced by complex factors, including
road age and materials, surrounding climate environment, and socio-economic
conditions, in addition to the traffic vehicles. From the perspective of geospatial
analysis, the spatiotemporal non-stationarity of road and vehicle data has become
increasingly critical with more accurate quantitative research, innovative technologies
and smart management in recent years. The stationarity means that the spatiotemporal
law of a spatiotemporal random field is invariant across the study area and period.
Strict stationarity is difficult to test, and thus, secondary-order stationarity is
commonly assumed in geospatial analysis, which only requires the first two moments
of the spatiotemporal process. In traditional pavement engineering and construction
management, the variations of road and vehicle data are usually considered to be
stationary during the road planning, construction and maintenance phases. In different
places and periods of the whole life of roads, the variations of the values of road and
vehicle attributes are regarded as a constant. However, the geospatial objectives are
usually non-stationary due to the specific spatiotemporal characteristics. For the road
and vehicle data, non-stationarity is a common phenomenon in that performance varies
in different places with diverse climates and ecological environments, and during
various periods with associated seasonal effects, long-term trends and short-term
fluctuations (Qiu et al. 2013). Ignoring the spatiotemporal non-stationarity of road and
vehicle data might lead to the reduction of road life. Meanwhile, the lack of the
knowledge on the impact of local climate, environment and socio-economic conditions

on road can lead to uniformed and less effective strategies for road maintenance.

Finally, how to describe more aspects and provide more information of road
infrastructure performance still represents an area of great need, even though data on
additional indicators can be now collected through the development of sensing and
monitoring techniques. Two questions that are important to researchers and
practitioners need to be answered: which indicators are more reasonable and accurate
in capturing road performance and how to develop overall indicators that can reflect
the most relevant information from the monitoring data? To answer these questions,

geospatial multi-criteria decision making (MCDM) is utilized for computing overall
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indicators and making decisions on indicator selection. Different from previous
MCDM approaches, monitoring data for multiple indicators and geospatial
information associated with road infrastructure performance will be taken into account

in this study.

1.2 Scope

This study focuses on applying developed geospatial models for the analysis
and decision making of road and vehicle management. The scope of this study is
defined from three aspects: key issues, data and methods. First, the key issues to be
address include how to quantify the traffic environmental impacts of heavy vehicle
freight transportation, and what are the impacts. Since the issues are essential for
practical decision making of industries, data analysis, professional knowledge of
engineering and management and practical experiences should all be considered in the
study. Second, this study is a data-driven research, and data sourced from multiple
sources are generally converted to geospatial data statistical and spatial statistical data
analysis. Finally, for more effective and accurate analysis and decision making,

proposing developed geospatial models are critical for data analysis in the study.

1.3 Objectives

The aim of this research is to develop a methodology incorporating geospatial
models for mapping the traffic environmental impacts of heavy vehicle freight
transportation. This methodology will be applied using a geographically regional,
flexible, and accurate multi-criteria decision making (MCDM) model of road and

vehicle management. To achieve this outcome, four objectives are established:

(1) To critically understand road infrastructure performance and factors that
have influence on pavement from a GIS perspective. First, the burden of road
maintenance from heavy vehicles, the comprehensive impacts of multi-source factors
on road infrastructure performance, and the geospatial decision making approaches for
road infrastructure management will be reviewed. In addition, in order to better satisfy
users’ requirements in practical road and vehicle management, the BIM-GIS
integration, which is an emerging platform to merge the strong parts of BIM and GIS,

will also be reviewed and analysed from the aspect of spatio-temporal statistics.
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(2) To accurately investigate heavy vehicle impacts on the burden of road
maintenance. The line segment-based spatial prediction models will be developed and

the road maintenance burden caused by different types of vehicles will be evaluated.

(3) To investigate comprehensive impacts of multi-source variables on road
infrastructure performance. The accurate and geographically local impacts of vehicles,
climate and environmental conditions on road infrastructure performance will be

investigated.

(4) To develop geospatial MCDM methods for transportation authorities using
flexible, accurate and geographically regionalised decisions for road and vehicle
management, such as road performance assessment and road maintenance. The
usability and effectiveness of the developed models and decisions are validated
through both statistical validations and the comparison with the real defects of

pavement.

1.4 Significance

The following three main contributions can be obtained from this research:

(1) An innovative research program developing geospatial models for
accurate spatial analysis of road, traffic and the surrounding environment

problems.

This research innovatively develops geospatial models for the analysis of road
and traffic issues. In this research, spatial heterogeneity of line segment based spatial
data is investigated, and a series of segment-based spatial models are proposed.
Compared to previous methods, geospatial models developed in this research could
help describe and accurately map traffic and environmental impacts in terms of
segment-based observations, which is one of the primary theoretical contributions of
this research. Due to the improvement of geospatial models and multi-source variables,
the prediction and estimation accuracy of the impacts of heavy vehicle freight
transportation on road infrastructure performance will be significantly improved.
Meanwhile, the models address the problems of multiple traffic variables, their

nonlinear relationships with the impacts, spatial variability, spatial non-stationarity,



and segment-based spatial observations, which are all integral parts of the road and

traffic analysis that have been overlooked by previous studies.

(2) The development of flexible and accurate heavy vehicle freight

transportation related decision-making approaches.

Freight transportation by heavy vehicle is critical for the development of
industries, but it usually produces road damage, rapid road aging and increased road
maintenance burden and cost. Thus, it is necessary to establish flexible and accurate
decisions about road and heavy vehicle management. Data-driven model-based spatial
MCDM approaches that are able to accommodate uncertainty are proposed for spatial
data supported decision making. The proposed methods can provide accurate and
regional impact maps of heavy vehicles under various scenarios. The maps can support
flexible decision making, such as accurate decisions on road asset management.
Meanwhile, geospatial decisions support more effective monitoring and more accurate

analysis of road infrastructure performance.

(3) The optimisation of the road construction and management from a

geospatial perspective.

This research provides data-driven spatial analysis methods and more accurate
datasets for road construction and management. For easy use of the proposed methods,
software to implement the proposed spatial analysis methods is developed. The
developed R packages can be freely downloaded and applied by users. In addition, this
research integrates construction and procurement information from project-based BIM
with the geospatial analysis and decision making for road and vehicles management.
This is an important theoretical contribution for construction management. It can help
industry to optimise road construction and management through relevant strategies,
such as selecting the appropriate types of heavy vehicles, delivery routes and time

sequencing to match the available road infrastructure.

1.5 Thesis structure

The remaining thesis is organized as in Figure 1-1 and the details are explained

as follows.



Review Chapter 2 Heavy Vehicles and Road
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Figure 1-1. Structure of thesis and relationships of chapters

Chapter 2 reviews the background and methods of traffic vehicles studies and

the assessment of road infrastructure performance.

Chapter 3 explores the trends and opportunities of implementing BIM-GIS
integration in road construction and management from a spatiotemporal statistical

perspective.

Chapter 4 analyses the burden of road maintenance through segment-based
spatial prediction of traffic volumes and vehicle masses. Segment-based ordinary
kriging (SOK) and segment-based regression kriging (SRK) methods are proposed for

spatial prediction and burden estimation.

Chapter 5 presents the comprehensive impacts of various factors from multiple
sources on road infrastructure performance using segment-based spatial stratified
heterogeneity analysis. A segment-based geographical detectors model is utilized in

the exploration of factors.

Chapter 6 computes an overall relative indicator for describing road
infrastructure performance and compares the effectiveness and accuracy of different
indicators using a data-driven model-based fuzzy spatial multi-criteria decision

making (MFSD) approach.



Finally, Chapter 7 concludes the thesis and recommends future research

directions.



Chapter 2 Heavy Vehicles and Road Pavement

Performance: A Review

In this chapter, previous work about the impacts of heavy vehicles on the traffic
environment and the quantitative analysis methods are reviewed. The review aims to
investigate the methods of previous research and to identify the gaps and potential for
future development. It can provide a comprehensive understanding of the background
and knowledge base in multiple fields of this research. The review is organized as
follows. Section 2.1 reviews the background and methodology for assessing the
impacts of heavy vehicle freight transportation on the burden of road maintenance.
Section 2.2 presents a review of the comprehensive impacts of heavy vehicles and
climate environment on road pavement performance. In Section 2.3, from the
perspective of decision making, previous studies about the quantitative analysis of
geospatial multi-criteria decision making for road and heavy vehicle management are
reviewed. Finally, the trends and benefits of BIM-GIS integration in traffic

environment analysis and management are reviewed in Section 2.4.

2.1 Burden of road maintenance from heavy vehicle freight

transportation

Road transportation is one of the primary factors of road pavement damage that
links the burden of road infrastructure maintenance. To assess the burden of road
maintenance, the total masses of vehicles on the road network should be estimated.
Due to various traffic conditions, such as types and volumes of vehicles, the masses of
vehicles are distinct on different road segments. Thus, it is necessary to accurately
estimate and predict traffic volumes for different types of vehicles and on various road

segments across the road network to quantify the burden of road maintenance.

Accurate spatial prediction of traffic volumes is of great importance for
transportation analysis, planning and decision making. A wide range of methods have
been applied for spatial prediction issues in the fields of road and traffic planning
utilizing uncounted traffic data of road segments (Zou et al. 2012, Wang and

Kockelman 2009, Zou et al. 2011). These studies can be divided into two categories:
9



statistical approaches and imaging approaches. Statistical approaches include studies
such as multiple regression (Yang, Wang, and Bao 2011, Lowry 2014), time-series
analysis (Tang et al. 2015, Tan et al. 2013), the U.S. Federal Highway Administration
(FHWA) procedure (Rossi, Gastaldi, and Gecchele 2014, Guide 2012), machine
learning algorithms (Islam 2016) and geostatistical methods (Selby and Kockelman
2013). Imaging approaches provide predictions with the help of image data such as
light detection and ranging (LiDAR) data (Toth, Barsi, and Lovas 2003) and high-
resolution remote sensing data (Jiang, McCord, and Goel 2006, McCord et al. 2002).

Among these approaches, geostatistical or kriging-based methods are very
advantageous in providing insights into traffic behaviours across large spatial scales
by exploring spatial local correlations. These methods are a series of the best linear
unbiased estimators for spatial data with expected bias of zero and minimized expected
interpolation error, and can provide both predictions and their estimated uncertainty.
Thus, compared with other models, their predictions tend to be more accurate and
reliable. Comparison studies reveal that universal kriging (UK) performs much better
than non-spatial multiple regression (Zou et al. 2012, Selby and Kockelman 2011) and
has a small improvement over geographically weighted regression (Selby and
Kockelman 2013) in the spatial prediction of traffic volumes. In addition, traffic data,
such as traffic speed and volume, are spatially continuous and autocorrelated, which
means that traffic conditions at adjacent road segments are usually identical or similar.
Traffic congestion may appear at road intersections especially in regions with dense
human activities, and diffuse spatially leading to regional congestions (Zou et al.
2012). This phenomenon is explained as spatial autocorrelation that could be explored
by geostatistical methods (Prasannakumar et al. 2011). For instance, geostatistical
methods have been applied on traffic prediction issues including traffic count
estimation (Selby and Kockelman 2011, Selby and Kockelman 2013), speed prediction
of the traffic system (Hackney et al. 2007), travel time estimation (Miura 2010),
congestion analysis (Prasetiyowati et al. 2016) and incident assessment (Molla, Stone,

and Lee 2014).

However, all these studies utilize point-based spatial interpolation and they are
not straightforward in traffic prediction. Actually, point-based methods are dominant
for the interpolation of spatially continuous data over areas of interest, since spatial

distribution data are often collected from point sources (Li and Heap 2014, Song et al.
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2016, Song et al. 2015, Wang, Ge, Song, et al. 2014). But these methods simplify lines
of road segments with various shapes and lengths as single points. This simplification
process enables simple traffic modelling, but ignores the spatial characteristics and
spatial heterogeneity of lines of road segments. Ignoring these elements leads to
inaccurate predictions which can negatively affect decision making by road agencies.
Thus, a segment-based interpolation method is necessary for predicting uncounted

traffic data.

Previous studies have attempted to develop geostatistical methods for data with
variable spatial support instead of traditional point support or regular pixel support of
remotely sensed images. These methods include area-to-point kriging (ATPK) for
estimation from area data to point data (Goovaerts 2009), area-to-area kriging (ATAK)
for estimation of different areas (Pardo-Iguzquiza et al. 2011), top-kriging for
estimation of data with variable spatial characteristics (Skeien, Merz, and Bloschl
2005), and their relevant development such as area-to-area regression kriging
(ATARK) (Ge, Liang, et al. 2015) and area-to-point poison kriging (Goovaerts 2006).
They have been utilized for addressing interpolation problems with irregular spatial
support from runoff of river networks (Skeien, Merz, and Bloschl 2005, Skeien et al.
2014), geographical upscaling and downscaling (Ge, Liang, et al. 2015, Wang, Shi, et
al. 2015, Zhang et al. 2017), population estimation (Liu, Kyriakidis, and Goodchild
2008), and mapping disease and health data (Asmarian et al. 2012, Goovaerts 2006,
Asmarian et al. 2013). However, there are few research attempts to develop
geostatistical interpolation models for traffic prediction with the integration of the

irregular shape of road segments.

As an important continuous and regular construction task, cost effective road
maintenance greatly relies on accurate traffic volume predictions. Road maintenance
becomes increasingly critical for social and economic development, especially for
safe, accessible and serviceable travel and freight transportation. The primary
objectives of maintenance decisions of road networks include determining the road
segments to be repaired, repair periods and treatment strategies (Chan, Fwa, and Tan
1994). Among these works, road segment based maintenance burden analysis is a key
evidence and foundation for engineering studies on road damage (Fakhar and
Asmaniza 2016), evaluation of environmental impacts (Min et al. 2016) and

construction management of road maintenance (Gao, Zhang, and Li 2016). The
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gradual cracking and pulverization of road surfaces is usually caused by cumulative
vehicle masses, especially trucks or heavy vehicles (Bilodeau, Gagnon, and Doré
2017, Underwood et al. 2017), and the penetration of the road surface by saline
groundwater (Dasgupta et al. 2014). In addition, road damage varies by location, since
the degree and speed of the impacts of cumulative vehicle masses vary on different
roads that primarily serve passenger or freight transportation, and the impacts of
groundwater salinization are highly variable across space depending on the local
volume of water, and the age and composition of road materials. Previous studies have
stressed the importance of burden estimation of road maintenance due to its link with
maintenance cost, but few of them accurately and geographically predict the burden

distributions at segment level.

2.2 Comprehensive impacts of heavy vehicles and climate

environment on road pavement performance

The condition of road infrastructure is affected by numerous factors and varies
greatly on different roads. Road infrastructure is critical to the well-being and
economic health of all nations, so a large number of civil investments are made on
road construction and maintenance (Main Roads Western Australia 1996, Underwood
et al. 2017). The Australian Government spends more than $7 billion for maintaining
and renewing road infrastructure every year (Commonwealth Grants Commission -
Australian Government 2011), which accounts for about half of the aggregated public
roads budget in Australia (Department of Infrastructure and Transport - Australia
Government 2011). Road infrastructure plays an essential role in both public travel of
passengers and freight transportation. Main roads supported 77.4% of domestic
passenger travel (300.7 billion passenger kilometres (bpkm)) and 31.7% of domestic
freight transportation (213.9 billion tonne kilometres (btkm)) during 2015-16 financial
year in Australia (Department of Infrastructure and Regional Development - Australia
Government 2017). The main roads of Australia were primarily built in since 1940s,
when the factors affecting pavement conditions were seldom considered in the road
construction process. In fact, numerous factors, including traffic conditions, climate
and environment, and the characteristics of the pavement itself, have sophisticated and
significant influence on pavement condition (Neumann et al. 2015, Ede 2014).

Ignoring these factors in road construction and pavement materials selection may lead
12



to a cumulative burden, premature damage, reduction of longevity and increased costs
for road maintenance (Underwood et al. 2017, Wang et al. 2018). Thus, researchers
have started to pay attention to the quantitative analysis of the impacts of various
factors on pavement conditions in recent years. Pavement conditions are usually
monitored and analysed using indicators of pavement infrastructure performance, such
as deflections (Salour and Erlingsson 2013, Flintsch et al. 2013), roughness (Bridgelall
2013, Shah et al. 2013) and cracking (Solla et al. 2014, Yang and Deng 2017).

Vehicles and climate are two primary factors of pavement infrastructure
performance concerned in recent research. Impacts of vehicles on pavement
performance are from multiple aspects. Roads with high traffic volumes may face
higher risk of pavement damage and higher cost of road maintenance (Smith and
Peshkin 2011). Heavy vehicles produce substantial cumulative vertical stress on
pavement due to their heavy mass (Steenkamp, Berman, and Benade 2016, Lee and
Peckham 1990). Traffic mass overload can also increase risks of pavement damage
and pavement repair costs, compared with vehicles under legal loads (Pais, Amorim,
and Minhoto 2013). For climate factors, previous research generally uses temperature
and precipitation as the direct and most important factors for pavement performance
assessment. High temperatures and temperature variations usually lead to relatively
large deflections (Lukanen, Stubstad, and Briggs 2000), slab, alligator and transverse
cracking (Yu et al. 1998, Mohd Hasan, Hiller, and You 2016), strain rate reduction of
asphalt pavement (Yin et al. 2016), permanent deformation (Mohd Hasan, Hiller, and
You 2016) and increased pavement repair costs (Fletcher et al. 2016). Studies in the
United States show that the longitudinal cracking of pavement is greatly influenced by
temperature and precipitation, especially in wet climate areas where the expansion of
frozen water contributes to cracking (Mohd Hasan, Hiller, and You 2016).
Precipitation also may decrease pavement life (Mndawe et al. 2015) due to premature

damage of materials and structure.

To explore the impacts of the factors on pavement infrastructure performance,
two categories of methods have been commonly utilized in previous studies, including
engineering methods and statistical methods. A widely used engineering method is the
Pavement Design Mechanistic-Empirical (ME) model, which can calculate pavement
performance variations resulting from climate change, traffic, pavement structure and

materials, and is primarily applied on flexible and proper pavement design
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(Underwood et al. 2017, Chatti et al. 2017, Gu et al. 2017, Yang, You, et al. 2017).
The advantage of the method is that the expected performance and life of pavement
can be estimated by involving parameters related to pavement structure and materials
(Priest and Timm 2006, Li, Mills, and McNeil 2011). Another category of methods
involves data-driven statistical methods, such as correlation analysis, statistical tests
and regressions. For instance, Pearson correlation analysis and analysis of variance
(ANOVA) are applied on assessing the effects of temperature and precipitation on
pavement distresses, including various forms of cracking, rutting, pavement
deformation and roughness (Mohd Hasan, Hiller, and You 2016). A seemingly
unrelated regression model is utilized to study the impacts of the aggregate number of
heavy vehicles on the side force, roughness and profile depth of pavement (Caliendo,
Guida, and Pepe 2015). However, spatial heterogeneity is seldom considered in the
above two categories of methods, even though pavement infrastructure performance is
a typical geospatial problem. A major gap in the few considerations of spatial
heterogeneity is that pavement observation data are distributed along line segments of
the road network, which is different to traditional point or areal geographical
observations distributed across the whole space and designed to capture the full range

of variation of pavement condition and performance.

One of the primary objectives of spatial analysis is to explore spatially varied
and local impacts of factors on geographical issues (Song et al. 2017, Song et al. 2016,
Ge, Song, et al. 2017, Song et al. 2015, Cai, Huang, and Song 2017b). In this study,
segment-based spatial stratified heterogeneity analysis is utilized to deal with the
segment-based data and consider spatial heterogeneity in the assessment of pavement
infrastructure performance. Segment-based spatial stratified heterogeneity analysis
integrates optimal discretisation of segment-based data and the geographical detector.
Optimal discretisation aims at exploring the best combination, such as the
discretisation method and number of breaking intervals, for discretising continuous
variables. The geographical detector is a spatial statistical method that can analyse
relationships between geographical variables based on spatial variance and
geographical strata. The method was originally utilized to explore spatial stratified risk
factors of disease (Wang et al. 2010). The method is increasingly used in spatial
stratified heterogeneity analysis in broad fields, including public health (Ge, Zhang, et
al. 2017), land use (Gao et al. 2017), carbon emissions (Fang et al. 2017), air pollution
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(Zhou, Chen, and Wang 2018), economy (Yang, Hu, et al. 2017), etc., due to a series
of advantages in spatial analysis. A primary advantage is that no linear assumptions
are required for the relationships between explanatory and response variables, and for
the relationships between pairs of explanatory variables, since the method objectively
reveals the spatial associations between response and explanatory variables (Wang
2017). In addition, interactive impacts between two variables or among multiple
variables can be quantified with the geographical detector (Wang, Zhang, and Fu 2016,
Ju et al. 2016). Finally, the types and stratifications of explanatory variables are

flexible, where continuous variables can be discretised to categorical variables.

2.3 Geospatial multi-criteria decision making for road and heavy

vehicles management

2.3.1 How to characterize infrastructure performance

Road infrastructure is critical for passengers and freight transportation, and it
is one of the predominant factors for socio-economic development. In general, the
theoretical life of road infrastructure is about 25 — 40 years, which varies in different
nations and for different types of roads (Main Roads Western Australia 1996).
However, an increasing number of recent studies realize the lifespan might be
significantly reduced due to various reasons, such as high vehicle mass loads and
climate change, causing dramatically elevated and spatially uneven distribution of
risks of road damage. Thus, how to more accurately monitor and evaluate the
geographically local performance of road infrastructure raises researchers’ attention.
A practical and widely used approach is using one or more indicators to assess road
infrastructure performance, since the monitored data can directly and accurately reflect
road performance such as structural and functional conditions. The performance
indicators play an important role in the design, construction, maintenance,
management and ensuring safety and reliability during the whole life cycle of road

infrastructure (Council 1995).

The measures of road infrastructure performance are commonly used to
quantify the quality of service to road users. Road infrastructure performance is
generally measured from four perspectives: pavement condition, traffic capacity,

safety and population accessibility (Council 1995). Pavement condition measures
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reveal the structure and functional condition of the road surface (Dong and Huang
2015, Wadalkar, Lad, and Jain 2018). The traffic capacity of roads includes congestion
of traffic flows, travel time, and the ratio of actual traffic volume to volume capacity
(Colak, Lima, and Gonzalez 2016). Safety measures can examine if accident rates have
associations with the road design and pavement conditions (Anastasopoulos, Sarwar,
and Shankar 2016). Population accessibility measures are used to quantify the ease
and resources with which people can access facilities and services through road
transport (Song, Tan, et al. 2018). All the above measures are critical for the design,
planning, maintenance and optimization of both public facilities and road
infrastructure. This study focuses on the pavement condition measures. Pavement
performance can be evaluated from multiple aspects, such as structural and functional
indicators (Wadalkar, Lad, and Jain 2018). From the perspective of industrial practice,
pavement condition measures are usually classified into three categories: deformation
distresses, surface distresses and texture distresses. Commonly used deformation
distress indicators include deflection, curvature, roughness and rutting (Ferreira et al.
2011, Anastasopoulos et al. 2012, Sultana et al. 2018, Lin, Cho, and Kim 2016).
Surface distresses usually measures the cracking, ravelling, different types of
potholing and edge breaks on the pavement surface (Jain, Jain, and Jain 2017, Mullin,
Liu, and McHattie 2014, Thube 2012). Pavement surface texture distress can be
measured by the flushing and polishing conditions, texture depth and skid resistance
(Kennedy, Young, and Butler 1990, Asi 2007, Lee, Mannan, and Wan Ibrahim 2018,
Schnebele et al. 2015, Carmon and Ben-Dor 2018). These indicators are widely
applied for monitoring, maintenance and management of road pavement. However, a
single indicator generally cannot reflect the overall and comprehensive condition of
pavement, even it has advantages for assessing pavement performance from one
aspect. In fact, it is very difficult and challenging to have an overall indicator that can
reflect every aspect of pavement performance that is accurate, informative and
satisfactory for users (Council 1995). The overall indicators are usually more effective
for assessing pavement performance compared with single indicators (Shah et al.

2013).

In addition to the structural and functional road conditions that can be revealed
by the performance indicators, road infrastructure performance is also linked with the

properties of roads and their surrounding environment (Schweikert, Chinowsky,
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Kwiatkowski, et al. 2014, Schweikert, Chinowsky, Espinet, et al. 2014, Chinowsky et
al. 2015, Melvin et al. 2017). On one hand, the continuous increase of traffic volumes
brings a huge burden for road infrastructure. In 2015, the global number of motor
vehicles reached 923.6 million, which is 1.68 times the number in 2000 and 6.61 times
the number in 1965 (Williams, Davis, and Boundy 2017, Davis, Diegel, and Boundy
2015). The annual rate of increase decreased from 8.44% in 1965 to -0.10% in 1993,
and it is maintained at around 0% until 1999, but has started to increase since 2000.
The annual average rate of increase during 2000 to 2015 is 5.39%, where the rate
reaches 10.58% and 11.08% in 2000 and 2014, respectively. Meanwhile, the annual
average increase of the number of vehicles per capita is 1.27 from 1965 to 2000, but it
reaches to 2.71 from 2000 to 2015, and 4.25 from 2010 to 2015 (Williams, Davis, and
Boundy 2017). On the other hand, the increased burden of road infrastructure also
comes from the pronounced variability of climate change and extreme climate with
growing frequency and intensity. The increased vulnerability of road infrastructure due
to climate change is explored in a study in Alaska, United States. It reveals that climate
change related road damage may cause at least 4.2 billion USD and an extra 1.3 billion
USD by greenhouse gas emissions during this century (Melvin et al. 2017). Studies in
Asia and Africa also show the huge costs of climate change related road damage. For
instance, during this century, the average annual decadal costs for road infrastructure
maintenance may reach 7.6 billion, 2.0 billion, 0.6 billion, and 86.3 billion USD in
China, Japan, South Korean and Pan-Africa, respectively (Westphal, Hughes, and
Brommelhdrster 2015, Chinowsky et al. 2011, Strzepek et al. 2012). Thus, predictive
maintenance and proactive and resilience adaptions are required to reduce the impacts
of climate change on road damage and the burden of road infrastructure maintenance

(Melvin et al. 2017, Schweikert, Chinowsky, Kwiatkowski, et al. 2014).

2.3.2 Literature review of methodology

The MCDM is an effective approach for dealing with complex decision-
making problems. It can integrate the performance of decision alternatives across
multiple criteria from various sources to derive a compromise solution (Opricovic and
Tzeng, 2004). The MCDM is gradually improved by combining with methods and
techniques in specific professional fields. To involve geospatial data and methods in
decision making, the GIS-based MCDM (GIS-MCDM) method is proposed

(Malczewski, 2006). In addition, the fuzzy MCDM method is developed to quantify
17



the uncertainty in the decision making (Sudrez-Vega and Santos-Pefiate, 2014).
Compared with traditional decisions based on the knowledge and experience of
experts, data and model drive decision-making methods rely more on the data and data
analysis models, and they can effectively address sophisticated decision-making
problems (Sari and Zarlis, 2018). In this section, we review the literature and concepts
associated with the methodology to be applied in the research, including the MCDM
method, the GIS-MCDM method, the fuzzy MCDM method and the data and model

driven decision-making methods.

The MCDM is a complex and dramatic process consisting of goals definition,
available alternatives, various criteria and the preference structure of decision makers
who evaluate the alternatives in terms of the criteria (Opricovic and Tzeng 2004). The
commonly used MCDM methods include the AHP method (Saaty 2013, Saaty and
Decision 1990), TOPSIS method (Hwang and Yoon 1981), VlIsekriterijumska
Optimizacija I KOmpromisno Resenje (VIKOR) method (Opricovic 1998), multi-
objective optimization on the basis of ratio analysis (MOORA) method (Brauers and
Zavadskas 2006), weighted aggregated sum product assessment (WASPAS) method
(Zavadskas et al. 2012), ELimination Et Choix Traduisant la REalit¢ (ELECTRE)
method (Benayoun, Roy, and Sussman 1966, Roy 1968, Roy and Bertier 1971, Roy
and Bertier 1973, Roy 1978), preference ranking organization method for enrichment
evaluation (PROMETHEE) method (Brans and Vincke 1985, Brans, Vincke, and
Mareschal 1986), etc. Among the MCDM methods, the AHP and TOPSIS are more
practical for applications compared with other methods due to the simplicity and ease
of utilization (Sanchez-Lozano et al. 2013). The AHP method develops a hierarchical
structure of objectives, alternatives and criteria, and compares alternatives in terms of
the relative importance of the criteria and alternatives under each criterion using a pair-
wise comparison method (Saaty 2013). The TOPSIS method defines that the optimal
alternative should have “the shortest distance from the ideal solution and the farthest
distance from the negative-ideal solution” (Opricovic and Tzeng 2004), but it does not

perform pair-wise comparisons among criteria and alternatives under each criterion.

Further, GIS-MCDM is a critical spatial analysis method in geospatial decision
making that integrates information stemming from multiple sources, including both
spatial and non-spatial data (Feizizadeh et al. 2014, Sanchez-Lozano et al. 2013). GIS

is a broad field for dealing with geospatial data and applications, and is used for the
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storage and management of spatial and spatiotemporal data, visualization, spatial
analysis and decision making (Berry 1996b). Especially, GIS has advantages over
spatial and spatiotemporal characteristics analysis, factors exploration, prediction and
simulation (Song et al. 2017). The combination of GIS and MCDM methods gradually
becomes a framework for addressing sophisticated decision-making issues through
hierarchical organization and construction of spatiotemporal relationships for the
elements and components of the objectives (Malczewski 2006). Due to uncertainty in
the information and processes of decision, fuzzy theory is increasingly utilized in GIS-
MCDM studies, such as land use evaluation, water resources management and
infrastructure allocation issues (Zhang et al. 2014, Feizizadeh et al. 2014, Esmaelian
etal. 2015, Bingham, Escalona, and Karssenberg 2016, Malczewski and Rinner 2005).
Fuzzy set theory uses membership functions to describe the preference comparisons
of the attributes of interest (Chang 1996). The fuzzy set theory can describe uncertainty
of criteria using the degree of memberships for criteria in the MCDM process (Jiang
and Eastman 2000, Suédrez-Vega and Santos-Pefiate 2014). The fuzzy MCDM
approach provides greater flexibility for the evaluation in terms of geospatial data and

the GIS-MCDM process (Jelokhani-Niaraki and Malczewski 2015).

Meanwhile, compared with traditional decision making methods, data and
model driven decision-making approaches and support systems can deal with the
dramatically elevated complexity and uncertainty in the decision-making issues,
especially the mega decisions, interdisciplinary and cross-domain problems (Power
and Sharda 2007, Backer, Mertsching, and Bollmann 2001, Hedgebeth 2007).
Traditional decision making methods are driven by knowledge from experienced
decision makers and experts, so the accuracy of decisions depends largely on the
decision makers, and the biases and uncertainties caused from human factors are still
a critical problem (Power 2008, 2000). To reduce the biases and uncertainties from
human factors, data and model driven methods aim at supporting decisions using data
analysis models. Commonly used quantitative models of data and model driven
decision making include regression models, classification models, prediction models
and simulation models (Mandinach 2012, Sari and Zarlis 2018). However, data and
model driven decision approaches are still at initial stage of development and have
great potential. First, the framework and processes of data and model driven decision

making are a priori, and they can be varied in different problems and fields. In addition,
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the mainstream of current quantitative models of data analysis are linear and non-linear
statistical models, which are practical and direct to derive the relationships between
criteria and alternatives, but these methods are still limited in addressing sophisticated
issues, especially the spatial and spatiotemporal problems examining during the GIS-
MCDM process. Finally, most of previous studies use a single or a limited number of
statistical models to explore the relationships between criteria and alternatives in data
and model driven decision making. Due to the differences in mathematical concepts
of various statistical models and the parameters, the results of association functions
might be different, even some of them might be identical or similar. Thus, it is
necessary to apply more models to evaluate the relationships between criteria and

alternatives to improve the accuracy and reduce the uncertainties of decisions.

2.4 Trends and opportunities for BIM-GIS integration in the

architecture, engineering and construction industry

Worldwide growth of cities with rapid urbanization and global climate change
are the two most critical issues in the current world (Grimm et al. 2008, Satterthwaite
2009, McDonald et al. 2011). The concept of a smart sustainable city is an innovative
concept that has been widely considered since the mid-2010s and aims at improving
the quality of life of present and future generations under the conditions of
urbanization and global climate change (Hojer and Wangel 2015, Kramers et al. 2014,
Bibri and Krogstie 2017). With the wide utilization of information and communication
technologies (ICTs) and the internet of things (IoT), urban services will be more
efficient and cities will be more competitive for their socio-economic, environmental
and cultural conditions (Griffinger et al. 2016). Thus, a smart sustainable city is
characterized by widely used technology and comprehensive improvement of the
sustainability of urban lifestyle, which requires massive and multi-source data for the

use of technologies and management.

The integration of building information modelling (BIM) and geographic
information systems (GIS) is a strong support for smart sustainable cities due to
capabilities in data integration, quantitative analysis, application of technologies and
urban management (Ma and Ren 2017, Fosu et al. 2015, Yamamura, Fan, and Suzuki

2017b). BIM-GIS integration in construction management has been a new and fast
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developing trend in recent ten years, from research to industrial practice. BIM has
advantages in rich geometric and semantic information through the building life cycle
(Volk, Stengel, and Schultmann 2014), while GIS is a broad field covering
geovisualisation-based decision making and geospatial modelling (Berry 1996a).
Their respective advantages have been discussed in some of the previous review
articles (Liu et al. 2017, Pauwels, Zhang, and Lee 2017, Ma and Ren 2017). BIM-GIS
integration is to integrate the strong parts of both BIM and GIS for building and city
modelling. During the past ten years, BIM-GIS integration has been applied in multiple
cases such as visualization of construction supply chain management (Irizarry, Karan,
and Jalaei 2013), emergency response (Teo and Cho 2016, Xu et al. 2016, Wu and
Zhang 2016), urban energy assessment and management (Salimzadeh, Sharif, and
Hammad 2016, Romero et al. 2016, Costa et al. 2016), heritage protection (Yang,
Koehl, et al. 2016, Bento et al. 2016), climate adaption (Hjelseth and Thiis 2009) and

ecological assessment (Zhou and Castro-Lacouture 2016).

In previous BIM-GIS integration studies, researchers spent a lot of efforts on
the integration technologies. Various BIM-GIS integration methods are proposed to
address different problems (Pauwels, Zhang, and Lee 2017, Liu et al. 2017). For the
integration pattern, more than half of the researchers prefer to extract data from BIM
to GIS, and others integrate GIS data to BIM systems or integrating both BIM and GIS
data on a third-party platform (Ma and Ren 2017). For instance, Industrial Foundation
Class (IFC) and City Geography Markup Language (CityGML) are two of the most
popular and comprehensive standards for exchanging semantic 3D information and
geographic data for BIM and GIS respectively, and they are the primary standards for
BIM-GIS integration (Groger and Pliimer 2012, Deng, Cheng, and Anumba 2016b,
Hijazi et al. 2010). During the integration process, some significant details are lost due
to the extraction and simplification of data from one system to another (Yuan and Shen
2010). To avoid information losses, the unified building model (UBM) is proposed to
cover information of both IFC and CityGML models (El-Mekawy, Ostman, and Hijazi
2012).

Even though many technical issues related to the integration of BIM and GIS
have been fully or partially addressed, few theoretical studies address how to fully
integrate the respective strengths of BIM and GIS for further quantitative analysis.

Spatial or spatio-temporal statistical modelling for the analysis of patterns and
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exploration of relationships is regarded as the central function of GIS (Bailey 1994,
Marshall 1991, F Dormann et al. 2007, Wang, Zhang, and Fu 2016, Wang et al. 2012),
but it is scarcely mentioned in BIM-GIS integration studies. During the past thirty
years, spatio-temporal statistical modelling has been widely applied to geosciences
including geology, geography, agriculture, ecology, atmospheric science, hydrology,
etc. (Fischer and Wang 2011), and location-based studies in other fields such as urban
planning (P4ez and Scott 2005, Chun and Guldmann 2014, Cai, Huang, and Song
2017a), public health (Wang et al. 2010, Yang, Xu, et al. 2017) and social science (Ge,
Yuan, et al. 2017, Ren et al. 2017, Chen and Ge 2015, Liao et al. 2017). From the
perspective of the architecture, engineering and construction (AEC) industry, with the
wide application of BIM, especially the collection of massive data, accurate
mathematical modelling is required for the analysis and assessment of each stage of
AEC industry, quality, cost, progress, safety, contract and information management,

and coordination of various sectors.
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Chapter 3 BIM-GIS Integration in Road
Maintenance and Management: A Spatiotemporal

Statistical Perspective

3.1 Introduction

This chapter aims to summarize applications of BIM-GIS integration and
propose the potential of its future development in the AEC industry from a spatio-

temporal statistical perspective.

In this thesis, the applications of BIM-GIS integration to characterize its
evolution from three aspects are reviewed, (1) applications of BIM-GIS integration in
the AEC industry during past ten years, (2) history of BIM-GIS integration from the
perspective of surveying and mapping, and (3) comparative study of the evolution of
GIS, BIM and integrated BIM-GIS. The analysis of evolution of BIM-GIS integration
enables further and deep understanding of the central functions and primary scope of
BIM, GIS and their integration. Based on the analysis, this review aims at summarizing
the trends of applying BIM-GIS integration in the AEC industry and proposing
potential opportunities of BIM-GIS integration from the perspective of spatio-
temporal statistical modelling. As a result, we propose three hypotheses for future

development of BIM-GIS integration.

This review-based analysis is structured as follows. Section 3.2 summarizes
the methodology of review for the status quo of current applications of BIM-GIS
integration globally. Section 3.3 analyses the evolution of BIM-GIS integration from
the three aforementioned aspects. Section 3.4 discusses future trends and proposes
potential opportunities of BIM-GIS integration in the AEC industry. Section 3.5

concludes this analysis.

3.2 Methodology of review

In this thesis, the integration of BIM-GIS is reviewed to characterize the

evolution of BIM-GIS integration. An evaluation of research and practical trends and
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gaps is undertaken in order to propose the future opportunities. To achieve this goal,
the literatures is analysed from three aspects. First, the current application trends since
the concept of BIM-GIS integration are explored. Publications associated with BIM-
GIS integration are collected and statistically analysed. The literature is summarized
according to multiple indicators including the annual number of publications, annual
citation times, distribution of publications across countries/regions and
universities/institutes, research areas the publications belong to, and the primary
journals and conferences for BIM-GIS integration studies. The evolution of BIM-GIS
integration needs to be described and the reasons why it has developed in this direction
will be further discussed. Finally, the potential prospects, opportunities and drawbacks
are evaluated from the spatio-temporal statistical perspective so that the functional

analysis can be fully utilized in the practices of AEC industry.

Literature about BIM-GIS integration was retrieved from the Web of Science
™ Core Collection. Both journal and conference articles were retrieved. Journals are
limited to Science Citation Indexed (SCI) or Social Sciences Citation Indexed (SSCI)
journals, and conferences are indexed by the Conference Proceedings Citation Index-
Science (CPCI-S) or Conference Proceedings Citation Index-Social Science &
Humanities (CPCI-SSH). “BIM” and “GIS” are keywords with the operator of “AND”
for searching the topic of the literature, which includes title, abstract, author keywords
and keywords plus®, and the publication language is limited to English. As a result, 99
research articles were retrieved (before September 2017). Three articles among them
were not related with BIM-GIS integration and they were removed. Thus, 96 articles
concerning BIM-GIS integration were collected, including 36 articles from SCI/SSCI

indexed journals.

3.3 Evolution of BIM-GIS integration

The evolution of BIM-GIS integration is characterized by three aspects:
application evolution in AEC industry, history from the perspective of surveying and
mapping, and comparison study of the evolution of GIS, BIM and integrated BIM-
GIS. The three aspects of BIM-GIS integration evolution are discussed in the

following subsections.
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3.3.1 Application evolution in AEC industry

The evolution of BIM-GIS integration in the AEC industry reveals that BIM-
GIS integration has moved from simple cases to deep considerations and complex

applications.

Most of the early studies try to address technological problems of integration.
In general, multiple integration methods are proposed to address various problems (Liu
et al. 2017, Pauwels, Zhang, and Lee 2017). A mainstream of integration methods is
extracting BIM data to the GIS context (van Berlo and de laat 2010, Liu et al. 2014).
While, during this process, some significant details are lost (Yuan and Shen 2010). To
address this problem, a unified building model (UBM) covering both IFC and
CityGML models is utilized to avoid detail loss (El-Mekawy, Ostman, and Hijazi
2012). In addition, to ensure the construction details, geometric topological and
semantic topological modelling are applied on capturing 3D features (Li et al. 2016),
such as the application of floor topology detection (Dominguez, Garcia, and Feito
2012). A series of methods are also proposed to ensure the interoperability of BIM and
GIS, such as semantic web technology (Karan, Irizarry, and Haymaker 2016, de Farias,
Roxin, and Nicolle 2015), semantic-based multi-representation approaches (Mignard,
Gesquiere, and Nicolle 2011), implementation of prototypes (Hwang, Hong, and Choi
2013), and resources description framework (RDF) (Hor, Jadidi, and Sohn 2016).

After the initial development, researchers started to propose new standards and
methods for building and urban database management. Concept of level of details
(LoD) in CityGML is applied on the representation and management of buildings and
building elements during BIM-GIS integration (Geiger, Benner, and Haefele 2015,
Ryu and Choo 2015, Deng, Cheng, and Anumba 2016b). Studies also explain the
techniques for the storage, query, exchange and management of spatial information
(Musliman, Abdul-Rahman, and Coors 2010, Borrmann 2010, Isikdag, Zlatanova, and
Underwood 2012, Zlatanova, Stoterand, and Isikdag 2012, Sergi and Li 2014,
Ryzynski and Nalecz 2016). A web-based open source platform is considered as a
well-behaved tool for the sharing and fusion of 3D information in digital buildings
(Delgado et al. 2015, Isikdag 2015, de Farias, Roxin, and Nicolle 2015, Park and Kim
2016, Kunchev 2016). In addition to building and urban database management,

comparison studies and comprehensive applications are performed to explore the
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advantages and disadvantages of 3D display methods and software, including 3D GIS,
BIM, CAD, CityEngine, 3D Studio Max and SketchUp (Cengiz and Guney 2013, El
Meouche, Rezoug, and Hijazi 2013, Jia and Liao 2017, Mijic, Sestic, and Koljancic
2017).

More specifically, publications are categorized based on their application areas
and publication years to reveal the application evolution of BIM-GIS integration in the
AEC industry (Table 3-1). Applications are classified into two categories according to
the application object, a building or a city. The applications with the object of buildings
are classified into four categories according to the construction phases, including
planning and design, construction, operation and maintenance, and demolition. Results
show that the application objects consist of both buildings and cities, which includes
urban infrastructure. For applications with objects of buildings, 61% of the studies
focus on the operation and maintenance phase but only a few studies explore the

demolition phase.

Table 3-1. Application evolution of BIM-GIS integration in AEC industry

Application oo
object Building
; City
Construction  Planning and . Operation .
ha desien Construction and Demolition
phase eS8 Maintenance
Fire response
(Isikdag,
Underwood,
. . and  Aouad
Slt'e selection 2008);  Web 95 ity
Year (Isikdag, . i
2008  Underwood service (Doellner and
and Aou;l d (Lapierre and Hagedorn
2008 Cote 2008); 2008).
)- Disaster
scenarios
(Lapierre and
Cote 2008).
Sé;mta;teion Urban renewal
2009 (Hjeplseth and projects (Kim
Thiis 2009). et al. 2009).
Urban facility
Urban management
renewal (Hijazi,
2010 projects (Choi Ehlers, and
et al. 2010). Zlatanova
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2010, Hijazi et
al. 2010) (e.g.



2011

2012

2013

2014

2015

Construction
safety
planning
(Bansal
2011a);
construction
space
planning
(Bansal
2011b).

Site selection
of solar
panels
(Andrey and
Luiza 2013).

Building
design  and
preconstructi

Visualization
of
construction
time control
(Elbeltagi and
Dawood
2011).

Highway
construction
management
(Fu et al
2012).

Visualization
of
construction
supply chain
management
(CSCM)
(Irizarry,
Karan, and
Jalaei 2013).

Existing
buildings
maintenance
(Godager
2011).

Emergency
response
(Zlatanova,
Stoterand,
and Isikdag
2012).

Indoor
navigation
(Isikdag,
Zlatanova,
and
Underwood
2013);
heritage
protection
(Bianco, Del
Giudice, and
Zerbinatti
2013).

Fire
simulation
and response
(Chen, Wu, et
al. 2014);
heritage
protection
(Mezzino
2014); large
building
operation
(Forsythe
2014).

Facility
management
(Kang  and
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Construction
waste
processing

road
maintenance
(Monobe and
Kubota
2010)); urban
design (Gil et
al. 2010).

Urban
response
(Chambelland
and Gesquiere
2012); human
activity  and
land use
(Porkka et al.
2012)

crisis

Urban
representation
(Rua, Falcao,
and Roxo
2013,
Stojanovski
2013).

Urban facility
management

(Mignard and
Nicolle 2014)

(e.g. traffic
planning
(Wang, Hou,

et al. 2014)).

Tunnel
modelling
(Borrmann et



2016

on operations
(Karan and
Irizarry 2015,
Gocer, Hua,
and Gocer
2015);
building
energy design
(Niu, Pan, and
Zhao 2015,
Iadanza et al.
2015).

Building
design (Kari
et al. 2016).

Urban
renewal
projects
(Gocer, Hua,
and Gocer
2016).
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Hong 2015);
indoor
emergency
response
(Tashakkori,
Rajabifard,
and Kalantari
2015);
heritage
protection
(Baik,
Yaagoubi,
and Boehm
2015, He et
al. 2015).

2015).

Flood damage
assessment
and
visualization
(Amirebrahi
mi et al
2016b, Lyu et
al. 2016,
Amirebrahim
ietal. 2016a);
indoor
emergency
response and
route
planning (Teo
and Cho
2016, Xu et
al. 2016, Wu
and  Zhang
2016); hazard
identification
and
prevention
(Ebrahim,
Mosly, and
Abed-Elhafez
2016, Hu et
al. 2016,
Ferrari  and
Sasso 2016);
heritage
protection
(Yang, Koehl,
et al. 2016,
Bento et al.
2016);
ecological
assessment
(Zhou and
Castro-
Lacouture
2016).

(Liu et al

al. 2014);
energy
assessment
and
management
(Ronzino et al.
2015,
Redmond,
Fies, and Zarli
2015, De
Hoogh et al.
2015); district
modelling
(Del Giudice,
Osello, and
Patti 2015).

Traffic
analysis
(Deng, Cheng,
and Anumba
2016a);
walkability
evaluation of
urban  routes
(Kim et al.
2016); energy
assessment
and
management
(Salimzadeh,
Sharif, and
Hammad
2016, Romero
et al. 2016,
Costa et al
2016); utility
compliance
checking (Li,
Cai, and
Kamat 2016).
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Lift planning Resilient Management Energy
of construction of  property assessment
disassemblin  supply chain interests and

2017 g offshore oil management  (Atazadeh, management
and gas (CSCM) Rajabifard, (Yamamura,
platform (Tan (Wang et al. and Kalantari Fan, and
et al. 2017). 2017). 2017). Suzuki 2017a).

As can be seen from the annual variations, applications tend to be diverse and
complex from 2008 to 2017. Emergency and disaster simulation, response and
management is a typical and hot topic (Isikdag, Underwood, and Aouad 2008,
Zlatanova, Stoterand, and Isikdag 2012, Lapierre and Cote 2008, Chen, Wu, et al.
2014, Tashakkori, Rajabifard, and Kalantari 2015). It has drawn more attention
recently as there were nine publications related to this topic in 2016 (Amirebrahimi et
al. 2016b, Lyu et al. 2016, Amirebrahimi et al. 2016a, Teo and Cho 2016, Xu et al.
2016, Wu and Zhang 2016, Ebrahim, Mosly, and Abed-Elhafez 2016, Hu et al. 2016,
Ferrari and Sasso 2016). This topic is a typical BIM-GIS integration problem that
should be addressed with both large spatial scale and detail considerations of
construction components. Maintenance and renewal of existing buildings is studied
since 2010 (Choi et al. 2010, Godager 2011). This topic has great potential in future
studies, since there will be high demand in the future for maintenance and renewal of
existing buildings as a result of the age profile of the global building stock in developed
nations and urbanized regions in developing nations. Maintenance and renewal of
existing buildings has been a great challenge for BIM and represents a lot of
opportunities for BIM-GIS integration. Compared with the management of old
buildings, construction planning and design is more about new buildings. Applications
of BIM-GIS integration on planning and design include multiple aspects, such as site
selection and space planning (Isikdag, Underwood, and Aouad 2008, Andrey and
Luiza 2013), climate adaptation (Hjelseth and Thiis 2009), safety planning (Bansal
2011a), building design and preconstruction operations (Karan and Irizarry 2015,
Gocer, Hua, and Gocer 2015, Kari et al. 2016), energy design (Niu, Pan, and Zhao
2015, Tadanza et al. 2015) and planning of disassembling process (Tan et al. 2017).
The popular topics of applying BIM-GIS integration on buildings also include indoor
navigation (Isikdag, Zlatanova, and Underwood 2013), heritage protection (Bianco,
Del Giudice, and Zerbinatti 2013, Mezzino 2014, Baik, Yaagoubi, and Boehm 2015,
He et al. 2015, Yang, Koehl, et al. 2016, Bento et al. 2016), construction supply chain
management (Wang et al. 2017, Irizarry, Karan, and Jalaei 2013), mega projects
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management (Forsythe 2014), ecological assessment (Zhou and Castro-Lacouture
2016), etc. For the applications of BIM-GIS integration on cities, 3D urban modeling
and representations (Doellner and Hagedorn 2008, Rua, Falcao, and Roxo 2013,
Stojanovski 2013), urban facility management (Hijazi, Ehlers, and Zlatanova 2010,
Hijazi et al. 2010), and emergency response (Chambelland and Gesquiere 2012) are
the primary aspects at the beginning of the integration attempt. In recent years, more
studies utilize BIM-GIS integration to characterize human activities and their
relationships with cities, such as traffic planning and analysis (Wang, Hou, et al. 2014,
Deng, Cheng, and Anumba 2016a), walkability analysis (Kim et al. 2016), and energy
assessment and management (Ronzino et al. 2015, Redmond, Fies, and Zarli 2015, De
Hoogh et al. 2015, Salimzadeh, Sharif, and Hammad 2016, Romero et al. 2016, Costa
et al. 2016, Yamamura, Fan, and Suzuki 2017a).

The applications of BIM-GIS integration cover all construction phases of
buildings, and city and urban infrastructure. In the applications, the strong parts of
BIM and GIS are generally integrated for building and city modelling, but the
respective functions of BIM and GIS utilized in these applications tend to be similar.
BIM presents the rich geometric and semantic information of buildings, cities and
infrastructure through the life cycle (Volk, Stengel, and Schultmann 2014).
Meanwhile, GIS is commonly regarded as a 3D visualization system of built
environment and urban system in current applications of BIM-GIS integration. The
above summary of applications BIM-GIS integration reveals that current applications
have three primary advantages. First, data and information with multiple spatial scales
are integrated to address problems related to both construction components and built
environment. This is also a starting point of using BIM-GIS integration. Second, the
primary function of BIM has been applied that provides complete and detailed
geometry and material information of building components. Finally, visualization-
based analysis improves the efficiency and performance of construction management

in AEC projects.

However, the applications are still limited in the use of integrated BIM-GIS,
and the strengths of both BIM and GIS have not been fully integrated and utilized.
First, the utilization of primary functions of GIS is very limited, since GIS is a broad
field covering geovisualisation-based decision making and geospatial modelling

(Berry 1996a) instead of a system of 3D visualization of built environment and cities.
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Spatial and spatio-temporal statistical analysis are seldom considered and used in the
current applications of BIM-GIS integration. Second, BIM provides geometry and
semantic information of construction components, but the information of user
requirements of AEC projects is rarely involved in BIM. In recent years, it is a
necessary part of BIM applications to study and propose solutions of user requirements
such as quality, time and cost management. Third, LoD is applied on the representation
and management of buildings and building elements in IFC and CityGML models, but
it has not been treated as the spatio-temporal attributes during the integration processes

of analysis and decision making.

3.3.2 History from the perspective of surveying and mapping

Analysis of the application evolution of BIM-GIS integration indicates a trend
to use integrated BIM-GIS to address diverse and complex problems in the AEC
industry. Seen from the perspective of surveying and mapping histories, integrated
BIM-GIS would have broader and deeper theories and methods for applications.
Figure 3-1 shows the history of BIM-GIS integration from the perspective of surveying
and mapping. GIS and BIM are the products of digitization of two sub-disciplines of
surveying and mapping, geodesy and engineering survey. On one hand, a central
function of GIS is to analyse patterns and explore relationships of spatial data, which
are primarily collected by geodetic methods (Bailey 1994, Marshall 1991, F Dormann
etal. 2007, Wang, Zhang, and Fu 2016, Wang et al. 2012). One of the primary products
of field geodetic work is topographic maps with large spatial scales indicating terrain
characteristics, infrastructure, buildings and land cover. After digitization of
topographic maps, spatial data depicting natural attributes become data layers of GIS
(Chang 2006). Further, due to the capability of spatial analysis, GIS becomes a science
and system to analysis spatial data and have deep and comprehensive understanding
of natural processes (Fischer and Wang 2011). On the other hand, BIM was originally
used as a platform for model visualization, data exchange and analysis of digitized
engineering drawings of buildings or infrastructure (Eastman et al. 2011). With wide
applications from design to maintenance stages of construction management, BIM is
changing the AEC industry (Wang, Sun, et al. 2015). BIM emerges as a system of
creating, sharing, exchanging and managing building and urban information
throughout the whole lifecycle among all stakeholders (Wang, Zhang, et al. 2015).

Thus, in theory, beyond technology integration, i.e. platform or system integration,
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BIM and GIS have great potential to be integrated from multiple aspects including
integration of database management, theories and methods, analysis and products, etc.
For addressing urban problems, both BIM and GIS emphasize the utilization of ICTs
and new technologies. In addition to the ecological, energy and environmental issues
solved by integrated BIM-GIS, BIM is also associated with the sustainability of
buildings and urban infrastructure through a series of new methods such as lean
production (Peng and Pheng 2011b, Wu and Feng 2012, Peng and Pheng 201 1a, Peng
2010), carbon emission assessment (Wu, Xia, and Wang 2015, Wu et al. 2016, Wu,
Feng, et al. 2015, Wu et al. 2014, Wu et al. 2017) and green building design (Xia et al.
2014). Therefore, BIM and GIS can be integrated at various stages for analysis in AEC
industry and these integrations together can contribute to the theory and practice of

smart sustainable cities.

Subdiscipline Primary products Primary technologies
ﬁ\ i}'\f‘ (0 * Global positioning system
- . 3
¢ . % s 7 ol (GPS)
~ % = " “ZJ &7 . * Remote sensing (RS)
Geodesy T()p()graphic maps M Geographical information
system (GIS)
Gl e * Computer-aided design M
(e = p g
g (CAD)
= * Building information
Engineering survey ~ Engineering drawings modelling (BIM)
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Geosciences-based architecture, engineering ¢ Database * Analysis and products
and construction (AEC) industry

<

Figure 3-1. History of BIM-GIS integration from the perspective of surveying and
mapping.
3.3.3 Comparison of evolution of GIS, BIM and integrated BIM-GIS

Compared with GIS, BIM is still relatively young and primarily serves as a
collaborative platform, and more efforts are required to deeply understand and apply
BIM in the AEC industry (Wang et al. 2016). Integrated BIM-GIS is in its initial stage
and it has rapidly developed in the last three years. In general, both GIS and BIM have

experienced six primary evolution stages, including origins, system development,
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digitalization and visualization, database management, visualization-based analysis

and mathematical modelling (Figure 3-2).
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Figure 3-2. Comparison of evolution of GIS, BIM and integrated BIM-GIS

Spatial analysis of patterns and relationships is the central function of GIS
(Bailey 1994, Marshall 1991, F Dormann et al. 2007, Wang, Zhang, and Fu 2016,
Wang et al. 2012), which was first utilized in the analysis of epidemiology in France
and London in the mid-nineteenth century (Rezaeian and Pocock 2012, Jangra et al.
2013, Foster 2013). The term GIS was first used for regional planning by Roger
Tomlinson in 1968 (RF 1969, Drummond and French 2008, Ezekwem 2016). The
development of computer technology promoted GIS system development, such as
Canada GIS (CGSI) for natural resources mapping (Griffith 1980, Fisher 1980) and
ArcGIS for commercial applications (Johnston et al. 2001). GIS gradually developed
through the computer mapping, spatial database management, visualization-based
mapping analysis and spatial statistical modelling from the 1970s to 2000s, and has
been widely applied to natural resources, facility management, public health, business
and agriculture fields (Berry 1996a). In this thesis, the theories and methods of spatio-
temporal data analysis are summarized according to the research and application
objectives, as listed in Table 3-2, including the description of spatio-temporal
characteristics, exploration of potential factors and spatio-temporal prediction,
modelling and simulation of spatio-temporal processes, and spatio-temporal decision
making. In this way, researchers and practitioners of the AEC industry can easily

access the methods and select proper methods in AEC projects.
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Table 3-2. Summary of theories and methods of spatio-temporal data analysis

;{pf;fiizlilon and Theories and methods of spatio-temporal data Exemplar models
. analysis (Wang, Ge, Li, et al. 2014) P
objectives
- Spatio-temporal visualization (MacEachren et
al. 1999); - Spatio-temporal scan statistics
(Kulldorff 1997);
- Time-series of spatial statistical indicators;
- Self organization mapping
Description of - Spatio-temporal indicators that reveal the (Kohonen 1990);
spatio-temporal comprehensive statistics of spatial and temporal
characteristics variations (Wang, Ge, Li, et al. 2014); - Spatio-temporal kriging (Cressie
and Wikle 2015);
- Spatio-temporal clustering and hotspots
exploration (Wang, Ge, Li, et al. 2014); - Bayesian maximum entropy
(BME) model (Christakos 2000).
- Spatio-temporal interpolation.
- Spatio-temporal multiple linear
regression;
- Spatio-temporal panel model;
- Spatio-temporal Bayes
Exploration of hierarchical model (BHM)

potential factors and

spatio-temporal Spatio-temporal regression.

prediction

Modelling and . Spatio-temporal process modelling;
simulation of spatio-

temporal process - Spatio-temporal evolution simulation.

Spatio-temporal

decision making Spatio-temporal decision-making model.

(Haining 2003);

- Geographically and temporally
weighted regression (GTWR)
(Huang, Wu, and Barry 2010);

- Spatio-temporal generalized
additive model (GAM) (Wood
2017).

- Cellular automation (CA) (Li
and Liu 2007);

- Geographical agent-based model
(ABM) (Lin and Gong 2001);

- Computable general equilibrium
model (Yong and Jinfeng 2008).

Spatio-temporal multi-criteria
decision making (MCDM) (Van
Orshoven et al. 2011, Mollalo and
Khodabandehloo 2016).

BIM was first known as a building description system for digitization and

visualization of building components in 1974 (Eastman et al. 1974). BIM was first

termed by Van Nederveen and Tolman in 1992 (Van Nederveen and Tolman 1992),

but became popular in the 2000s due to wide commercialization by Autodesk, Bently,

Graphisoft, etc (Autodesk 2002, Laiserin 2003). BIM has been fast growing in the past

ten years. For digitization and visualization, level of details/development (LoD) is

applied in BIM to reflect the progression of the modelling geographic representation
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from the lowest LoD of general 2D to the highest LoD of BIM involving 3D models
and corresponding detailed non-geometric information (Fai and Rafeiro 2014, AIA
2008, Bedrick 2013). BIM database management system (BIM-DBMS) is used for
AEC data organization and management, and requires BIM-specific data management
practices to ensure efficient applications for teams and projects (Singh, Gu, and Wang
2011, Pavan et al. 2014). BIM-supported virtual design and construction (VDC) is a
significant and fast expanding technology for visualization-based analysis and
decision-making in the AEC industry (Gilligan and Kunz 2007, Khanzode, Fischer,
and Reed 2008). Due to the requirement of applying BIM on mega projects, urban
management and other complex situations, multiple dimensions such as time, cost and
environmental impacts, are added to 3D BIM for mathematical modelling and analysis.
For instance, 4D BIM enables project time allocation and construction sequence
scheduling simulations. 5D BIM supports real time cost planning. 6D BIM is used for
sustainable element tracking, and 7D BIM can help the life cycle of facility
management (Smith 2014, Tkerd 2010). The concept of nD BIM is also proposed to
allow all stakeholders to work cohesively and efficiently during the whole project life-
cycle, and retrieve and analyse information of scheduling, cost, sustainability, main
tenability, stability and safety (Ding, Zhou, and Akinci 2014, Aouad, Lee, and Wu
2005, Lee et al. 2005, Succar 2009).

Analysis of application evolution of integrated BIM-GIS in the AEC industry
reveals that BIM-GIS integration is primarily first used for urban emergency
simulation, response and management. There are primarily three types of integration
methods, extracting BIM data on GIS platforms, extracting GIS data on BIM platforms
and using the third-party platforms, where more than half of the researches prefer the
first method (Ma and Ren 2017). Even most of the current studies focus on integration
technologies, few of them propos an independent system to achieve integrated BIM-
GIS. For the digitalization and visualization of integrated BIM-GIS, a mainstream
approach is still required to visualize elements on respective BIM or GIS systems.
Meanwhile, few studies discuss the issues about BIM-GIS database management and
the data sets of BIM and GIS tend to be managed independently. Above discussion
also reveals that studies about BIM-GIS integration have rapidly increased since 2015

and tend to have been applied to more complex AEC cases and scenarios in the recent
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three years. However, there is still a limited number of practical case studies and the

integration lacks well supported theories.

A key problem of current BIM-GIS integration is that the integrated BIM-GIS
supported analysis and decision making is still in the initial stage. For visualization-
based analysis, the advantages of mapping analysis of GIS and VDC of BIM are
combined and fully utilized (Figure 3-3), especially the mapping analysis such as
spatial proximity analysis, overlay analysis and network analysis. For mathematical
modelling, few studies involve both spatial or spatio-temporal statistical modelling of
GIS and 4D/nD BIM to address AEC issues. In previous BIM-GIS integration studies,
very limited studies utilize spatio-temporal statistical modelling in the applications,
even though it is the central function of GIS. Most studies treat GIS as a 3D display
platform for geovisualisation of large scale spatial data. However, it should be noted
that in the recent twenty years, GIS is generally known as “geographical information
science” that covers theories, concepts, methods, systems, database management,
applications and decision making (Goodchild 2010). Spatio-temporal statistical
modelling is used for accurate modelling of spatial and temporal patterns, exploration
of relationships and potential statistical factors, prediction of future distribution
scenarios and statistics-based decision making. Therefore, there is great potential for
more accurate, deep and flexible application of integrated BIM-GIS and development

of its specific theories and methodologies.
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\ Public application -
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Figure 3-3. Relations among current and future evolution stages of BIM-GIS

integration

In addition to the lack of deep analysis and mathematical modelling, there are
still massive blanks to be filled for future BIM-GIS integration as shown in Figure 3-
3. There are primarily seven stages of BIM-GIS integration, including technology,
database, management, concept, analysis methods, theory and application integration.
Technology integration means how to integrate both systems from a technological
aspect, such as the utilization of IFC and CityGML models. Database integration is to
link, interact and merge data from BIM and GIS. Management integration is the
collaborative management of respective works, data and information, and systems.
Concept integration is to link the terms, definitions, and professional ideas from both
fields. Analysis methods integration allows the applications of mutual methods and
new methods in the context of the AEC industry. Theory integration is driven by
scientific objectives covering technologies, data and information, concepts, methods
and management. In the above six integration stages, technology integration of
systems can promote the development of concept and database integration. The
development of database integration improves management integration. Meanwhile,
concept integration promotes analysis methods integration. Both management and
analysis methods integration can help the development of theory integration, which in
turn can improve the technology integration of systems. In addition, application
integration is to apply the above outcomes in the applications, including professional
applications of experts, general applications of researchers and practitioners in the
AEC industry, and public applications of public participants. The accumulation of

applications can also improve the above six integration stages.

BIM-GIS integration is currently at the technology integration and professional
application stages. For the technology integration, professional application means that
most of the researchers and practitioners of integrated BIM-GIS are experts in the
fields of either the AEC industry or geosciences. Few of them are general and public
users. The stages of general application and public application is critical for the
application of technologies. GIS is utilized by experts, general users in institutes,
companies and governments, and public users who can use simple codes or even no
code to develop their own tools and address their own problems (Berry 1996a). For

instance, Google Maps (https://www.google.com.au/maps) and OpenStreetMap
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(http://www.openstreetmap.org) enable public users to upload and download their own
data and perform simple analysis such as distance measurement, and commercial
companies such as Carto (https://carto.com/) and Mapbox
(https://www.mapbox.com/) allow public users to generate their own online interactive
maps and perform spatial analysis using their own data and GIS methods. With the
widespread mobile applications, millions of mobile applications are developed based
on Google Maps (https://www.google.com.au/maps) (Lella, Lipsman, and Martin
2015), Gaode Map (http://ditu.amap.com/), Baidu Map (http://map.baidu.com/), etc.,
for general and public users. Even though BIM is not fully used by public users, a great
number of general users such as workers have applied BIM on their practical works in
industries (Chai et al. 2017, Wang, Zhang, et al. 2015, Wang, Sun, et al. 2015). Thus,
research and practice of GIS and BIM indicate that integrated BIM-GIS can have wide
and deep general and public applications in the future. Similar to the application
integration, their respective concepts need to be integrated based on the combination
of expert knowledge, innovatively integrated database tools and methods, and analysis

methods and theories to address BIM-GIS specific smart sustainable city problems.

3.4 Future trends of BIM-GIS integration in AEC industry

Based on the analysis of literature and explanations of BIM-GIS integration
evolution progress, this thesis summarizes the future trends of applying BIM-GIS
integration in the AEC industry and proposes potential opportunities for BIM-GIS
integration from the perspective of spatio-temporal statistical modelling. Three
hypotheses for future trends and opportunities of BIM-GIS integration in the AEC
industry are proposed, including the technology (loose integration) hypothesis, the
science (tight integration) hypothesis and the data source hypothesis as shown in
Figure 3-4. The explanations of the hypotheses are presented in Table 3-3 and

discussed in the following subsections.
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Table 3-3. Contents of three hypotheses of future trends of BIM-GIS integration

Hypothesis

Content

The technology
(loose  integration)
hypothesis

The science
integration)
hypothesis

(tight

The data
hypothesis

source

BIM and GIS are independent systems and areas, and they are partially utilized
together to address specific problems.

BIM will be developed as building information science for the AEC industry, and
then a broader field of geo-information science will cover BIM, GIS and other
location-based technologies, services and sciences.

BIM is considered as a data source in the AEC industry for GIS and spatio-temporal
statistical analysis.

3.4.1 The technology (loose integration) hypothesis

The technology hypothesis is also named as the loose integration hypothesis,

which means BIM and GIS are independent systems and areas, and they are partially

utilized together to address specific problems. Most current studies on BIM-GIS

integration follow this integration model. The origin of BIM-GIS integration is that to

address the AEC issues involving both buildings and its surrounding space, researchers

try to combine the respective strong parts of BIM and GIS, especially the detailed

representations of physical and functional components of facilities of BIM and spatial

3D models depicting buildings and urban environments of GIS. Integration means

extracting data from one system to another or extracting both datasets on a third-party

platform for analysis. The difference between future and current integration is that
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more strengths of BIM and GIS will be explored and used, and spatio-temporal
statistics and 4D/nD BIM used for accurate mathematical modelling and analysis. The

technology hypothesis has the following advantages:

e This is an easy integration model. There will not be too many changes of future
integration methods compared with current ones.

e Concepts, methods, systems, and theories of BIM and GIS will not be changed.

e Itis flexible for users. They can choose the integration methods, extracting data
from one system to another or using a third-party platform, based on their

specific problems to address.

The further development of deeper integration of spatio-temporal statistics and
4D/nD BIM can provide more accurate analysis results, and new sense and knowledge
for decision making to satisfy the user requirements of the AEC industry at every stage.
The benefits of applying the technology hypothesis of BIM-GIS integration on the
AEC industry can be explained by the comparison of using BIM in Table 3-4.
Theoretical studies and industrial practices have proved that BIM can significantly
improve the performance of both geometric modelling of buildings, infrastructure and
cities, and the management of AEC projects (Bryde, Broquetas, and Volm 2013). For
instance, most construction projects with the utilization of BIM report cost reduction

and effective control.

Table 3-4. Comparison of benefits of BIM and BIM-GIS integration in satisfying

the user requirements of AEC industry

User requirements of Benefits of BIM-GIS integration
AEC industry Benefits of BIM (the technology hypothesis)

- Exploring potential factors
associated with defects dynamically
across whole space during whole
construction life-cycle;

- Improving design quality by

defects  detection, eliminating

conflicts and decreasing rework;
Quality management

- Ensuring information consistency

from design to construction (Chen

and Luo 2014).

- Predicting potential spatio-
temporal distributions of risks for
predictive decision making.

- BIM-based simulation of

construction works enables .
. . . Construction works could be
Progress and time significant time savings throughout simulated spatially and temporall
& construction period (Bryde, p Y p Y

management for ~more accurate progress

Broquetas, and Volm 2013); management and time reduction.

- Effective information management
and enhanced communication
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Cost management

reduces time consumption during
information exchange.

Cost reduction and control are the
most common benefit from BIM in
construction  projects  (Bryde,
Broquetas, and Volm 2013).

Cost is controlled not only seen from
the result of construction projects
during each stage, but also by the
dynamically monitored and
analysed spatio-temporal results.

BIM enhances contract

relationships, and optimizes

construction  procurement and Execution and management of
Contract management contract management due to the contracts are based on the dynamic

improvement of execution and predictive decision making.

efficiency of contracts (Olatunji
2014, HE and ZHANG 2016).

- Spatio-temporal statistical analysis
plays more roles in the clustering

- Classifying, organizing and . . .

. . analysis, correlation analysis,

integrating fragmented HSE . . .

information: exploration of impacts of potential

’ factors and prediction in HSE
Hea'lth, safety and Supporting maintenance by Mmanagement;
environment  (HSE) identification, data processing, rule- .
management .. . - A series of new methods can be
based decision making, and user

. . proposed for the HSE management

interaction (Wetzel and Thabet in  AEC indust from  the

2015, Riaz et al. 2014, Zhang etal. - rz W aguiiioe

2013, Riaz et al. 2017). Perspe _ Spatio-temp
statistical analysis by involving the
characteristics of AEC projects.

- More information with large
spatial scales is included in the AEC
projects, such as the surrounding
environment, suppliers far beyond
the projects, road network and its

Effective generation, collection, geographical and socio-economic

. istribution, storage, retrieval, an ici
Information d'S b}l’ on, storage, retrieval, and fac'tors, and thev participants of
management disposition of component and freight transportation, et al.

project information (Bryde,

Broquetas, and Volm 2013). - Spatio-temporal analysed results
and predicted scenarios become one
of the primary evidence included in
the database for decision making, in
addition to the collected and
monitored raw data.

BIM affects project coordination

mechanisms in its specific ways and Coordination = mechanisms  are

depending on the served purposes, driven by the sense and knowledge

S such as a centralized-decentralized sourced from data, information, and
Coordination of . . . . )
arious sectors structure and a hierarchical- their analysis products, which are
variou participative decision-making characterized as spatial and

process (Aibinu and Papadonikolaki
2017, Tommelein and Gholami
2012).

temporal varied, real-time, dynamic,
interactive, accurate and practical.

However, there are still challenges of using BIM and some cases show negative
benefits during the application, especially the utilization of BIM software and the

coordination phase (Bryde, Broquetas, and Volm 2013). Software issues are relatively
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common in practice since multiple software have to be applied in a project, but they
cannot be seamlessly combined due to the difference of software. Therefore, it is a
trend to utilize IFC and CityGML models to integrate various functions and avoid
detail losses (El-Mekawy, Ostman, and Hijazi 2012). This solution also addresses the
technical problems of integrating systems of BIM and GIS. In addition, the life cycles
of AEC projects are typical spatial and temporal processes, but user requirements
during construction cannot be accurately and dynamically described, modelled and
managed, due to the lack of comprehensive data-driven spatio-temporal modelling of
AEC projects. By involving spatio-temporal statistical analysis, integrated BIM-GIS

can more accurately quantify and address these issues.

Compared with BIM, BIM-GIS integration enhanced by spatio-temporal
statistics and 4D/nD BIM provides spatial and temporal dynamic and predictive
solutions for the user requirements in AEC projects. These solutions are significantly
beneficial for satisfying user requirements in quality, progress and time, cost, contract,
health, safety and environment (HSE), and information management, and the
coordination of various sectors. The spatio-temporal analysed results and predicted
scenarios become one of the primary evidence sources included in the database for
decision making, in addition to the collected and monitored raw data that is commonly
used in current BIM-based solutions. For BIM-GIS integration-based solutions,
management methods and coordination mechanisms are driven by the sense and
knowledge sourced from data, information, and their analysis products, which are
characterized as spatial and temporal varied, real-time, dynamic, interactive, accurate

and practical.

3.4.2 The science (tight integration) hypothesis

The science hypothesis, also named the tight integration hypothesis, is a
relatively long-term hypothesis. This hypothesis assumes that BIM will be developed
as building information science for the AEC industry, and then a broader field of geo-
information science will cover BIM, GIS and other location-based technologies,
services and sciences. Under this hypothesis, location-based theories and technologies
can be tightly integrated by combining their similarities and highlighting strengths.
Thus, this hypothesis of BIM-GIS integration primarily relies on the development of

BIM. At present, only a few studies consider BIM as building information science for
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digitization, visualization and analysis of whole project life cycles (Karimi 2013), but
it has been a trend of BIM development due to the theoretical needs to manage
sophisticated and mega projects in recent years. Correspondingly, new theories and
methods will be proposed for the scientific study of analysing user requirements and
solutions for the AEC industry by involving the inherent spatio-temporal
characteristics of AEC projects. The science hypothesis of BIM-GIS integration
provides an opportunity for broadening the scope and comprehensive understanding

of the AEC industry and smart sustainable city.

3.4.3 The data source hypothesis

The data source hypothesis considers BIM as a data source in the AEC industry
for GIS analysis. Under the data source hypothesis, the role of BIM in the AEC
industry is similar to remote sensing (RS) in monitoring natural resources and light
detection and ranging (LiDAR) in photogrammetry. Remote sensing is characterized
as rapid acquisition, large spatial coverage, and providing access to land, sea and
atmospheric data with diverse spatial and temporal resolutions in natural resources
monitoring and management (Ge et al. 2016). LiDAR including ground, vehicle,
satellite-based and airborne LiDAR can rapidly and accurately measure and analyse
dense point clouds without contact with danger and contaminants. Both remote sensing
and LiDAR are primarily used as data collection tools, and they can also manage and
analyse data, but they are generally combined with GIS to perform complex and
comprehensive spatial and temporal analysis to deeply understand the attributes and
phenomenon. In addition to remote sensing and LiDAR, there are a series of
technologies that have similar roles of data source, such as traditional statistical data,
surveying data, web-based data, global positioning system (GPS), and interferometric

synthetic aperture radar (InSAR).

Table 3-5 lists the GIS data sources including potential data sources of BIM,
and the comparisons of their data examples, general formats, characteristics and
application examples. The comparison shows that BIM is a proper data source for
buildings and urban infrastructure due to its rich geometric and semantic information,
multi-level of detail for various applications and building-level digital representation.
In addition, geospatial analysis has been widely employed in the AEC industry

including civil engineering and petroleum engineering (Zhou et al. 2007). Meanwhile,
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BIM can provide diverse data due to different user requirements of AEC projects,
quality data, progress and time data, cost data, contract data, and HSE data, et al. For
these studies, GIS provides spatial statistical methods for modelling AEC data and
problems. Some of the spatio-temporal statistical analysis results also can be regarded
as data sources in the form of data and information products. Therefore, the data source
hypothesis can enhance GIS applications and promote the strength of BIM for its role
in the AEC industry.

Table 3-5. Comparison of GIS data sources

Data source Data examples General Characteristics Application
formats examples
- Administrative
boundary
(Nature  Earth
2017);
- Spatial data of
infrastructure - Disease
(AaeCly el - Relatively low i
2017, Center for data volume: (Kassebaum et
International ’ al. 2016);
Vector products ﬁlafi)tilmaﬁs(;c;ence .shp - Lo alrpllny - Road agd
Network i } Containing trafﬁc analysis
: (Cai, Wu, and
CIESIN - attributes
Columbia information. Cheng 2013,
. . Laurance et al.
University and
1 2014).
Information
Technology
Outreach
Services - ITOS
- University of
Georgia 2013).
- Digital
elevation model - Gravity
(DEM) modelling
(Tachikawa et . Full coverage (Rexer and
al. 2011); T8¢ Hirt 2014);
tif/.img/ and ' spatially
Raster products - IPCC future Varjoys  CONUNUOUS; - Future
climan? change formats Good  visual scengrif)s
scenarios (Moss fect prediction
etal. 2010, Moss criect. (Song et al
et al. 2008, 2016, Gao and
Nakicenovic et Bryan 2017).
al. 2000).
- Wireless -
sensor network  Table/ - Including Ecohydrologic
Surveying data data (Ge, Liang, Various  professional al analysis
et al. 2015, Ge, formats attributes; (Ge, Wang, et
Wang, et al al. 2015);
2015, Kang et al.
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Statistical data

Web data

Global positioning system
(GPS) data

Active
remote
sensing
(RS) data

Radar

2014, Wang, Ge,
Song, et al
2014);

- Air
ground
monitoring data
(Ministry of
Environmental
Protection of the
People's
Republic of
China 2017,
Environmental
Protection
Agency United
States 2017).

quality

- Population
census data
(Australian
Bureau of
Statitics ~ ABS
2015);

- Economic
statistical ~ data
(Australian
Bureau of
Statitics  ABS
2017).

Location-based
social media
data

- Location data

- Ionosphere and
troposphere data

Meteorological
radar
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Text/
Various
formats

ASCIl/
Binary/
Text

Various
formats

- Used for specific
issues.

- Including
professional
attributes;

- Full coverage of
aregion.

- Current, fine-
scaled and rich
individual
information
(Noulas et al.
2011, Andrienko
et al. 2013).

- Accurate
positioning  and
tracking.

Regardless of
weather
conditions;

- Air quality
analysis (Song
et al. 2015,
Zou et al
2015);

- Urban
development

(Zhang, He,
and Liu 2014);

- Tracking
migration
(Ebenstein and
Zhao 2015).

- Urban and
human
mobility
studies (Wu,
Wang, and Dai
2016).

- Trajectory
analysis of

human and
vehicles
mobility (Feldt

and Schlecht
2016, Sita-
Nowicka et al.
2016);

- Spatial
uncertainty
analysis (Wu,
Ge, etal. 2015,
Ge, Wei, et al.
2017).

- Flood
analysis
(Barnolas et al.
2008).



Passive
remote
sensing
(RS) data

Light detection

and ranging
(LiDAR)
Interferometric
synthetic
aperture  radar
(InSAR)
Satellite RS
images

Aerial
photogrammetry
data

Point cloud
(ground,

vehicle,
satellite-based,

or airborne)

- Topography
data and ground
deformation
data

- Land surface
temperature
(NASA 2016a);

- Vegetation
data (NASA
2016a);

- Land
data
2016a);

cover
(NASA

- Nighttime
lights (The Earth
Observation
Group 2017).

- Land
data;

cover

ASCII/
LAS/
Various
formats

Various
formats

tif/ .hdf/
ASCII/'V
arious
formats

Aif/
Various
formats
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- Capable in
extracting  water
regions.

- Fast measuring
and analysis;

- Avoiding
contacts with
dangers and
contaminants;

- Accurate
distance
measurement and
dense points.

- Slight
deformation
detection;

- Large spatial
coverage;

- Regardless of
weather
conditions;

- Obtaining
underground
information.

- rapid
acquisition;

- Large
coverage;

spatial

- Accessing to
land, sea and
atmospheric data
with diverse
spatial and
temporal

resolutions (Ge et
al. 2016).

- Large spatial

coverage;

- Generating
accurate 3D
models (e.g.
DEM and
BIM).

- Landslide
risk
assessment
(Abdulwahid
and Pradhan
2017,
Palenzuela et
al. 2015,
Jebur,
Pradhan,
Tehrany
2014).

and

- Ecological
analysis
(Kincal et al.
2017);

- Ground
deformation
analysis
(Yang, Peng,
et al. 2016,
Chen, Gong, et
al. 2014,
Zheng,
Fukuyama,
and  Sanga-
Ngoie 2013,
Chen et al
2017).

Vast
applications.

- Urban
studies;

- Roads and
infrastructures

>

Environment.

- 3D analysis
(Marzolff and
Poesen 2009);



- Topography - Massive - Land use
data. geometric and analysis
physical (Miyasaka et
information of al. 2016).
features;
- Fast mapping.
- 3D ocit
- Land  cover - Current and fine- modelling Y
Unmanned data; ipg/ scaled (GRUEN et al.
3}323]1) Vehicle Topography .Various information,; 2014);
measurements data; formats High spatial - Land use
- Building data. resolution. analysis (Hong
2016).
- Building . .
projects (Lu, - Rich geometqc o
Won, and Cheng and semantic - Building
2016b,  Volk, information; inalar :
Sl and ) analysis (Lin
o _ ' ° ife/ - Muln-level_ of etal. 2013);
Building information Schultmann e details for various
modelling (BIM) data 2014); ;’arlOltlS applications; - Mega project
) Civil ormats o application
. - Limited to (Cheng et al.
1nfrgstructure building-level 2017, Tan et
projects (Cheng, digital al. 2017).
Lu, and Deng representation.
2016).

3.4.4 BIM-GIS integration for project life cycles

From a spatio-temporal statistical perspective, the three hypotheses of BIM-
GIS integration enable more comprehensive applications through the life cycle of AEC
projects. Planning and design stages are highly influential in setting the directions for
the whole business and project, where BIM-GIS integration not only provides multi-
scale and rich geometric and semantic information for the decision makers (Ham et al.
2008), but also evaluates scheduling, cost and sustainability at an early stage in a 3D
virtual environment (Cheung et al. 2012). Besides, BIM-GIS integration can also be
used to perform complex building performance analysis to ensure optimized building

design of both the building and its surrounding space.

During the construction stage, BIM-GIS integration is applied in different
aspects that can impact the construction progress. For example, the construction site is
the main area on which construction activities are conducted. BIM can provide
building information to generate dynamic site layout models (Kumar and Cheng 2015)
and GIS can help optimize element distributions (Abune'meh et al. 2016). Safety is

another important factor during the construction stage, since accidents during
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construction cause huge losses of human lives and increase project cost. An approach
for safety management to use 4D/nD BIM visualization of construction components
(Zhou, Ding, and Chen 2013, Zhang et al. 2015), and spatio-temporal analysis for risk
distribution prediction and exploration of contributors. BIM-GIS integration can also
be used for project cost control. BIM is used for cash flow and project financing
recording during construction (Lu, Won, and Cheng 2016a) and GIS can be applied to

spatial and temporal analysis of cost clusters and prediction of cost scenarios.

Operation and maintenance stage is the longest stage of a project life cycle.
More than half of previous BIM-GIS integration applications for buildings are in this
stage. Under the three hypotheses, the enhanced BIM-GIS integration can address
sophisticated problems and provide comprehensive strategies for emergency and
disaster simulation, prevention, response and management, heritage protection, mega
projects operation, indoor navigation and ecological assessment. Deep application of
spatio-temporal statistical modelling and 4D/nD BIM can inspire researchers and
practitioners to utilize integrated BIM-GIS to deal with more general AEC issues such
as sustainability assessment and asset management. The application objects can be

buildings, infrastructures, cities and other larger spatial scale objects.

Demolition is the last stage of a construction project. In this stage, a building
or structure is usually deconstructed which generates large amounts of waste materials.
BIM is the digital representation of the existing buildings, so it is used for reliable and
accurate waste estimation and efficient planning (Hamidi et al. 2014, Cheng and Ma
2013). GIS can help analyse and optimize waste distribution processes, such as
optimization of delivery networks, transport services, and environmental assessment.
Enhanced BIM-GIS integration can optimize waste reuse and recycling to minimize
waste materials, overall energy cost, demolition time and impacts on the surrounding

environment.

3.5 Conclusion

With the explosive increase of studies and applications of BIM in recent ten
years and BIM-GIS integration in recent three years, utilization of BIM-GIS
integration in the AEC industry requires systematic theories beyond integration

technologies, and deep applications of mathematical modelling methods, including
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spatio-temporal statistical modelling in GIS and 4D/nD BIM simulation and
management. This thesis reviews previous BIM-GIS integration studies from a spatio-
temporal statistical perspective to reveal its evolution and recommend future
development trends. Evolution of BIM-GIS integration is characterized by three
aspects: application evolution in the AEC industry, history from the perspective of
surveying and mapping, and comparison study of evolution of GIS, BIM, and
integrated BIM-GIS. Based on the analysis of literature and explanations of evolution
progress, this thesis summarizes the future trends of BIM-GIS integration in the AEC
industry and proposes potential opportunities of BIM-GIS integration from the

perspective of spatio-temporal statistical modelling.

We propose three hypotheses, including the technology hypothesis, the science
hypothesis and the data source hypothesis of BIM-GIS integration in the AEC industry
for future studies. From the spatio-temporal statistical perspective, the three
hypotheses of BIM-GIS integration enable more comprehensive applications through
the life cycle of AEC projects. BIM-GIS integration based solutions are significantly
beneficial for the management methods and coordination mechanisms, including
quality management, progress management and time reduction, cost reduction and
control, improvement of health, safety and environment (HSE) performance,
information management and the coordination of various sectors. These management
methods and coordination mechanisms are driven by the sense and knowledge sourced
from data, information, and their analysis products, which are characterized as
spatially and temporally varied, real-time, dynamic, interactive, accurate and practical.
Therefore, under the proposed hypotheses of BIM-GIS integration, comprehensive
data-driven spatio-temporal modelling of AEC projects can provide more accurate and
dynamic solutions for quantitative analysis, management and decision making in the

future applications to satisfy user requirements of AEC industry.
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Chapter 4 Burden of Road Maintenance from Heavy
Vehicle Freight Transportation

4.1 Introduction

The study in this chapter employs segment-based ordinary kriging (SOK) and
segment-based regression kriging (SRK) for more accurate spatial prediction of traffic
volumes of different type of vehicles. SOK and SRK are developed from point-based
ordinary kriging (OK) and regression kriging (RK), for traffic data with variable road
segment support in the Wheatbelt region of Western Australia (WA). By borrowing
ideas from ATAK and top-kriging, SOK and SRK integrate the spatial characteristics
of road segments and the spatial homogeneity of each single segment, consider their
spatial autocorrelation and enable segment-based data to compute the best linear
unbiased estimation. Regression kriging (RK or SRK) is an effective supplement of
ordinary kriging (OK or SOK) because it considers the information of covariates to
deal with the non-stationarity of random functions (Ge, Liang, et al. 2015). Both
segment-based and point-based models are applied for the estimation of diverse types
of traffic volumes, including heavy, light or total vehicles. A comparative study of
both kinds of models, together with point-based inverse distance weighting (IDW) and
universal kriging (UK), and non-spatial linear regression (LR), will give an insight of
different traffic behaviours and provide road agencies with proper models that have
the best prediction performance. The traffic volumes predicted by segment-based
geostatistical models are applied on the assessment of road maintenance burden in the
Wheatbelt, WA, which can help provide quantitative and accurate evidence for road
asset management. Road maintenance burden is determined by the integration of
predicted traffic volumes and restricted access vehicles (RAVs) network based vehicle
mass estimation, where RAV network regulates roads that can be accessed by different

types of heavy vehicles.

4.2 Methodology

Figure 4-1 shows a schematic overview of predicting traffic volumes with a

comparison of segment-based and point-based models. The study process includes
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data pre-processing, variables selection, performance evaluation with cross validation
for different categories of models and traffic volume prediction. As an implementation,
the prediction results are applied to evaluate the distribution of road maintenance

burden in the Wheatbelt, WA.

Population accessibility
md1ces (Als)
v

Heavy traffic // Light traffic Road Inverse dlstance Population
volume volume direction weighted Al //within a distance

. RAV network
Data pre- - Variables ewo
. . determined
processing selection .

vehicle mass
| e r—-———-—=-"=="===—=="—"" -
: Performance evaluation : ! Prediction :
[ I
: ‘ - r———————————————— Al : Y |
: Models Constant| Linear : Cross validation : : : SRK+RK :
| trend trend | | ik ¥ |
[ ‘ot ; Il I
! Non- LR j| Statistical Spatial ;| ' pregicted volumes | | |
| | spatial ->: indices variance : : | :
I —y [
! I;O'md IDW OK |UK |RK | | , | Lli i
| ase || Moran’s I of Spatial i I
| |Segment-| o | gpg | i| residuals | uncertainty || |![Segment-level burden|!
: based |L : : i | of road maintenance ||
[ | |

Figure 4-1. Schematic overview of predicting the distribution of road

maintenance burden.

4.2.1 Data pre-processing and transformation

For both segment-based and point-based spatial prediction models, the
dependent variable is a transformed normally distributed traffic volume of heavy
vehicles, light vehicles or total vehicles due to the skewed distributed raw data. Box-
Cox transformation is commonly used to remove skewed distributions and ensure
stabilizing variations of traffic data (Selby and Kockelman 2013, Lowry 2014).
Observed traffic data Y is transformed by the maximum estimation of Box-Cox
likelihood function g, (Y) over a power variable A (Collins 1991, Sakia 1992) and the

transformed data Y; is:
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lrya_q
V=g =0 A (4-1)

The maximum likelihood estimations of A are -0.061, 0.101 and 0.141 for heavy, light
and total vehicles respectively. Box-Cox transformation is performed by R FitAR

package (McLeod et al. 2013).

4.2.2 Variables generation and selection

Widths, lengths and directions of road segments are used as predictor variables
for both point-based and segment-based models. Population accessibility indices (Als)
are utilized to depict the accessing population within certain nearby buffer regions of
count points or road segments. Als used in this thesis include the sum of inverse
distance weighted population (WAI) within a given distance of count locations or
along road segments, and the population within a given distance (DAI) that determines
a maximum correlation with traffic volumes. WAI at location or segment u is

computed by:

WAL, = % "5 e, duye < dia (4-2)

uk

where Population,, is the population within buffer region k, d,; is the distance from
count location or segment to the buffer region, d,, 4, is the maximum band distance
(50 km in this thesis) and 6 is a power parameter that ensures the maximum correlation
between WALI and traffic volumes. Repeated computation of WAI and its correlation
with traffic volumes derives that 8 equals to 1.4, 1.6 and 1.6 for heavy, light and total
vehicles respectively. To determine the distances of DAIs, the correlations between
population within 5 km to 50 km (in increments of 5 km) and traffic volumes are
computed for both point and segment observations of heavy, light and total vehicles.
Results show that maximum correlation for heavy vehicles appears with 50 km buffer
regions and that for light and total vehicles with 15 km buffer regions. Step-wise linear
regression is used to select predictor variables with significant correlations with traffic
volumes and remove insignificantly correlated variables and variables with
multicollinearity. Variables selected for predicting heavy vehicle volumes include
road segment width, WAI (50 km and 6 = 1.4) and DAI (50 km), and those for the
volume prediction of light vehicles and total vehicles are road segment width and DAI

(15 km).
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4.2.3 Segment-based geostatistical modelling

SOK and SRK are proposed to predict traffic volumes at uncounted road
segments that are characterized as linear road surfaces with various shapes and lengths.
Segment-based geostatistical interpolation is primarily based on three assumptions.
The first assumption is that traffic data are assumed to be spatially homogeneous
within a segment, but they are spatially heterogeneous and autocorrelated for different
segments. In general, a road segment is the specific representation of a portion of a
road with uniform characteristics between two junctions or intersections (Austroads
2016). It is usually defined by a series of rules such as same surface, width, number of
lanes, pavement age and traffic conditions (Austroads 2016, Barua, El-Basyouny, and
Islam 2016). Based on the above definition of a road segment, traffic behaviours tend
to follow similar patterns within a road segment, so it is reasonable to assume the
spatial homogeneity of traffic data within a road segment. In addition, the assumption
can significantly simplify data analysis and decision making of segment-based traffic
issues. Since transport authorities and researchers prefer to monitor traffic data (e.g.
annual average daily traffic (AADT)) with the spatial unit of road segment, this
assumption also ensures their convenient analysis, management and decision making
based on the spatial predictions. Second, observed traffic data are regarded as the
output of a continuous traffic process across the whole road network. In practice,
traffic behaviours among road segments are spatially associated through road network,
which means that the traffic data at near road segments are more similar than the data
at distant roads segments. Finally, spatial stationarity, a general geostatistical
assumption, is assumed for segment-based models where the expected variance
between observations (or residuals for SRK) is a function of separation distance. SRK
is a supplement of SOK by considering the information of covariates to deal with the

nonstationary of random functions.

Using SRK to estimate traffic volumes includes five steps. The first step is
modelling trends of traffic data using linear regression where the dependent variables

are transformed by Box-Cox function and the selected predictor variables.

The second step is to estimate residuals by removing trends in step 1. Based
on the assumption of the second-order stationarity of residuals, the segment-based

variogram is assessed by maximum likelihood estimation with a great many point
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values discretised from segments. The covariance calculation between any two
segments with discretised points at each segment is shown in the sketch map Figure 4-
2. The discretised points are linearly distributed along road segments which are
generally several kilometres long and a few metres wide. A variogram is then
determined by the parameters of nugget, sill, range and shape. A proper shape is
selected from exponential, spherical and Gaussian functions by the comparison of the
sum of squared errors (SSE) of model fitness. Thus, the segment covariance Cg()

between any two segments s; and s; is calculated with the equation

N(sp) N(Sj)

1 1
Cs(si'sj) = N(s) N(Sj) Zr:l - C(pr,0e)

Pr € Si, Dt € S; (4-3)

where N () is the number of points derived from the discretisation of a segment and p,

and p; are the discretised points within s; and s;.
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Figure 4-2. Discretisation of two road segments and their covariance with

discretised points.

The third step is to calculate the estimate and error variance of segment-based
residuals. The SRK value Z() at segment s, where traffic volumes are not counted is
estimated by a linear combination of m neighbouring segments under the assumption

of the second-order stationarity of residuals by the equation

2(so) = XiZ1 wi(S0)z(s;) (4-4)
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where s; is the road segment over which traffic volumes are counted, and w;(s,) is the

weight for z(s;) at segment s,. The weights are estimated by

{Z;-"zle(so)Cs(si,sj) + u(sy) = Cs(sg,8,), i =1,2,...,m 4-5)

iz wi(se) =1

and the corresponding error variance of SRK estimation at line s is calculated with

the equation

32 (s0) = C5(80,50) — X1ty w;(50)C(Sg,5;) — u(so) (4-6)

The fourth step is to generate the estimated traffic volumes by adding SRK
estimates to their trends. The last step is using cross validation to validate the model
performance of SRK by comparing with SOK and point-based interpolation methods,
IDW, OK, UK and RK. Point-based interpolations are modelled by R automap and
gstat packages, and segment-based models are done by R rfop package.

4.2.4 Integration of segment-based and point-based predictions

The inverse-variance weighting method is used for the integration of both SRK
and RK derived results due to their respective contributions on diverse traffic

behaviours. The inverse-variance weighted average traffic volume V.4 and its least

estimation variance 67, g are

Y
e
Yinteg = ST_1 (4-7)
=152
~2 _ 1
ainteg - ZI—1L2 (4'8)
=1,2

where ¥, and o7 are the estimate and variance of model 7 (t = 1, ..., T). In this case,
predictions and their kriging estimation variance of SRK and RK models are integrated

for their combined predictions.

4.2.5 Performance comparison between segment-based and point-based models

To compare the prediction accuracy of different spatial prediction models,
three statistical indices are used for prediction accuracy evaluation in the cross
validation, including mean error (ME), mean absolute percentage error (MAPE) and

the coefficient of determination (R?). The coefficient of determination stresses the
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fitness of different spatial prediction models, and the mean error and mean absolute
percentage error are used to highlight the prediction errors of different models. Their

respective equations are:

1
ME = —3=1(0c = Fo) (4-9)
100 0x—Py
MAPE = =257, | (4-10)

p2 = (00 (P=P))’
Y1 (0k—0)% X, (P—P)?

(4-11)

The mean estimation variance and estimated uncertainty of geostatistical models
(OK, SOK, UK, RK and SRK) are also computed to compare the improvement of
segment-based models with that of point-based models. Wherein, the inverse Box-Cox
transformation of traffic volume ¥ is:

1
Y = Gl(?t) _ {(Yt21+1)/1 A#0 (4-12)

e?t A=0

where Y, is the predicted transformed data and GA(Vt) is the inverse transformation

function. Thus, its estimated standard deviation gy is:

1-1
A

Op, A#0
t =0 (4-13)

o = (aal(?t))z 52 = 0620 A+
Y a7, Y v, Yt

Yego
e tayt

where gy, is the standard deviation estimation of Y., and corresponding kriging

estimation uncertainty is computed by:

<13

Hy = (4-14)

Further, the estimated volume of total vehicles ;.4 is that of heavy vehicles
Vheavy plus that of light vehicles ?lig ne» SO the estimated standard deviation gy, and

estimation uncertainty uyp, . of total vehicle are:

R _ 2
O-Ytotal - \[O-Yheapy + o

N — a?total (4-16)
'uytotal -

Yiotal

(4-15)

=N

light
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4.2.6 Estimation of road maintenance burden

In this step, segment-based prediction of traffic volumes is implemented on the
estimation of road maintenance burden with the RAV network based vehicle mass

estimation in the Wheatbelt, WA.

4.3 Study area and data

The Wheatbelt is one of the most important grain production regions in WA,
Australia (Figure 4-3). Heavy vehicles are a primary tool for the transportation of grain
and industrial production. In the Wheatbelt, there are 280 primary segments of main
roads distributed within the road networks by RAV network. Regional areas and Perth,
the capital of WA, are linked by six major roads running through the Wheatbelt,
including Brand Highway, Great Northern Highway, Great Eastern Highway,
Brookton Highway, Great Southern Highway and Albany Highway. The classification
of RAV networks is based on axles of heavy vehicles, and lists the mass of heavy
vehicles in each category (Main Roads Western Australia 2016a). The total number
of heavy vehicles accounts for about twenty percent of all vehicles, however, their
impact on road damage is much greater than light vehicles. Heavy vehicles are
primarily used for freight transportation and are characterized by large maximum
permitted mass ranging from 42.5 t to 147.5 t (Main Roads Western Australia
2016a).0On the other hand, the weight of a standard light vehicle is only 1.65 t and the
gross vehicle mass (GVM) is not allowed to exceed 4.5 t in Australia (Department of
Transport - The Government of Western Australia 2016). Volume of heavy vehicles
and light vehicles have been collected annually by Main Roads Western Australia,
from fiscal years of 2008/2009 to 2013/2014 at 627 counting locations on 148 road
segments distributed in the Wheatbelt (Main Roads Western Australia 2015). This
means that traffic volumes on about half of the road segments on main roads are
counted, and the other half of road segments are not counted, even though they are
also very important RAV networks. The counted volumes are summarized at segment
level for spatial and temporal consistency. The mean summarized segment-level
observations of heavy, light and total vehicle volumes are 194.2, 809.2 and 1003.4
vehicles/(km-day), respectively.

57



X’:wf\x}?rfookton Hwy

l

Figure 4-3. Main roads and categories of RAV network in Wheatbelt, WA,

Australia.

In addition, predictor variables are used to model trends for kriging-based
models with regression. The predictor variables collected include width (m), length
(km) and direction of road segments (from east-west direction (0) to north-south
direction (1)) and Als, including WAI and DAI. Population is an effective indicator
for traffic prediction since a dense traffic volume usually reveals dense human
activities (Dong et al. 2016). Population data of raster type with a spatial resolution of
1 km is obtained from NASA Socioeconomic Data and Applications Center (SEDAC)
(Center for International Earth Science Information Network - CIESIN - Columbia

University 2016).
4.4 Experiments and Results

4.4.1 Segment-based models for traffic prediction

The SRK variograms for heavy and light vehicle interpolations are computed
respectively (Fig 4-4). It illustrates the sample variograms and semivariogram
functions of distance and spatial geometry, where solid lines represent semivariogram
functions of equally sized segments and dotted ones are functions of the combination

of various segments. The spatial characteristics of road segments are described by the
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multiplication of segment length and width. The segment-based variograms are a
series of functions of distance and combined spatial geometry, and their shapes are
significantly different to point-based fitted variograms (dark line). Shape distinction

in the variograms of SRK for heavy vehicles is larger than that of SRK for light

vehicles.
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Figure 4-4. Sample and fitted variograms of SRK model for heavy vehicle (A) and
light vehicle (B) predictions.

4.4.2 Performance comparison for segment-based, point-based and non-spatial

models

Ten-fold cross validations are utilized to assess model performance with the
statistical indices ME, MAPE and R*. The statistical summary of cross validation is
listed in Table 4-1. For interpolation models without regression, prediction errors (ME
and MAPE) are significantly reduced by SOK compared with IDW and OK. The
performance of models with regressions is generally improved compared with pure
spatial interpolations such OK (Zou et al. 2015). SRK performs better for predicting
heavy vehicle volumes (ME = 8.5; MAPE = 25.0%) than non-spatial and point-based
models, including UK (ME = 16.1; MAPE =28.0%), RK (ME = 17.1; MAPE =27.4%)
and LR (ME = 17.3; MAPE = 27.4%). However, SRK with ME of 21.1 and MAPE of
22.2% is weaker than RK (ME = 13.2; MAPE = 20.8%) for the prediction of light
vehicle volumes. The integration of SRK for heavy vehicles and RK for light vehicles
(SRK+RK) predicts total vehicle volumes with the smallest prediction errors of ME
(21.7) and MAPE (18.8%) compared with those of pure point-based RK (ME =30.4;
MAPE=19.2%), pure segment-based model SRK (ME = 29. 6; MAPE = 20.1%), and
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the model without the differentiation of two types of vehicles (SRK(all)) (ME = 24.5;
MAPE = 20.0%). In addition, the coefficient of determination R* also proves that SRK
with R* = 0.677 fits better than other models for heavy vehicles, but RK with R* =
0.763 fits better than SRK with R* = 0.606 for light vehicles. In total, cross validation
R’ of SRK+RK is 0.805, which is higher than pure SRK but slightly weaker than the
pure RK model due to the imbalance of vehicle volumes (i.e. the average number of

light vehicles is four times as many as that of heavy vehicles).

Table 4-1. Statistical summary for cross validation of segment-based, point-based,

and non-spatial models

Vehicle Model Mean ME MAPE R? Mean variance
Heavy IDW 154.5 39.712 0.392 0.538 /
vehicles
OK 153.5 40.780 0.367 0.579 5.224E+05
SOK 169.4 24.803 0.366 0.564 1.301E+05
LR 178.1 16.117 0.280 0.634 /
UK 176.6 17.658 0.274 0.666 2.224E+05
RK 177.0 17.279 0.274 0.654 2.265E+05
SRK 185.7 8.499 0.250 0.677 4.941E+04
Light IDW 751.4 57.756 0.458 0.424 /
vehicles
OK 661.3 147.859 0.423 0.274 1.812E+08
SOK 767.9 41.253 0.382 0.431 2.603E+07
LR 778.7 30.438 0.212 0.758 /
UK 778.0 31.193 0.208 0.753 8.493E+07
RK 796.0 13.151 0.208 0.763 8.205E+07
SRK 788.1 21.109 0.222 0.606 5.312E+06
Total IDW 905.9 97.468 0.423 0.452 /
vehicles
(heavy plus OK 814.8 188.638 0.396 0.350 1.818E+08
light SOK 9374 66055 0360  0.470 2.624E+07
vehicles)
LR 956.9 46.555 0.193 0.805 /
UK 954.6 48.851 0.193 0.801 8.516E+07
RK 973.0 30.430 0.192 0.811 8.232E+07
SRK 973.8 29.608 0.201 0.685 5.381E+06
SRK+RK 981.8 21.650 0.188 0.805 8.209E+07
SRK(all) 978.9 24.525 0.200 0.686 /
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Cross validation results indicate that the prediction performance of SRK is
associated with the relationship between the spatial heterogeneity and spatial geometry
of spatial segment-based data. According to the characteristics of road segments
mentioned above, short roads tend to be distributed in urban and densely populated
areas, such as towns, but long roads are primarily distributed in rural and regional
areas, where heavy vehicle freight transportation is more frequent than in populated
areas. This phenomenon enables SRK to predict segment-based traffic volumes of
heavy vehicles better than those of light vehicles, since SRK characterizes the spatial
geometry of road segments to predict traffic volumes, and the spatial geometry of long
roads is more distinct than short roads compared with point-based observations. Due
to the consideration of spatial geometry of road segments, spatial autocorrelations will
be different between point-based and segment-based observations. In this thesis, the
spatial local autocorrelations are presented by local indicators of spatial association
(LISA) (Anselin 1995). The spatially significant autocorrelated roads are expressed by
four groups, including high-volume roads and neighbours (H-H), low-volume roads
and neighbours (L-L), low-volume roads and high-volume neighbours (L-H), and
high-volume roads and low-volume neighbours (H-L) (Ge, Song, et al. 2017). Figure
4-5 (A-D) shows the spatial autocorrelations of point-based and segment-based
observations of heavy vehicles and light vehicles respectively. Figure 4-5 (E and F)
compares the spatial geometry of roads with significant spatial autocorrelations
between point-based and segment-based traffic volumes. Since the numbers of roads
with significant spatial autocorrelations are different for point-based and segment-
based data, the spatial geometry is summarized with mean and standard deviation
between ten-quantile values. Schematic diagrams are added to explain the results.
Results show that for the spatially significant autocorrelated volumes of all heavy
vehicles, spatial geometry of roads with segment-based observations is larger than that
with point-based observations, which means relatively long roads tend to be locally
clustered and serve the heavy vehicles. While, when involving spatial geometry,
volumes of light vehicles on short roads are significantly clustered, but the local
autocorrelations of light vehicles on relatively long roads will be reduced. This result
reveals that SRK can improve prediction accuracy for segment-based spatial data
whose spatial autocorrelation is significant in segments with large spatial geometry

than that in the segments with small spatial geometry. Thus, the SRK model relies on
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both significant spatial heterogeneity of segment-based data and relatively large spatial

geometry of segments.
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Figure 4-5. Spatial geometry comparison (E: heavy vehicles; F: light vehicles)
between roads with significantly local autocorrelated point-based (A: heavy
vehicles; B: light vehicles) and roads with segment-based observations (C: heavy

vehicles; D: light vehicles).

Figure 4-6 presents the results from the ten-fold cross validations performed

for the predictions of heavy, light and total vehicle volumes on road segments
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respectively. Scatter plots and simple linear regressions are used to present the
relationships between traffic volume observations and predictions from point-based
models OK and RK, and segment-based models SOK and SRK, together with the
combination of SRK for heavy vehicles and RK for light vehicles for the prediction of
total vehicles. Results show that SRK and RK can better predict heavy and light
vehicle volumes respectively, and SRK+RK is the best prediction model for total

vehicle volumes.
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Figure 4-6. Comparison of observations and cross-validation predictions from
geostatistical segment-based and point-based models for heavy traffic volume (A),

light vehicle volume (B) and total volume (C).

Spatial autocorrelation of residuals reveals the fitting improvement of models.
Moran’s I is used to describe spatial autocorrection with a more significant spatial
autocorrelation showing large absolute values of I and Z. For models without
regression, spatial autocorrelation of SOK fitted residuals is Moran’s I = 0.007, pseudo

p =0.331 and Z value = 0.383 for heavy vehicles and Moran’s I = 0.041, pseudo p =
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0.074 and Z value = 1.472 for light vehicles, and that of OK fitted residuals is Moran’s

=-0.044, pseudo p = 0.104 and Z value =-1.116 for heavy vehicles and Moran’s I =
0.044, pseudo p = 0.070 and Z value = 1.557 for light vehicles. This result shows that
SOK reduces more spatial autocorrelations compared with OK for heavy vehicles but
the reduction for light vehicles is slight. For kriging models with regression, spatial
autocorrelation is reduced by SRK (Moran’s I = -0.034, pseudo p = 0.183, Z value = -
0.767) compared with RK (Moran’s I = 0.098, pseudo p = 0.012, Z value = 3.109) for
the prediction of heavy vehicles. In contrast, it is not reduced by SRK (Moran’s I = -
0.041, pseudo p = 0.098, Z value = -1.090) for predicting light vehicle volumes
comparing to RK (Moran’s I =-0.026, pseudo p = 0.234, Z value = -0.624). This result
demonstrates that the traveling behaviours of heavy vehicles are more related with the
spatial characteristics of road segments and segment-based models are more
advantageous for explaining these characteristics. On the other hand, the traveling
behaviours of light vehicles are different as they tend to have limited relationship with
spatial geometry of segments and it is better to directly use a point-based model for

their prediction.

Table 4-1 and Figure 4-7 also illustrate the comparison of model performance
from the perspective of kriging standard deviation and estimation uncertainty.
Standard deviation is the squared root of spatial variance, and the estimated uncertainty
is computed as kriging standard deviation divided by the prediction value (Skeien et
al. 2014). Results show that the improvements of standard deviation of segment-based
models, SOK and SRK, over point-based models, OK, UK and RK, are apparent. For
the prediction of heavy vehicles, 78.19% of spatial variance and 69.03% of standard
deviation are improved by SRK on average compared with RK, the best performing
point-based model. It is also demonstrated that the fitting improvement of segment-
based models primarily comes from the reduction of estimated standard deviation.
Figure 4-7(A) shows the relationships between residuals and standard deviation. It
presents that most of the fitting residuals are located within three times the estimated
standard deviation (grey curve) and two times the estimated standard deviation (black
curve), and segments with small standard deviations generally have relatively small
fitting residuals. Segment-based models have both lower residuals and standard
deviations than point-based models. Figure 4-7(B) illustrates a comparison of the

standard deviations among segment-based and point-based models. Segment-based

64



models, especially SRK, have much higher cumulative density at low standard

deviations.
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Figure 4-7 (C) shows the statistical summary of estimated uncertainty. It shows
that regression and segment-based models both run well on reducing estimated
uncertainty and the reduction from segment-based models is apparent. On average,
53.36% of estimated uncertainty is improved by SRK for heavy vehicles compared
with RK. The uncertainty of the SRK+RK model with an average value of 0.160 is
slightly higher than the pure SRK model due to the integration of the RK-based
prediction for light vehicles whose estimated uncertainty is high, but it is still much
lower than the uncertainty of purely point-based models, including UK and RK with
average values of 0.484 and 0.470. Thus, the improvement of estimated uncertainty

from the SRK+RK model is 65.96% compared with the point-based RK model.
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4.4.3 Spatial prediction of heavy and light vehicle volumes

Figure 4-8 shows the maps of predicted traffic volumes for heavy, light and
total vehicles with the observations plotted at the middle points of road segments, and
spatial distributions of respective prediction uncertainty. The mean predictions of
heavy, light and total vehicle volumes are 277.4, 1006.0 and 1283.4 vehicles/(km-day),
and the maximum volumes are 1172.0, 3547.0 and 4719.0 vehicles/(km-day)
respectively. The corresponding distributions of kriging prediction uncertainty
calculated by equation (4-14) and (4-16) are also displayed on the maps. Uncertainty
of SRK-based heavy vehicle prediction model ranges from 0.13 to 0.43. Uncertainty
of RK-based light vehicle prediction model ranges from 0.45 to 0.65, and uncertainty
of SRK+RK-based total vehicle prediction model ranges from 0.30 to 0.58.
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Figure 4-8. Predictions of traffic volumes (heavy vehicle volume: A; light vehicle
volume: B; total volume C) and corresponding prediction uncertainty (heavy
vehicle volume: D; light vehicle volume: E; total volume F), where points are

observations and lines indicate predictions.

4.5 Discussion

This study proposes segment-based models, SOK and SRK, for integrating
spatial characteristics and spatial homogeneity of road segments with geostatistical
interpolation methods to more accurately predict traffic volumes. Results show that
segment-based models can reduce prediction errors compared with point-based models
by the consideration of spatial geometry of road segments, and reduce prediction
standard deviation and uncertainty. Segment-based models also can better explain
spatial autocorrelation of residuals through involving spatial geometry information of
segments in kriging models with segment-based covariance and semivariogram
functions. SRK performs much better than point-based models for the prediction of
heavy vehicles, because the traveling behaviours of heave vehicles are more relevant
when spatial characteristics of road segments are included. In the Wheatbelt, heavy
vehicles primarily run on main roads and are used for long-distance freight
transportation between grain production areas and densely populated regions located
in the west of the Wheatbelt, such as Perth (capital city) and Fremantle Port. In
contrast, RK is a better model for the prediction of light vehicle volumes than SRK.
This phenomenon can be explained by the characteristics of the SRK model that spatial
geometry of segments is considered for prediction. SRK can improve prediction
accuracy for segment-based spatial data whose spatial autocorrelation is higher in
segments with large spatial geometry than that in the segments with small spatial
geometry. Thus, we recommend that the relationship between spatial geometry of
segments and the spatial heterogeneity of segment-based data should be examined
before SRK modelling. A combination of SRK for heavy vehicles and RK for light
vehicles is adopted for traffic volume prediction. Results reveal that the combined
SRK+RK method has advantages on the prediction of both heavy and light vehicles

with high prediction accuracy.

The SRK+RK-based predictions of traffic volumes are applied on the

estimation of road maintenance burden in the Wheatbelt, WA. Road maintenance
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burden at segment level is estimated by the integration of the traffic volume predictions
and the RAV network determined vehicle mass limitations. The distributions of the
estimated ranges of vehicle masses for heavy, light and total vehicles are calculated at
all segments, together with the statistical summaries shown in Figure 4-9. The
minimum masses of vehicles shown in the maps are conservative estimates, which
assume that loads of all vehicles are restricted within the minimum limitations of the
RAV network. On main roads in the Wheatbelt, the average masses of heavy, light and
total vehicles are [22.49, 22.69], [1.56, 4.26] and [24.05, 26.95] thousand tons per
kilometre per day, and their total masses are [82.78, 83.88], [4.64, 12.66] and [87.42,
96.54] million tons per day. The road maintenance burden from the mass of heavy

vehicles is much bigger than that of light vehicles.
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Figure 4-9. Mass distributions for total vehicles (A), light vehicles (B) and total

vehicles (C), and their statistical summary (D).

To explain the distinct impacts of heavy and light vehicles on road
maintenance, percentages of heavy vehicle volumes and masses among all vehicles are
mapped and summarized in Figure 4-10. Results show that the percentage of heavy

vehicles on road segments has a diverse range from 6.8% to 56.4% with a mean
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percentage of 20.9%, but its impact on road maintenance ranges from 51.4% to 96.3%,
and the mean impact for all road segments accounts for 82.1% of the road maintenance
burden. In contrast, 17.9% of the mean impact on road maintenance burden is related
to light vehicles, although its volume is around 79.1%, which is about four times higher

than that of heavy vehicle.
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Practically, grain production areas link densely populated cities with six
primary main roads through the Wheatbelt, including Brand Highway, Great Northern
Highway, Great Eastern Highway, Brookton Highway, Great Southern Highway and
Albany Highway. To further analyse the impacts of heavy vehicles on the road
maintenance burden, road segments are grouped by local government area (LGA)
groups that are spatially related to the aforementioned six primary main roads. Figure
4-11 shows the distribution of LGA groups, and the distribution of the impact of heavy
vehicles related road maintenance burden in these groups. A general trend is that the
percentage of heavy vehicle mass increases together with the percentage of heavy

vehicle volume, but the relationships vary in different LGAs. The road maintenance
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burden from heavy vehicles is relatively low at LGAs along Great Southern Highway,
and high in LGAs along Great Northern Highway. The impact of heavy vehicles varies
at LGAs along Great Eastern Highway with high impact recorded at Dowerin and
Toodyay, and low impact at Yilgarn.
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Even though the prediction accuracy for heavy vehicles is significantly
improved by SRK (R? = 0.677) as shown in the cross validation, the improvement is
still necessary for more accurate prediction. Based on the whole process of data
analysis in this study, the prediction accuracy can be improved from three aspects.
First, more reasonable explanatory variables of traffic volumes should be explored and
added in prediction, such as the percentages of different types of freight transportation
served by roads. Both the physical process of pavement deterioration and engineers’
experience are required for selecting and determining explanatory variables. Second,
reducing errors sourced from data might be helpful for improving prediction accuracy.
The data errors usually come from the instrument errors during data collection,
measurement errors, and errors from data pre-processing and the combination of
multiple sources. Collecting more data at unobserved or sparsely observed locations is
also critical for more accurate perdition, since the prediction uncertainty at these
locations is usually much higher than the uncertainty at the locations with dense
observations. Finally, since this study has proved that segment-based prediction
methods can more accurately predict heavy vehicle volumes compared with point-
based methods, more segment-based spatial prediction methods need to be proposed

and evaluated to improve the prediction accuracy.

4.6 Conclusion

Geostatistical methods have been widely used for spatial prediction and the
assessment of traffic issues. Most previous studies use point-based interpolation, but
they ignore the critical information of the road segment itself. This can lead to
inaccurate predictions, which will negatively affect decision making of road agencies.
To address this problem, segment-based regression kriging (SRK) is proposed for
traffic volume prediction with differentiation between heavy and light vehicles in the
Wheatbelt region of Western Australia (WA). Cross validation reveals that the
prediction accuracy for heavy vehicles is significantly improved by SRK (R* = 0.677).
Specifically, 78% of spatial variance and 53% of estimated uncertainty are improved
by SRK for heavy vehicles compared with regression kriging (RK), the best
performing point-based geostatistical model. This improvement shows that SRK can
provide new insights into the spatial characteristics and spatial homogeneity of a road

segment. Implementation results of SRK-based predictions show that the impact of
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heavy vehicles on road maintenance is much larger than that of light vehicles and it
varies across space, and the total impacts of heavy vehicles account for more than 82%
of the road maintenance burden even though its volume only accounts for 21% of

traffic.

This study reveals that by involving the spatial geometry information of
segments, the segment-based spatial interpolation method can more accurately
estimate the segment-based spatial data with significant spatial heterogeneity and large
spatial geometry compared with point-based interpolations. Due to this characteristic
of segment-based methods, they have strong capability in predicting traffic volumes
of heavy vehicle freight transportation especially in rural and remote areas, where the
roads are longer than urban road segments, the monitoring data are sparsely
distributed, and it is difficult to collect global positioning (GPS) data of vehicles with
high spatial and temporal resolutions. In addition, segment-based spatial interpolation
methods can be used in spatial estimates for geographical objects with geometry of
line segments. Besides the above academic contributions of this study, the methods
and results also contribute to industrial practice. The application of SRK for predicting
the distribution of heavy vehicle volumes indicates that SRK can significantly improve
prediction accuracy by considering the spatial geometry of road segments. Segment-
based spatial interpolation methods are also a useful approach for the management of
heavy and light vehicles, and can inform wise decision making of road maintenance

strategies.
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Chapter 5 Comprehensive Impacts of Heavy Vehicles
and Climate Environment on Road Pavement

Performance

5.1 Introduction

This chapter aims to explore the impacts of various factors on pavement
infrastructure performance using segment-based spatial stratified heterogeneity
analysis. The factors are from multiple sources and include all vehicles and heavy
vehicles in particular, climate environment, road characteristics and the local
socioeconomic conditions. The segment-based spatial stratified heterogeneity analysis
includes two parts: optimal discretisation for segment-based pavement data, and
assessing the impact of factors with a segment-based geographical detector. The case
study used in this research is the Wheatbelt region in Western Australia (WA),
Australia. Based on the case study, the influence mechanism of factors on pavement
infrastructure performance is discussed, and future research directions and decision-

makings practices are recommended.

5.2 Methodology

Segment-based spatial stratified heterogeneity analysis is performed to explore
the relationship between pavement infrastructure performance and its potential spatial
variability along road segments. The geographical detector is commonly used for
point-based or area-based geographical problems. The method contains four primary
models: factor detector, interaction detector, risk detector and ecological detector
(Wang et al. 2010, Wang, Zhang, and Fu 2016). In this study, deflections are monitored
and analysed for each road segment and the observations are regarded as line segment
based data. Therefore, a segment-based geographical detector is utilized by integrating

the geometric characteristics of road segments and the geographical detector.
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Figure 5-1. Schematic overview of assessing impacts of climate and heavy vehicles

on pavement infrastructure performance with segment-based spatial stratified

heterogeneity analysis

The methods of segment-based spatial stratified heterogeneity analysis of

pavement infrastructure performance are illustrated in Figure 5-1. There are two

primary parts in the method: optimal discretisation for the geographical detector and

assessing impacts of factors. The two parts are conducted through a three-step process.

First, the factor detector model is introduced, since it is the core part of the
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geographical detector and the calculation of optimal discretisation is based on the
factor detector. Next, optimal discretisation is performed to analyse the scale effect to
determine the best line segment length for segmenting the road network, and selecting
the best combinations of discretisation methods and number of intervals for the optimal
discretisation solutions. Finally, spatial stratified heterogeneity is analysed using the
factor detector, interaction detector and risk detector models to assess the impacts of
variables. In terms of the data and calculation processes in this study, we develop a
“GD” R package for optimal discretisation and spatial stratified heterogeneity analysis
using the geographical detector, which can be freely downloaded from the
Comprehensive R Archive Network (CRAN) (https://cran.r-
project.org/web/packages/GD/index.html). A sample dataset sourced from this thesis

is also provided so that users can easily access the models and perform their own

experiments.

5.2.1 Segment-based factor detector model

A key part of the geographical detector is the factor detector model, which presents
the relative importance of the determinants of geographical problems (Wang et al.
2010, Wang, Zhang, and Fu 2016). In this study, the factor detector model is used
twice. First, it is used for optimal discretisation with the segment-based geographical
detector. Once the optimal discretisation solutions are determined, the factor detector
model is then applied to the segment-based spatial stratified heterogeneity analysis for
exploring the relative importance of the potential variables of pavement infrastructure
performance. The mechanism of the segment-based factor detector is shown in Figure
5-1. The segment-based factor detector is measured by a Q value, which presents the
consistency of spatial patterns between pavement infrastructure performance and its
potential variables. The Q value is equal to one minus the ratio of accumulated
dispersion variance of deflections within sub-regions to that of the whole road

network:
Q=1-3=1Nayoi,)/No? (5-1)

where A is a segment-level variable that its observations are distributed along the road
line segments with the same segmenting length, N, ,, is the number of observations of
pavement infrastructure performance on the road segments distributed on the uth (u =

1, ...,s) sub-regions that are determined by segment-level variable A, the dispersion
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variance of these observations is o, and N and ¢% are the number and dispersion
variance of all observations of pavement infrastructure performance on the whole road
network. The Q value reflects the relative importance of variables, ranging from 0 to
1. A variable with a large Q value has relatively higher importance than a variable with
a small Q value. The result of Q = 1 due to g7, = 0 and 0% # 0 means that the
spatial pattern of pavement infrastructure performance is identical to the distribution
of variable A, and the result of Q = 0 shows that variable A is completely unrelated to
pavement infrastructure performance seen from the perspective of segment-based

spatial stratified heterogeneity.

5.2.2 Optimal discretisation for segment-level variables

Since the input of the geographical detector should be categorical variables, an
optimal discretisation framework is utilized to select the optimal discretisation
solutions for discretising continuous variables along road segments (Figure 5-1). The
optimal discretisation framework includes three objectives: assessing the impacts of
scale effect of line segments to determine the best length for segmenting the road
network, selecting the best combination of discretisation method and number of
intervals for each variable that enables the largest Q value in the segment-based factor
detector model, and calculating optimal discretised segment-based continuous

variables.

Scale effect is a common phenomenon in geospatial problems due to the
modifiable spatial unit defined manually according to the understanding and
experience of researchers (Jelinski and Wu 1996, Ju et al. 2016). Spatial effect means
that changes in the size of a spatial unit usually lead to different spatial analysis results
(Jelinski and Wu 1996), so scale effect analysis is critical for selecting an optimal
spatial unit for reasonable geospatial analysis. For the general geographical detector
for point or area based data, scale effect analysis aims at selecting the best grid size
using the relative importance (Q value) of variables, where stable ranks of Q values
indicate the optimal spatial unit (Ju et al. 2016). In this study, the best length of line
segment for segmenting the road network will be obtained through the comparison of
associations between line segment lengths and the variations of relative importance Q
values. The optimal length of a line segment is selected when the ranks of Q values

are stable. According to the geometric characteristics of the segments distributed on
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the road network, seven lengths of line segments in the segment-based geographical
detector are utilized for the scale effect analysis, including 100 m, 250 m, 500 m, 1
km, 2 km, 4 km and 8 km, and the corresponding number of segments on the road

network are 18 660, 7 523, 3 812, 1 958, 1 031, 567 and 335.

In addition to selecting the optimal length of line segments, the best
combinations of discretisation methods and numbers of intervals will be determined
for discretising continuous variables. Under the optimal length of line segments,
different discretisation methods and numbers of intervals can generate various break
values. In this study, five commonly used unsupervised discretisation methods are
utilized for discretising continuous variables, including equal breaks, natural breaks,
quantile breaks, geometric breaks and standard deviation (SD) breaks. The five
methods have their respective advantages in dividing the range of data values into
specified intervals by considering data range, data distribution, data within or between
intervals, and statistical characteristics (Fischer and Wang 2011, Cao, Ge, and Wang
2013). All continuous variables are divided into ranges of 3 — 7 intervals using the five
discretisation methods. The ranges of 3 — 7 intervals are proper numbers of intervals
for most of the geographical variables, since if the number of intervals is too small,
spatial stratified heterogeneity cannot be reflected by the variables, and if they are too
large, data will be scattered across space. The relative importance (Q values) are
computed using a factor detector model for all combinations of discretisation methods
and numbers of intervals, and the largest Q values determine the best parameter

combinations for discretising continuous variables.

Finally, once the optimal length of line segments is selected, and the best
combinations of discretisation methods and numbers of intervals are determined for
segment-based continuous variables, the road network will be segmented and the
continuous variables are discretised and converted to corresponding categorical
variables. Thus, the discretised variables and categorical variables, such as soil type
and surface type, are equally regarded as the potential variables of pavement

infrastructure performance and input for the segment-based geographical detector.

5.2.3 Segment-based interaction detector and risk detector models

In the segment-based geographical detector, the interaction detector is utilized
to explore the interactive impacts of segment-based variables on the pavement
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infrastructure performance, and a risk factor is computed to explore the road segments
with high or low risk of damage. The interaction detector compares the importance of
two combined potential variables to their independent importance to evaluate if the
variables are enhanced or weakened by each other, or their impacts are independent.
Figure 5-1 shows the interaction of two potential variables A and B, and their
relationship with the distribution of pavement infrastructure performance. The
importance comparison of the interaction variables and the independent variables are

computed by the interaction detector as follows (Wang et al. 2010):

Qang < min (Q4, Qp) Nonlinear — weaken
min(Qy, @p) < Qanp < max (@4, Q) Weaken/Uni — enhance
max(Qy, Qp) < Qung < (Qa + Qp) Bi — enhance (5-2)
Qang = (Q4 + Qp) Independent
Qang > (Q4 + Qp) Nonlinear — enhance

where Q45 1s the relative importance of the interaction variables, and Q4 and Qp are
the respective relative importance of variables A and B. In equation (5-2), the relative

importance is gradually increased from “nonlinear-weaken” to “nonlinear-enhance”.

Further, the risk detector computed with a #-test is utilized to explore the spatial
distributions of relative risks, which are computed by the difference of average values
within sub-regions defined by intervals of a potential variable (Wang et al. 2010). In
this study, the average pavement deflections within sub-regions are calculated to
reflect the relative conditions of road damage that are linked with the spatial patterns
of potential variables. The average pavement deflection D,, within uth sub-region in

risk detector analysis is calculated by:
Dy =Y D, /(LMy ) (5-3)
u ]:1 u,j u,j

where D, ; is the pavement deflection on jth road segment within uth sub-region,
M, ; is the total number of road segments within the sub-region, and L is the optimal
length of line segments determined by scale effect analysis. The average pavement
deflection D,, reflects the relative risk of road damage within an interval of a variable.
A large value of D,, indicates a relatively high risk within a certain sub-region defined
by an interval of a variable. Figure 5-1 illustrates the spatial distribution of road

segments with the highest relative risks of pavement deflections.
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5.3 Study area and data

5.3.1 Road condition data

The Wheatbelt region is located in southwestern WA and is made up of 42 local
government authorities (LGAs) with an area of 154 862 km®. It is the primary grain
production region in WA and includes important mining activities that generate
substantial heavy haulage vehicle traffic (Figure 5-2). There are 280 road segments
distributed on six major roads, including Brand Highway, Great Northern Highway,
Great Eastern Highway, Brookton Highway, Great Southern Highway and Albany
Highway. These road segments link the state capital (Perth) and major regional ports
within the Wheatbelt region. Road maintenance, such as resurfacing, is a vital and

regular construction task for road management authorities (Chong et al. 2016).
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Figure 5-2. Spatial distribution of pavement deflections across road network in

the study area

Road conditions are assessed via deflection measurements using a Dynatest
8000 series Falling Weight Deflectometer (FWD) and calibrated with Calibration
Method WA 2060.5 by Main Roads, WA (Main Roads Western Australia 2017b, a).
Deflection is a pavement strength indicator measured as the maximum depression in
the surface of pavement under a standard load. Figure 1 shows the spatial distributions
of mean deflections on road segments. Deflections on the 280 road segments vary
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across the road network, ranging from 153.0 um to 1684.5 um with the average value

of 383.6 um.

5.3.2 Potential variables

The potential variables of pavement infrastructure performance are collected
from multiple data sources. They are pre-processed to have the same spatial and
temporal scales with pavement infrastructure performance data, where the identical
spatial scale is the road network in the Wheatbelt region, WA, and temporal scale is
the year 2015. The potential variables and their respective data sources are listed in
Table 5-1. Based on the collected data, 24 potential variables are derived and they are
divided into four categories. Two primary categories of variables are vehicles and
heavy vehicles (C1), and climate and environment factors (C2), and another two
categories of auxiliary variables are road characteristics (C3), and socioeconomic
factors (C4). Variables in different categories have comprehensive impacts on the
pavement conditions. Figure 5-3 displays the spatial distributions of all 24 variables in

the order listed in Table 5-1.

Table 5-1. Descriptions of potential variables of pavement infrastructure

performance
Category No. Code Name (Unit) Data source
Vehicles  and | vlmsum Total volume of vehicles Main  Roads  Western
heavy vehicles Percentage of heavy Australia (Main Roads
(CDH 2 pethvvim vehicle volume (%) Western Australia 2015) and
3 masssym  Total mass of vehicles calculating using segment-
(t/(km-day) based regression kriging
4 pcthvmass Percentage of heavy methods (Song, Wang, et al.
vehicle mass (%) 2018).
Climate and Bureau of Meteorology,
environment Australia (Bureau of
(C2) 5 ap Annual precipitation (mm) Meteorology Australian
Government 2017, Jones,
Wang, and Fawcett 2009).
6 maxtemp Annual maximum
temperature (°C) Land surface temperature
7 mintemp Annual minimum (LST) MODI11A2 from
temperature (°C) Moderate Resolution
8 meantemp Annual mean temperature Imaging Spectroradiometer
°O) (MODIS) (Wan, Hook, and
9 tempdif Annual temperature Hulley 2015).

difference (°C)
2016 State of the
Environment (SoE) Land
10 soiltype* Soil type Australian Soil
Classification Orders dataset
(Ashton and McKenzie
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11

12
13
14
15

16

17

Road 18
characteristics

(C3) 19

20

Socioeconomic 21
factors (C4) 2

23

24

rZzsm

usm

Ism

dsm
dd

ac

evi

ravnw*

speed*
surftype*

popbfl

popbf5
popbfl0

wpop

Root-zone soil moisture

(%)

Upper soil moisture (%)
Lower soil moisture (%)
Deep soil moisture (%)
Deep drainage (mm)
Actual evapotranspiration
(mm)

Enhanced vegetation index
(EVI)

Restricted access vehicles
(RAV) network

Road speed limit (km/h)
Road surfacing type
Population within 1 km

Population within 5 km

Population within 10 km
Weighted population
within 50 km

2001, State of  the
Environment in Australia
2017).

Bureau of Meteorology,

Australia, and the Australian
Soil Resources Information
System (ASRIS) dataset
(Johnston et al. 2003, Bureau
of Meteorology Australian
Government 2017).

Enhanced vegetation index

(EV) MODI3A2 from
Moderate Resolution
Imaging Spectroradiometer
(MODIS) (EARTHDATA
2017).

Main Roads Western
Australia.

Population data with 1-km
spatial resolution is from
Gridded Population of the
World fourth version
(GPWv4) (NASA 2016Db).

* The marked variables are categorical variables, and other variables are continuous variables.
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Figure 5-3. Spatial distribution of potential variables of pavement infrastructure

performance (part 1)
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Figure 5-3. Spatial distribution of potential variables of pavement infrastructure

performance (part 2)

The four categories of potential variables are carefully pre-processed from the
raw data to accurately reflect the impacts of the variables. The first category is the
variables of vehicles and heavy vehicles. Traffic volumes are directly linked with
pavement infrastructure performance, where heavy vehicles are a primary contributor
due to the heavy mass. In general, the weight of a standard light vehicle is merely 1.65
t and the gross vehicle mass (GVM) is limited to 4.5 t in Australia (Department of
Transport - The Government of Western Australia 2016), but the mass of heavy
vehicles used for freight transportation ranges from 42.5 t to 147.5 t (Main Roads
Western Australia 2016a). Thus, the total traffic volumes and masses, and the
respective percentages of heavy vehicles are calculated using segment-based
regression kriging (SRK) methods (Song, Wang, et al. 2018) with traffic statistical
data provided by Main Roads, WA (Main Roads Western Australia 2015). SRK is a
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spatial prediction model for line segment-based spatial data, such as road properties
and traffic conditions, by involving the spatial characteristics and spatial homogeneity
of line segments (Song, Wang, et al. 2018). Compared with raw data released by Main
Roads, WA, and the data predicted using traditional aspatial and point-based spatial
methods, SRK provides more accurate prediction results with significantly reduced

errors and autocorrelations of residuals.

Another critical category of variables is related to the on-road and near-road
climate and environmental conditions, including precipitation, temperature, soil type,
soil moisture and vegetation in the Wheatbelt region, WA, in 2015. The annual
precipitation data with a spatial resolution of 5 km is sourced from the Bureau of
Meteorology in Australia (Bureau of Meteorology Australian Government 2017). This
precipitation dataset is calculated based on daily precipitation grids produced from
approximately 6,500 rain gauge stations across Australia (Jones, Wang, and Fawcett
2009). Temperature variables including maximum temperature, minimum
temperature, mean temperature and the calculated temperature difference during 2015
are derived from 1-km spatial resolution 8-Day L3 Global Land Surface Temperature
(LST) and Emissivity product (MOD11A2) from the Moderate Resolution Imaging
Spectroradiometer (MODIS) (Wan, Hook, and Hulley 2015). Spatial data of soil type
distributions is sourced from the 2016 State of the Environment (SoE) Land Australian
Soil Classification Orders dataset (Ashton and McKenzie 2001, State of the
Environment in Australia 2017). Soil moisture variables with a spatial resolution of 5
km are sourced from the Bureau of Meteorology, Australia, and the Australian Soil
Resources Information System (ASRIS) dataset (Johnston et al. 2003, Bureau of
Meteorology Australian Government 2017). Soil type includes Calcarosol,
Chromosol, Hydrosol, Kandosol, Podosol, Rudosol, Sodosol and Tenosol in the
Wheatbelt region. Soil moisture reflects the relative soil water storage capacity within
a soil layer between a certain range of depths. Variables of soil moisture data include
root-zone soil moisture, upper soil moisture, lower soil moisture, deep soil moisture,
deep drainage, and actual evapotranspiration (Bureau of Meteorology Australian
Government 2017). Root-zone soil moisture is the sum of available water in the upper
and lower soil layers in the top 10 cm and 10 cm - 1 m, respectively. Deep soil moisture
represents the percentage of available water within the 1 - 6 m soil layer, which is

determined based on the assumption that deep-rooted vegetation can access water
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down to 6 m (Bureau of Meteorology Australian Government 2017). Deep drainage is
the water draining from the bottom of the deep soil layer to the groundwater and
represents diffuse groundwater recharge (Keese, Scanlon, and Reedy 2005). Actual
evapotranspiration is the estimated total evapotranspiration from vegetation, soil and
groundwater using event-based methods and adaptive analytical models (Gash 1979,
Van Dijk and Bruijnzeel 2001). Ground vegetation conditions are explained by 1-km
spatial resolution enhanced vegetation index (EVI) data, which is collected from the
Terra Vegetation Indices 16-Day L3 MODI3A2 product from MODIS
(EARTHDATA 2017).

In addition to the variables of vehicles and climate, road characteristics and
socioeconomic factors are also included as potential variables of pavement
infrastructure performance. In WA, the restricted access vehicles (RAV) network used
by Main Roads, WA, is a critical guideline for heavy vehicle services and road
management operations for staff, operators and consultants in Main Roads and LGAs
(Main Roads Western Australia 2017¢). The RAV network defines ten categories of
heavy vehicles and corresponding roads they can access (Main Roads Western
Australia 2017e). Spatial vector data of the RAV network is provided by Main Roads
WA (Main Roads Western Australia 2016b). In addition, Main Roads WA also
provides speed limit spatial vector data (Main Roads Western Australia 2017d) and
road surface type data, where surface type includes single seal, two coat seal, slurry
seal, primer seal, asphalt dense graded, asphalt intersection mix, rubberised seal and
asphalt open graded in the Wheatbelt region. For socioeconomic factors, populations
near road segments are calculated to reflect the potential utilization of roads by
surrounding residents. Population data with 1-km spatial resolution is obtained from
Gridded Population of the World fourth version (GPWv4) (NASA 2016b), and the
calculated variables include population within 1-km, 5-km and 10-km buffer areas of
road segments, and the inverse weighted population within 50-km buffer areas (Song,

Tan, et al. 2018).
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5.4 Experiments and Results

5.4.1 Optimal discretisation

During the optimal discretisation process, seven lengths of line segments are
analysed in the scale effect analysis, and five unsupervised discretisation methods and
five intervals are included in selecting the best parameters for segmenting the road
network and discretising continuous variables. In total, 175 groups (7 X 5X5) of
experiments are performed for each of the 20 continuous variables listed in Table 1 for
optimal discretisation analysis. In the experiments, the best combinations of
discretisation methods and numbers of intervals are firstly selected by the comparison
of relative importance using Q values for each of the seven lengths of line segments.
Figure 5-4 shows the comparison of @ values and their ranks with the line segment
lengths, where the best combinations of discretisation methods and numbers of
intervals are set for the variables. Ranks of Q values show that when line segment
length is less than 500 m, the ranks of variables (especially the top half ranks) are
relatively stable. When line segment length is larger than 500 m, the ranks of variables
are changed and the number of variables with significant relationships with pavement
infrastructure performance are reduced. Thus, in the scale effect analysis, 500-m line
segments are used for segmenting the road network and generating segment-based
explanatory and response variables. The result of 500-m line segments is also
consistent with the regional practice on sealing design by Main Roads, WA.
Meanwhile, Figure 5-5 shows the process for selecting the best combinations of
discretisation methods and the number of intervals for discretising continuous
variables under the line segment length of 500 m. For each continuous variable, the
best combination with the largest @ value is selected from 25 combinations formed by
five discretisation methods and five intervals. The best combination is also calculated
for the scenarios of other line segment lengths, and the results are utilized in the
analysis of ranks of Q values (Figure 5-4). The results of discretising continuous
variables are shown in Figure 5-6, and the best discretisation methods and numbers of
intervals for continuous variables are summarized in Table 5-2, together with the
categorical variables to be used in the segment-based geographical detector analysis.
Results show that the combination of discretisation methods and the number of

intervals have no relationship with @ values. The best combinations might be
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associated with the distributions of variable data and the relationships between spatial

patterns of pavement infrastructure performance and the potential variables.
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Figure 5-4. Scale effects of line segment length on Q values (A) and ranks of

variables (B)
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Figure 5-5. Process of selecting the best combinations of discretisation methods

and number of interactions for continuous variables
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Figure 5-6. Results of optimal discretisation of continuous variables

Table 5-2. Summary of best discretisation methods and numbers of intervals for

continuous variables

No. Code Min Max Method Number of intervals
1 vimsum 100 5105 SD 7
2 pcthvvim 6.1 56.4 quantile 6
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3 masssum 1780.1 138391.3 equal 6
4 pcthvmass 67.5 98.0 quantile 7
5 ap 237.6 761.8 geometric 7
6 maxtemp 20.7 33.9 SD 6
7 mintemp 9.8 15.4 natural 6
8 meantemp 16.4 24.0 geometric 4
9 tempdif 8.6 20.6 SD 6
Categorical variable, including Calcarosol,
10 soiltype Chromosol, Hydrosol, Kandosol, Podosol, 8
Rudosol, Sodosol and Tenosol.
11 rzsm 4.64 33.11 equal 6
12 usm 1.96 10.43 natural 7
13 Ism 4.12 37.33 equal 6
14 dsm 9.84 54.31 equal 5
15 dd 0.5 179.3 natural 7
16 ae 239.3 807.4 equal 5
17 evi 0.04 0.38 SD 6
18 ravnw Categorical variable, including 3, 4, 5, 6, 7 and 10. 6
19 speed Categorical Val;igglz;uijnﬂ%dzﬁil ?}(l)), 60, 70, 80, 90, 7
Categorical variable, including single seal, two
20 surype el mersecton i, rabberised el 8
and asphalt open graded.
21 popbfl 1 2490 geometric 7
22 popbf5 13 6946 geometric 7
23 popbf10 49 12422 quantile 6
24 wpop 8 2787 geometric 7

5.4.2 Segment-based factor detector

Under the 500-m line segment scenario for segmenting the whole road network
in the Wheatbelt region, the segment-based factor detector is performed for all
potential variables, including category and discretised segment-level variables. Figure
5-7 shows the Q values and their ranks of variables with significant relationships with
pavement deflections. The variables which have no significant @ values are removed.
The removed variables include EVI, traffic speed limit and road surface type. In
general, variables from the categories of vehicles and heavy vehicles, and climate and
environment, make more contributions to the pavement deflections than the variables
of road characteristics and socioeconomic factors. All four variables of vehicles and
heavy vehicles are among the top-quartile ranks of Q values. The relative importance
of total masses of vehicles (Q = 0.243) and deep drainage (Q = 0.156) are much
higher than other variables. Weighted population within 50 km (Q = 0.064) and RAV
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network (Q = 0.022) are the variables that have the largest contributions among their

respective category of socioeconomic factors and road characteristics.

Q value
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Figure 5-7. Relative importance of potential variables explored by factor detector

5.4.3 Segment-based interaction detector

In this study, 276 pairs of interactions among 10 types of category interactions
are computed between the 24 potential variables in the 4 categories. Figure 5-8 shows
the impacts of all interactions between potential variables, including variable
interactions, category interactions, @ values and ranks, where the top 20 interactions
are marked by the ranks. Table 5-3 lists the top 20 interactions, which are all
nonlinearly enhanced by both variables. The top 20 interactions are identified in the
category interactions of (1) vehicles and heavy vehicles (C1 N C1), (2) vehicles and
heavy vehicles, and climate and environment (C1 N C2), (3) vehicles and heavy
vehicles, and socioeconomic factors (C1 M C4), and (4) climate and environment, and
socioeconomic factors (C2 M C4). Half of the top 20 interactions are the category
interaction of vehicles and heavy vehicles, and climate and environment (C1 N C2),
four interactions are included in the category interactions of vehicles and heavy

vehicles (C1 N C1), and another four interactions are between the categories of climate

and environment, and socioeconomic factors (C2 N C4).
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Figure 5-8. Relative importance of interactions of variables and categories

derived by interaction detector

Table 5-3. Interactions between variables of pavement deflections (top 20

interactions)
C1: Vehicles and heavy vehicles €2 C.limate and
Category environment
Variable  vlmsum pcthvvl  masssu  pcthvma ap ad
m m ss
vimsum
Cl: Vehicles pcthvwlm  0.543*
and heavy
vehicles masssum 0.451
pcthvmass 0.457 0.532
ap 0.535 0.505
C2:Climate  goiltype 0481 0464  0.566*
envifcl)lfment dd 0.496 0.544 0.525
ae 0.516 0.435
C4: Socio- popbfl 0.407*
economic popbfs 0.393
factors wpop 0.385 0.384 0.453*  0.423

* The largest interaction within each category, including C1NC1, C1NC2, C1NC4, and C2NC4.
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The interaction that contributes the most to the pavement deflections is the
percentage of heavy vehicle mass and soil type (Q = 0.566), and the interaction with
the second largest relative importance is the interaction between total mass of vehicles
and soil deep drainage (Q = 0.544). Both belong to the category interaction between
vehicles and heavy vehicles, and climate and environmental factors (C1 N C2). The
results indicate that the pavement infrastructure performance is significantly related to
the interactive impacts between vehicles and heavy vehicles, and the climate and
environmental conditions, and the impacts are nonlinearly enhanced by both categories
of variables. Heavy vehicles are an important contributor among vehicles, and it has
strong interactions with climate and environmental conditions. In addition to the soil
type and soil deep drainage, precipitation and actual evapotranspiration also have
strong interactions with the variables of vehicles and heavy vehicles, especially the

percentages of heavy vehicle volume and mass.

The interactions that have third and fourth highest relative importance are
related to the category interaction within vehicles and heavy vehicles (C1 N C1),
including the interaction between total volume of vehicles and the percentage of heavy
vehicles (Q = 0.543), and the interaction between total mass of vehicles and the
percentage of heavy vehicle mass (@ = 0.532). Results of the interaction of vehicles
and heavy vehicles reveal that the volumes of vehicles and heavy mass have significant
influence on the pavement infrastructure performance, and their impacts are

nonlinearly enhanced.

In addition, socioeconomic factors also have strong interactive impacts with
variables from the categories of vehicles and heavy vehicles, and climate and
environment. The interaction between population within 1 km from road segments and
percentage of heavy vehicle mass (Q = 0.407) is the most important interaction
among the category interaction between socioeconomic factors and vehicles and heavy
vehicles. Meanwhile, the interaction between weighted population within 50 km of
road segments and annual precipitation (Q = 0.453) has the largest contribution in the
category interaction between socioeconomic factors and the climate and

environmental conditions.
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Figure 5-9. Levels of risk within sub-regions of variables within the category of

all vehicles and heavy vehicles

5.4.4 Segment-based risk detector

The segment-based risk detector reveals the road segments with pavement
deflections at high or low risks in different sub-regions of variables. The risks of
pavement deflections are calculated using the segment-based risk detector for
variables in the four categories, including vehicles and heavy vehicles (C1, Figure 5-
9), climate and environment (C2, Figure 5-10), road characteristics (C3, Figure 5-11),
and socioeconomic factors (C4, Figure 5-12), where the variables that have no
significant relationships with pavement deflections are removed. To deeply understand
the spatial patterns of pavement deflections at high or low risks, five levels of risks are
defined for the sub-regions of variables, including very high risk, high risk, medium
risk, low risk and very low risk. The definitions and descriptions of pavement
infrastructure performance risk levels are listed in Table 5-4. According to the
definition, risks of pavement damage are directly linked with the sub-regions of
variables. In this study, the variables with the top six Q values identified by the
segment-based factor detector are used as examples for illustrating the risk

distributions of pavement infrastructure performance. The six values include total
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masses of vehicles, soil deep drainage, percentage of heavy vehicle mass, total
volumes of vehicles, soil type and annual precipitation. The six variables have the
largest relative contributions (Q > 0.1) and they are included in 18 of the top 20
interactions. Figure 5-13 shows the levels of risks within sub-regions of variables and
the corresponding spatial distributions at high or low risks. For instance, road segments
with very high risk associated with the total masses of vehicles are primarily located
at the southern part of Brand Highway. Road segments of high risk are located at Brand
Highway, Great Northern Highway, Great Eastern Highway and Albany Highway, and
other road segments are at low risk. For the sub-regions determined by soil deep
drainage, road segments at very high risk are primarily on Brand Highway, and those
at very low risk are distributed on the southern part of Great Northern Highway,
western part of Great Eastern Highway, and Albany Highway.
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Figure 5-10. Levels of risk within sub-regions of variables within the category of

climate and environmental factors
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Figure 5-12. Level of risks within sub-regions of variables within the category of

socioeconomic factors

Table 5-4. Definitions and descriptions of pavement infrastructure performance

risk levels.

Level of risk Description
Very high risk Road spgments within the sub-region of the highest risk of pavement
deflections.
High risk Road segments within the sub-region of the second highest risk of

pavement deflections.

Road segments within the sub-regions of median risks of pavement
deflections, and outside of other levels of risks.

Road segments within the sub-region of the second lowest risk of
pavement deflections.

Medium risk

Low risk
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Road segments within the sub-region of the lowest risk of pavement

Very low risk .
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Figure 5-13. Levels of risks within sub-regions of variables with top six Q values
and the corresponding spatial distributions of pavement performance at high or

low risks

5.5 Discussion

5.5.1 The segment-based spatial stratified heterogeneity analysis

Compared with traditional point or area based geographical observations,
segment-based observations have specific geometric and heterogeneity characteristics.
In previous studies, only a few segment-based spatial analysis methods were used for
processing segment-based spatial data. Road and traffic data, such as pavement
deflections, are typical segment-based observations, which are spatially homogeneous
within a segment, but spatially heterogeneous on different segments across the road
network (Song, Wang, et al. 2018). In this study, optimal discretization for segment-
based pavement data and geographical detector are integrated in the segment-based
spatial stratified heterogeneity analysis of exploring the impacts of potential variables
on pavement infrastructure performance. This approach has the following innovations

and advantages.
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First, the geometric and heterogeneity characteristics of segment-based
pavement data are included in the spatial stratified heterogeneity analysis. In general,
spatial grids with certain sizes are applied on extracting response and explanatory
variables from multi-source spatial data in a geographical detector. This method is
reasonable and widely used in point and area based spatial observations (Cao, Ge, and
Wang 2013, Wang et al. 2010). However, it is biased and unreasonable for segment-
based data which are distributed along the line segments, such as road segments across
the road network, due to the various and diverse shapes of line segments. If spatial
grids are applied on segment-based data, the shapes and lengths within a spatial unit
will be largely different, leading to biased inputs of spatial data and errors in the spatial
analysis. In this study, the road network is segmented using the spatial unit of line
segments with the same length, and values of spatial variables are summarized along
the corresponding line segments. As a result, the spatial units of response and
explanatory variables are identical across the road network. In addition, this method is
applied on the scale effect analysis in optimal discretization for segment-based data to
select the best length of line segments for segmenting the road network. By involving
the geometric and heterogeneity characteristics of segment-based data, the optimal
discretization processes can reflect the spatial patterns and characteristics of

explanatory variables and the real conditions of pavement engineering.

In addition, to the best of our knowledge, this is the first study utilizing the
geographical detector to address industrial and engineering problems. Results show
that the segment-based geographical detector is suitable and practical in addressing
industrial problems with line segment spatial data, such as assessing pavement
infrastructure performance. The key reason is that no linear assumptions are required
to both response and potential explanatory variables for the geographical detector in
exploring their interrelationships (Wang et al. 2010). Meanwhile, both continuous and
category spatial data can be used as explanatory variables in spatial stratified
heterogeneity analysis, where continuous data are discretised. These characteristics of
the geographical detector enable the wide prospects for its application on addressing
industrial and engineering problems, and providing quantitative and accurate spatial

analysis results for road maintenance decision-making.

Finally, the geographical detector provides various results at different levels.

Exploration of potential variables and their spatially varied impacts on pavement
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infrastructure performance is critical for understanding current and historical
conditions, and appropriate decision-making of road and transportation authorities. It
is also a sophisticated issue associated with numerous factors that might have diverse
impacts. In the segment-based geographical detector, the relative importance of
potential variables is explained by the factor detector and the interactions between
variables and between categories are revealed by the interaction detector. The road
segments at high or low risk of pavement damage are identified using the risk detector.
Thus, researchers and practitioners can use one or several models of geographical
detector to address their own problems. Furthermore, comprehensive application of
spatial analysis results at different levels is beneficial for an in-depth understanding of

the mechanisms of how the factors can affect pavement infrastructure performance.

5.5.2 Comprehensive impacts of climate and heavy vehicles

There are three major findings in this study. Vehicles, especially heavy
vehicles, and climate and environmental conditions, are two main categories of
contributors to pavement damage. In general, engineers and road managers believe
that vehicles are the primary contributors to road damage (Cebon 1988, Ede 2014).
This study reveals the respective contributions of traffic volumes and vehicle mass.
Results show that the vehicle masses have more influence than volumes on pavement
infrastructure performance. The contributions of total mass of vehicles and percentage
of heavy vehicle mass are 2.01 and 1.31 times the contributions of total volumes of
vehicles and percentage of heavy vehicle volume, respectively. Similar results also
appear in the relevant studies. For instance, vehicle mass has a cumulative effect on
pavement damage (Ede 2014), and pavement maintenance costs lead by overloaded
vehicles are twice the costs of the same vehicles within legal loads (Pais, Amorim, and
Minhoto 2013). In addition, climate and environmental conditions are usually assumed
to be constant in the current and past pavement design and maintenance, but they
actually vary at different times and across space. This study indicates that the impacts
of climate and environment are significant and the impacts vary on different road
segments on the road network. Static assumptions of climate and environmental
conditions may result in premature deterioration of pavements (Li, Mills, and McNeil
2011). This study also presents that different variables of climate and environmental
conditions have relatively different negative impacts on the pavement. Previous

studies mainly focus on the impacts of temperature on pavement damage (Chinowsky,
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Price, and Neumann 2013, Chinowsky et al. 2013, Neumann et al. 2015, Byram et al.
2012, Qiao et al. 2013). For instance, it is estimated that warming temperatures will
probably lead to US$13.6, US$19.0 and US$21.8 billion additional costs for pavement
maintenance by 2010, 2040 and 2070 under RCP4.5 future climate change scenarios
in the US (Underwood et al. 2017). In some regions that use asphalt pavements,
pavement service life will be significantly reduced due to the increased temperatures
and pavement designs that are not adapted to climate change (Qiao et al. 2013).
However, this study shows that the impacts of different indicators, including soil
moisture, soil type and precipitation are much greater than the impacts of temperature.
Pavements are generally temperature sensitive, but the degrees are different due to
various types of pavements and diverse surrounding environment. In the Wheatbelt
region, the impacts of traffic masses and soil moisture are much higher than impacts
of temperature on the pavement performance. For temperature variables, mean
temperature along road segments is more important than the maximum temperature,
minimum temperature and temperature difference. While the impacts from soil deep
drainage, soil type and precipitation are 6.24, 4.76 and 4.48 times of the impacts of

mean temperature, these factors were seldom considered in previous studies.

In addition, variables of vehicles and heavy vehicles in particular and climate
and environmental conditions have significant interactive influence on pavement
infrastructure performance. The impacts from the interactions can explain more than
half of the pavement damage. Only a few previous studies investigated the interactive
or combined impacts of vehicles and climate on pavements, even though multiple
variables are used for the prediction of pavement performance (Bianchini and Bandini
2010, Marcelino, Lurdes Antunes, and Fortunato 2018). For example, experiments
performed in Guangzhou, China, indicate that the dynamic behaviours of asphalt
pavement structure are largely affected by the coupled loads of different temperature
and vehicle masses using a coupling dynamic model (Xue et al. 2013). In this study,
the interactions between different variables of vehicles and climate are explored and
discussed in detail. From the perspective of relative importance measured by Q value,
multiple interactions between the category of vehicles and heavy vehicles, and climate
and environment, can explain more than half of the pavement damage. The interactions
between percentage of heavy vehicle mass and soil type, soil deep drainage, and

precipitation, can explain 56.6%, 52.5% and 50.5% of pavement deflections
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respectively. The interaction between the total mass of vehicles and soil deep drainage
explains 54.4% of pavement deflections. The interactions between the percentage of
heavy vehicle volume and precipitation, and actual evapotranspiration, explain 53.5%
and 51.6% of pavement deflections in the Wheatbelt. Meanwhile, this study shows that
the interactions between vehicles and the percentage of heavy vehicles also make
significant contributions to pavement damage. The interaction between total volume
of vehicles and percentage of heavy vehicle volume, and the interaction between total
masses of vehicles and percentage of heavy vehicle mass account for 54.3% and 53.2%

of pavement deflections, respectively.

Finally, the impacts of the above two categories of variables are also linked
with the local socioeconomic conditions, such as populations that reflect the usage of
local road segments. Segment-based spatial stratified heterogeneity analysis reveals
that the weighted population within 50 km of road segments contributes to 6.4% of
pavement deflection, and its interaction with precipitation can explain 45.3% of
pavement deflection. The interaction between population within 1 km of road
segments and percentage of heavy vehicle mass explains 40.7% of pavement
deflection. Growing population usually leads to multiplied vehicles on the roads and
can sharply increase the necessity for freight transportation, which have cumulative
impacts on pavement damage (Ede 2014). Thus, socioeconomic factors are effective
supplements for vehicles and climate variables for explaining the sophisticated

problems of pavement damage.

5.5.3 Practical recommendations

Based on the spatial analysis results, this study has the following practical
recommendations for optimizing and improving pavement design, management,
construction and maintenance practices. First, for the design and construction of new
roads, data-driven analysis of potential pavement performance should be assessed in
terms of the surrounding climate, environment and socio-economic conditions to
design the road pavement, such as the pavement service life, materials and thickness
of asphalt concrete overlay (Wang 2012, Wen et al. 2017). The quantitative and
accurate assessment of pavement performance can avoid underestimation of the
burden of road maintenance and overestimation of pavement service life. Next, more

attention should be paid to the impacts of climate and surrounding environmental
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conditions on pavement performance. In general road management and pavement
engineering practices, traffic volumes especially the masses of heavy vehicles are
regarded as the primary source of pavement damage (Song, Wang, et al. 2018). In this
study, the spatial segment-based stratified heterogeneity analysis indicates that the
contributions of climate and environmental factors are as high as the impacts of
vehicles, and they have nonlinearly enhanced interactive impacts on the pavement.
Finally, spatial difference needs to be involved in the whole life-cycle of road
pavement. The performance of pavement and its factors are significantly varied across
the road network. The spatially local identification of pavement performance and the
factors benefit for the more accurate and reasonable decision-makings for reducing the

impacts of factors and resurfacing costs, and prolonging pavement life.

5.5.4 Recommendations for future research

Even though this study demonstrates the contributions of vehicles and heavy
vehicles, climate and environment, socioeconomic factors and the characteristics of
roads, and their interactions on pavement damage, more investigations are still
required in the future research. Assessing the comprehensive impacts of multi-source
factors on pavement infrastructure performance has been a key research area for
researchers, engineers and managers since the 1930s (Main Roads Western Australia
1996). In Australia, 12.9 million dollars was spent in 2015-16 on the 24-year long
Austroads Long Term Pavement Performance Program (Austroads Ltd. 2016). In this
research, several recommendations are proposed for future research about
understanding factors of pavement infrastructure performance. From the perspective
of methodology, prediction methods can be considered for spatial stratified
heterogeneity analysis, so that future scenarios of pavement infrastructure
performance can be predicted based on historical data, which is one of the most
important sources of evidence for decision-making of predictive road maintenance.
From the perspective of data, more variables can be monitored, collected and analysed,
such as adverse and extreme weather condition data. Studies in other regions are also

necessary to reflect the local pavement conditions and potential factors.
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5.6 Conclusions

Road infrastructure is important to the well-being and economic health of all
nations. Comprehensive understanding of the impacts of climate and heavy vehicles
on pavement infrastructure performance is critical and necessary for road
infrastructure maintenance and management. The performance of pavement
infrastructure is sophisticated and affected by numerous factors and varies greatly
across different roads. This study explores the comprehensive impacts of vehicles and
heavy vehicles, climate and environment, road characteristics and socioeconomic
conditions on pavement infrastructure performance with spatial stratified
heterogeneity of segment-based variables. Different from point and area geographical
observation data, indicators of pavement performance are segment data distributed
along road segments of the road network. Segment-based optimal discretization is used
to discretise segment-based pavement data on the road network and applied on
segment-based geographical detector. This approach provides new ideas for spatial
analysis of segment geographical data. Spatial analysis reveals that vehicles and
climate variables are the major factors associated with pavement damage, where the
variables having the largest relative importance include total masses of vehicles, soil
deep drainage, percentage of heavy vehicle mass, total volume of vehicles, soil type
and precipitation. Vehicle masses have more influence than volumes. The
contributions of total mass of vehicles and percentage of heavy vehicle mass are 2.01
and 1.31 times the contributions of total volumes of vehicles and percentage of heavy
vehicle volume, respectively. Meanwhile, the impacts from soil deep drainage, soil
type and precipitation are 6.24, 4.76 and 4.48 times the impacts of mean temperature
on pavement damage, but these factors are rarely considered. Instead, temperature has
been commonly used as an indicator of climate in previous studies. In this research,
soil and precipitation have more influence than temperature, which may be linked with
the temperature insensitive pavements on some roads in the Wheatbelt region. The
interactions between variables of vehicles and heavy vehicles and variables of climate
and environmental conditions have significant influence on pavement infrastructure
performance, which can explain more than half of the pavement damage.
Socioeconomic conditions also have impacts on pavement performance to some
extent, but the impacts of road characteristics are limited. The methodology in this

study can objectively reveal the spatial associations between pavement performance
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and explanatory variables. Nowadays pavement practices in developed countries focus
more on maintenance and renewal. The findings provide quantitative contributions of
variables on pavement performance, so the variations of pavement performance that
are affected by variables needs to be considered in the practical decision-making for

road design, construction and maintenance.
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Chapter 6 Geospatial Multi-Criteria Decision
Making for Road and Heavy Vehicles Management

6.1 Introduction

In this chapter, to more comprehensively investigate the overall performance
of road infrastructure and to determine a more accurate performance measure, a model-
driven fuzzy spatial multi-criteria decision making (MFSD) is utilized for indicator
selection and for deriving an overall indicator. The MFSD method integrates model-
driven decision making, multi-criteria decision making (MCDM), fuzzy set theory,
and geographical information systems (GIS), and can both generate an overall
indicator and support decision making. First, the MFSD method is developed based on
MCDM, so it is used to select proper alternative indicators, where the factors affecting
the indicators are taken into account for decisions. The analytic hierarchy process
(AHP) is used to obtain weights of alternatives, and AHP and the technique for order
of preference by similarity to ideal solution (TOPSIS) are comparatively applied in
assessing the alternatives performance indicators. Second, the MFSD method is a
model-driven decision-making method that replaces expert opinion in traditional
decision making by data and models, such as statistical models, machine learning
algorithms and spatial analysis models, to reduce the potential biases and uncertainties
of linguistic descriptions. Third, fuzzy set theory is applied for modelling sophisticated
systems that cannot be defined with exact numbers using membership functions.
Finally, GIS is combined with the decision-making processes to integrate both spatial
and aspatial data to identify alternative indicators and calculate a decision matrix of
alternative indicators and factors. In this research, the methods are used to address road
decision issues about the road network in the Wheatbelt in WA, Australia. The
segment-based spatial data of four monitored pavement indicators, including
deflection, curvature, roughness and rutting, are collected for quantifying road
infrastructure performance. Correspondingly, three categories of spatial variables
(road properties, traffic vehicles and climate conditions), are derived from multi-

source data and summarized to the spatial unit of road segment.
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6.2 Study area and data

6.2.1 Study area and alternatives

Road freight transportation is one of the primary modes of transport in
Australia. The freight moved by road shares 52% of tonnages moved and 42% of the
whole ton-kilometres travelled among the road, rail, sea and air networks in Australia
(Australian Bureau of Statitics ABS 2002). Main roads in WA, represent “one of the
world’s most expensive road networks”, whose performance is continuously improved
to meet the requirements of community, industry and other stakeholders (Main Roads
Western Australia 2018b). WA undertakes approximately one third of the total ton-
kilometres of freight transportation of eight states and territories in Australia
(Australian Bureau of Statitics ABS 2002). The primary contributors of the freight
transportation are long-distance movements of heavy commodities, including mining
(e.g. iron ore) and agricultural products (e.g. grain, beef and lamb). The Wheatbelt
region plays a critical role in road freight transportation in WA, since it links the Perth
Metropolitan region, the capital city of WA, and the mining and agricultural
production regions (Figure 6-1). The Perth Metropolitan region is on the coast to the
west of the Wheatbelt region, and there is a huge demand for industrial production and
living materials. For instance, more than 78% of the population in WA live in the Perth
Metropolitan region, and the total port trade including both imports and exports in
Fremantle Port in Perth Metropolitan region reached 35.3 million tons in 2017
(Fremantle Ports Australia 2018). Meanwhile, the Wheatbelt region and its adjacent
northern, eastern and southern regions are the grain, sheep, metal and non-metallic
mineral production regions (Department of Transport Western Australia 2017). In
addition, improving the road infrastructure performance is increasingly important for
reducing traffic incidents and ensuring road safety in WA and the Wheatbelt region.
Even though the WA traffic fatality rate is reduced by one third compared to a decade
ago, the WA traffic fatality ratio of 0.074%o is still higher than the Australian traffic
fatality ratio of 0.054%o in 2016 (Bureau of Infrastructure and Economics 2016). The
Wheatbelt fatality rate reaches 49.8 per 100,000 people, which is about seven times
the state rate and ten times the Australia national rate in 2014 (Government of Western
Australia 2015). The Wheatbelt serious crash rate is also the highest among all regions

in WA. Among the factors of serious crashes, the top two contributors in the Wheatbelt
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region, a single vehicle hitting an object (54%) and vehicle speed (16%), are higher
than other regions (Government of Western Australia 2015). Thus, even though the
traffic incidents are also associated with other factors, such as drink driving, the road

and its surrounding environmental conditions are still the main contributors.

[=] State capital city

® Major city

— Main roads in study area
Main roads in other regions

[ Study area (Wheatbelt)

Figure 6-1. Study area and the main road network.

To describe the road infrastructure performance, four indicators of pavement
conditions are monitored, including deflection, curvature, roughness and rutting
(Figure 6-2). The data are collected by Main Roads WA with different length units
along roads across the whole main road network in the Wheatbelt region. In the study,
the main roads are spatially defined as 297 road segments in the road network, where
road segments are parts of roads with similar construction, geographical and
environmental conditions between junctions or intersections (Austroads 2016, Song,
Wang, et al. 2018). Then, the values of four pavement performance indicators are
spatially summarized to the road segment based spatial data. Deflection is a pavement
strength indicator that is measured as the maximum depression of pavement surface
under a standard load, and it is monitored using a Dynatest 8000 series Falling Weight
Deflectometer (FWD) device and calibrated with Calibration Method WA 2060.5 by
Main Roads WA (Main Roads Western Australia 2017a). The segment-based
deflection ranges from 151 pm to 762 um and the mean deflection is 368.8 um in the
study area. Curvature is an indicator of asphalt fatigue that represents the shape of
deflected pavement surface caused by loads. The value of curvature equals the
maximum deflection for a certain test point minus the deflection at this point when the

test load is 200 mm from the test point where there is a maximum deflection. The
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segment-based curvature ranges from 43.7 mm to 237.6 mm with a mean of 132.1 mm
in the Wheatbelt region. Roughness, measured with the International Roughness
Index (IRI), can reflect road surface deviations of the longitudinal profile. The
roughness conditions can affect vehicle dynamics, vehicle operating costs, driving
comfort, and safety and pavement loading. In Australia, the acceptable maximum
roughness values are determined by the road roughness acceptability functions, which
present the comparison between the objective service quality levels, including the
travel time cost and time, to practical levels of user satisfaction with service quality
(Potter et al. 1992). In terms of the road strategic asset management plan in the
Australian Capital Territory (ACT), the roughness of at least 88% of roads should be
lower than 4.2 to satisfy the road performance target (Bureau of Infrastructure 2017).
In this study, four road segments (8 km) have roughness higher than 4.2 among 297
road segments (3595 km) in the Wheatbelt region, which indicates that the Wheatbelt
roughness performance is within the above recommended road asset management
plan. It should be noted that the road roughness target varies in different places due to
diverse road constructions and local environment. Rutting is an indicator of pavement
surface and structural conditions and the potential aquaplaning problems. It is
measured as the largest upright displacement of the road surface transverse profile
(White 2002). In Australia, the maximum rutting of 20 mm is used as the intervention
threshold for main roads (Smith, Cercina, and Peelgrane 1996, Fwa, Pasindu, and Ong
2011). In the Wheatbelt region, the maximum rutting within the spatial unit of a road
segment is 10.1 mm, which means the rutting in all road segments are under the

intervention level.
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Figure 6-2. Spatial distributions of alternatives for assessing road conditions and

road maintenance burden.

6.2.2 Explanatory variables of criteria

The explanatory variables of criteria are collected from three categories:
properties of road, statistics of traffic vehicles, and local climate and environmental
variables. The three categories of variables correspond to the three criteria: road,
vehicles and climate. The spatial distributions of the raw data of the road, vehicles and
climate explanatory variables are presented in Figures 6-3, 6-4 and 6-5, respectively.
Then the variables are pre-processed and summarized to the segment-based data with
the consistent spatial unit (road segment) of road performance indicators. Table 6-1
lists the segment-based spatial data of criteria explanatory variables. The brief
descriptions and data sources of the three categories of explanatory variables are

introduced in the following paragraphs.

109



[\ "4

' \ Road length '

RA\é network [ﬁ::\/_,._,-»— ki) g
— ¢ 32
Z‘é B . urfacin [Py

6 2 ____width (m

7 N A 7 —508-6.75 | w
S SE T B

20 S 8801057, & M AL T

S —1057-1518

Speed (km/h)
«=50.5-61.6

—61.6 - 77 28
—772-927 -v -
—927-108.3 \ p—

«108.3-110.0.4£3 ‘

Heavy vehicle(®
/ELight)\//ehicle l(z,

Vehicle mass
(10*ton/day)

@24

m Heavy vehicle®
ElLight vehicle

Figure 6-4. Spatial distributions of variables of vehicles and traffic conditions.
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Table 6-1. Summary of segment-based spatial data of explanatory variables of

criteria
Criteria/ .
Sub-criteria/ Code of .
C?:rgi;)ll;}lleof Variable variable Min Max Mean
RAV network ravnw 2 10 5.9
Roa‘(irlfl;lgth length 0.8 64.2 12.1
Road i‘l‘gf;"(‘r‘ﬁ surfwidth 5.1 15.2 8.3
yeif{fic;(l)% 5) surfyear 0 39 12.2
R?Eiﬁ;ﬁg;ty roaddens 0.5 8 1.4
Tra(flifl/slf)eed speed 50.8 110 100.6
Volume of
Vehiclos Vlélej‘cvlzs vimhv 30.1 2133.7 253.7
(vehicles/day)
Volume of
light vehicles vimli 105.4 8565.8 876
(vehicles/day)
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Volume of
total vehicles vimtt 136.3 9525.3 1129.7
(vehicles/day)
Mass of
heavy
vehicles (10*
ton/day)
Mass of light
vehicles (10* massli 0.05 3.85 0.39
ton/day)
Mass of total
vehicles (10* masstt 0.37 25.1 2.95
ton/day)
Percentage of
heavy vehicle pcthv 7.4 54.5 23.7
volumes (%)
Percentage of
heavy vehicle = masspcthv 51.8 97.1 84.5
masses (%)
Annual
average daily
minimum tmin 3.15 10.34 5.68
temperature
°O)
Annual
average daily
maximum tmax 31.86 49.09 42.83
temperature
°O
Annual
average daily
mean tmean 19.18 28.37 24.26
Climate temperature
°O)
Annual
average daily
temperature tdif 22.57 43.16 37.15
difference
°O)
Soil moisture
(%)
Deep
drainage dd 23 1354 259
(mm)
Annual
rainfall (mm)

masshv 0.26 22.94 2.55

sm 4.9 28.7 9

rain 250.9 681.2 341

The road performance variables are used to describe the road functional
properties, geographical and geospatial characteristics, and the surfacing information
of pavements. RAV networks classify roads based on the maximum permitted size and
mass of heavy vehicles, including number of axle groups, length and height (Main
Roads Western Australia 2016b). It is used to guide vehicles to access appropriate

roads. Only vehicles with the loads and sizes lower than the regulated standards can
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access the roads of RAV network. Road length is the length of the central line of a
road segment. Surfacing width is the average width of the pavement surface of a road
segment. Surfacing year is the age of latest pavement surface until 2015. For instance,
if the latest surfacing of pavement is 2000, then the surfacing year is 15. Road density
is calculated using a kernel density function with both local roads and main roads to
present the density of roads connected to and near the segments of main roads. The
spatial data of main roads and local roads are provided by Main Roads WA and shared
by Western Australian Land Information Authority (Main Roads Western Australia
2018a).

The variables of criteria vehicles indicate the traffic conditions and the roles of
different types of vehicles on the road network. Traffic speed of road segments are
summarized based on the legal speed limits that are used to regulate the speed of road
vehicles in WA (Main Roads Western Australia 2017d). Traffic volumes, including
the volumes of heavy, light and total vehicles, are the annual average daily traffic data
monitored by Main Roads WA, and shared on the data port of Western Australian
Land Information Authority (Main Roads Western Australia 2018b). The traffic
volumes on the road segments without observations are predicted using a segment-
based regression kriging (SRK) method. The SRK method can more accurately predict
traffic conditions compared with point-based spatial prediction methods due to the
integration of the information of segment-based spatial data and the regression kriging
method using a segment-based spatial covariance function (Song, Wang, et al. 2018).
The SRK method is performed using the SK R package (Song 2018b). Then, the traffic
masses on road segments, including the masses of heavy, light and total vehicles, and
the percentages of heavy vehicle volumes and masses are computed based on the

predicted traffic volumes.

The climate criteria variables reveal the local climate and environmental
conditions along and around the road segments. The climate variables include
temperature variables, soil moisture, soil deep drainage and annual rainfall. The
temperature data are the day-time and night-time temperatures sourced from 1-km
resolution 8-Day L3 Global Land Surface Temperature (LST) and Emissivity product
(MOD11A2) from the Moderate Resolution Imaging Spectroradiometer (MODIS)
(Wan, Hook, and Hulley 2015). The temperature data are then processed to the

temperature variables, including annual average daily maximum, minimum and mean
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temperatures, and temperature difference. The soil moisture, deep drainage and annual
rainfall data with spatial resolution of 5 km are sourced from soil moisture data
products provided by the Bureau of Meteorology, Australia (Bureau of Meteorology
Australian Government 2017). Similar to the road and vehicles criteria variables, the
climate data are also summarized to the segment-based spatial variables for the

spatially corresponding roads.

6.3 Model-based fuzzy spatial multi-criteria decision-making (MFSD)
method

The MFSD method is a decision making method integrating MCDM, GIS,
fuzzy theory and model-based decision making. The MFSD method includes the
following five steps. (1) Select criteria and variables and pre-process data using
exploratory data analysis methods. This step is introduced in Section 6.3.1. (2)
Compute contributions of criteria and variables on alternatives based on multiple
models, which include statistical models, machine learning algorithms and spatial
analysis models in this study. This step is introduced in Section 6.3.2. (3) Use fuzzy
set theory to calculate fuzzy membership functions of criteria variables to quantify
their relative importance and weights based on the model-based contributions of
criteria. The fuzzy set theory and fuzzy extent analysis are presented in Section 6.3.3.
(4) Apply fuzzy MCDM in computing an indicator with the weighted criteria and
decision making for ranking alternatives. The mathematical concepts and processes of
fuzzy analytical hierarchy process (FAHP) and fuzzy technique for order preference
by similarity of an ideal solution (FTOPSIS) are presented in Section 6.3.4 and 6.3.5
respectively. The process of MFSD-based indicator for mapping road maintenance
burden is presented in Section 3.6. The MFSD-based decision making for ranking
alternatives of road performance indicators is presented in Section 6.3.7. (5) Analyse
sensitivity of MFSD-based decision making due to the input parameters, which is

presented in Section 3.7.

6.3.1 Criteria selection and data pre-processing

The selection of criteria consists of two parts. First, collect data of potential
variables of criteria. The principle of criteria selection is that they should reasonably

represent and contribute to the final objective, which is to describe the overall road
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infrastructure performance and the burden of road maintenance in this thesis. In the
study, spatial data of three criteria, including road, vehicles and climate, and 21 sub-
criteria are collected as shown in Section 6.2.2. To ensure consistent spatial units with
the road performance indicators, the criteria data are all processed and summarized as

segment-based spatial data.

Once the datasets are collected, variables should be normalized to the range [0,
1] to eliminate the impacts of different units and scales of variables. The normalization

function of a variable var is:

X—min (var)

flvar) = (6-1)

max(var )-min (var)
or

max(var )—var

fvar) = (6-2)

max(var )-min (var)

where equation (6-1) is for positively related variables and equation (6-2) is for the

negatively related variables associated with the study objective.

Second, select statistically correlated variables with alternatives to eliminate
variables without significant correlations. The process of variable selection in this step
is determined in terms of the models for computing contributions of criteria. For the
statistical models, machine learning algorithms and spatial regression models, one of
the following two techniques to select variables is recommended. One method is the
combination of correlation analysis and multi-collinearity analysis. If the variables are
normally distributed, the Pearson correlation can be used for correlation analysis; if
they are not normally distributed, the Spearman correlation is recommended
(Heuvelink 1998, Ge, Song, et al. 2017). The collinearities among variables can be
diagnosed using the variance inflation factors (VIFs). In general, a variable should be
removed when VIF is higher than 4 due to its significant collinearity with other
variables. Another approach for variable selection is step-wise linear regression. The
main idea of step-wise linear regression is that the regression model is built from a set
of candidate explanatory variables through entering and removing variables in the
model in a step-wise manner until no entering and removing are required (Bendel and

Afifi 1977).

115



6.3.2 Model-based contributions of criteria

In the MFSD approach, criteria contributions to objectives are computed with
a series of models instead of experts or decision makers. In this study, the contribution
computation models include 11 models in three categories: statistical models, machine
learning algorithms and spatial models (Table 6-2). For all models, the criteria data
should be pre-processed and the variables should be selected through the two steps
mentioned in Section 6.3.1. Optionally, if all the selected variables are theoretically
associated with the objective and alternatives, the variables with statistically
significant correlations with alternatives are not required for a few models, such as
ridge regression and geographical detectors, since they can avoid the impacts of
variables that are not significantly correlated with alternatives. The brief descriptions
and mathematical processes for computing contributions of criteria of the three

categories of models are presented in the following three paragraphs.

Table 6-2. List of models used for computing contributions of criteria

Category of models Model Code
Correlation analysis correlation
Step-wise linear regression steplm
Statistical models
Ridge regression ridger
Generalized additive model (GAM) GAM
Artificial neural network (ANN) ANN
Machine learning Support vector machine (SVM) SVM
algorithms Regression tree (RT) RT
Random forest (RF) RF
Geospatial generalized additive model (GeoGAM) GeoGAM
Spatial models Geographically weighted regression (GWR) GWR
Geographical detectors (GD) GD

Statistical models for criteria contributions calculation include correlation
analysis, step-wise linear regression, ridge regression and generalized additive model
(GAM). The mathematical theories of the four models are distinct and can reflect
different aspects of data. Correlation analysis examines the contributions of variables
to alternatives by correlation coefficient and the corresponding significance level. In
general, the range of correlation coefficient is [-1, 1], where a larger absolute value

means a stronger correlation. The value of the correlation coefficient does not fully
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reflect the extent of correlation because of the degree of freedom, so the corresponding
significance level should be considered (e.g. 0.05). In this study, the Pearson
correlation is used since the four alternative road performance indicators are all
normally distributed. Step-wise linear regression regresses multiple variables and
removes explanatory variables that are not significantly correlated with response
variables simultaneously. Ridge regression is a robust regression method that can
avoid overfitting and multi-collinearity without removing predictor variables (Hoerl
and Kennard 1970, Marquaridt 1970). The R gimnet package is used for the
computation of ridge regression, where cross validation is utilized to determine tuning
parameters that control the penalty term strength (Friedman, Hastie, and Tibshirani
2010). GAM is a widely used nonlinear regression model. In GAM, the nonlinear
relationships between responses and explanatory variables are described via
nonparametric smoothing functions (Hastie and Tibshirani 1990). The R mgcv package
is used for GAM calculation (Wood 2017, 2003). The parameters of smoothing
functions are automatically determined through the iteration of the generalized cross
validation (GCV) criterion, which has benefits for the improvement of computation
efficiency and the assessment of impacts of variables on GCV scores (Wood 2006,

Song et al. 2015).

Machine learning algorithms used in the study are support vector machine
(SVM), artificial neural network (ANN), regression tree (RT) and random forest (RF).
The four models can be used for both classification and regression, and they are used
for regression in this study. They are different from statistical linear or nonlinear
regression in that the forms of functions are pre-specified, the four models have the
assumptions of relationship functions. Due to the complex nonlinearity and relatively
high fitness of machine learning models, strict statistical variable selection and multi-
collinearity analysis are required before modelling to avoid overfitting. In ANN
models, the learning process is performed through massive interconnected artificial
neurons and weighted links among elements and outcomes (Lek and Guégan 1999,
Schalkoff 1997). The information flows in a single direction through hidden layers
from input layers to output layers. Then, the best solution is identified in terms of
network complexity of the adaptive learning and the support of explanatory variables.
The ANN analysis is performed with R nnet package (Venables and Ripley 2002). The

ANN model is run 100 times and use the mean overall fitness and relative importance
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of variables to calculate the reliable contributions of criteria. In SVM for regression or
support vector regression (SVR), to determine the best regression function, a
hyperplane is constructed to maximize the margin and to minimize the regression error,
where margin is the distance between hyperplane to the closest neighbour point
(Drucker et al. 1997). Similar to the ANN model, the SVM model is run 100 times to
derive the reliable contributions of criteria, and it is performed by the R rminer
package (Cortez 2010). RT constructs a series of rules for explanatory variables and
recursively divides data into ordered subsets with binary splits in terms of each
explanatory variable (Breheny 1984, Breiman 2017). Then, the best split is selected
through a thorough search and assessment of splits of all variables. In general, the split
with maximum homogeneity regarding response variable is selected. The RT model is
run by R rpart package (Therneau, Atkinson, and Ripley 2018). RF builds massive
decision trees for training data and regresses with average predictions of individual
trees (Ho 1995, Barandiaran 1998). The trees grow from randomly selected sub-groups
of variables of split parts, and they can grow without trim. The trees grow
independently to the maximum size sampling from a bootstrap of training, then
remaining samples are used for calculating the unbiased out-of-bag error rate and the
relative importance of variables (Breiman 2001, Prasad, Iverson, and Liaw 2006). RF
is robust to noise in data, overfitting problems and small sample sizes, and requires
minimal manual parameterization. The RF analysis is run with the R randomForest
package (Liaw and Wiener 2002). The above four models can provide an overall
contribution and the respective relative importance of variables in the models. The

contribution of variable x; (i = 1, ...,n) is computed using the equation:

—p .l )
Bi=Bo 5 (6-3)
where f; is the contribution of variable x;, 8, indicates the overall contribution of

selected variables, and 7; presents relative importance of variable x;.

Spatial analysis models consist of geospatial generalized additive model
(GeoGAM), geographically weighted regression (GWR) and geographical detectors
(GD). GeoGAM is an extension of GAM, and integrates geographic information in
the nonlinear regression models to describe spatial heterogeneity that is not presented
by the explanatory variables (Kneib, Hothorn, and Tutz 2009, Fahrmeir et al. 2007).
The geographic information might be the residence address, local statistical area (e.g.
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block and village), county and location. In this study, GeoGAM is coded based on the
GAM run by R mgcv package (Wood 2017, 2003). GWR is a critical local method to
investigate geospatial non-stationarity of data relationships (Fotheringham, Charlton,
and Brunsdon 1998). Different from aspatial regression models, such as linear
regression, GWR enables locally varied regression parameters through location-wise
estimation for each spatial variable (McMillen 2004, Fotheringham, Brunsdon, and
Charlton 2003, Fotheringham 2000). In this study, the contributions of variables are
calculated with the total fitness of the GWR model and the mean local coefficients of
variables. GD is a spatial statistical model for analysing spatial relationships of
variable with spatial variance and geographical strata (Wang et al. 2010). Since the
contributions of variables are fully determined by the variance and geographical strata,
no linear assumptions and collinearity test are required for a single variable and pairs
of variables (Wang 2017). In this study, GD model is run by the R GD package (Song
2018a).

6.3.3 Fuzzy set theory

In this research, fuzzy set theory is integrated in decision making to involve the
criteria contribution analysis from various models in this study. Fuzzy set theory is
widely applied in complex system modelling that cannot be comprehensively
described by crisp numbers or crisp boundaries. Fuzzy logic allows vague and
ambiguous information in the input (Kaya and Kahraman 2010). Fuzzy sets theory
uses membership functions to describe the preference of the attributes of interest
(Chang 1996). Its application in spatial decision making usually utilizes membership
functions where the values range in [0, 1] to present the degree of membership of
variables (Jelokhani-Niaraki and Malczewski 2015). In this study, fuzzy set theory is
used to compute model-based criteria contributions to reduce the inherent differences
of contributions from various models, even though they tend to be consistent and
similar. During decision making processes, fuzzy set theory can enable pairwise

comparison of criteria and alternatives under different criteria.
In a study data space R, the fuzzy set @ is presented as a set of data pairs:

& = {var, up(var)},var € R (6-4)
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where Uy 1s the membership function, which presents the degree of membership of
fuzzy set @ to the data space R (Chang 1996). The fuzzy number M is presented as a
triangular fuzzy number, and its function is denoted by (I, m,u), where l < m < u,
and they indicate the lower, most possible and upper values, respectively (Kahraman,

Cebeci, and Ulukan 2003). Then, the equation of the membership function is:

x <l
= I<x<m
() = 75 (6-5)
m<x<u
u—-m
0 x >

For two triangular fuzzy numbers M; = (l;, my,u,) and M, = (I,,m,, u,),

they have the following operation laws (Chang 1996):

Addlthe laW: (ll’ myq, ul) @ (lz, m,, uz) = (ll + lz, my + m,, Uq + uz) (6'6)

Multiplicative law: (I3, my,u;) Q (I, my, uy) = (L1, mym,, u u,) (6-7)
0,1 & (b, my,uy) = (ly, nmy, Nuy) (6-8)
Reciprocal law: (I;, my,u;) ™t = (1/1,,1/my, 1/u,) (6-9)

6.3.4 Fuzzy MCDM in MFESD approach

In a MCDM problem, let A = (A4, Ay, ..., A}) to be the vector of alternatives

and C = (Cy,Cy, ..., Cq) to be the vector of criteria, then the decision matrix is:

Z11 212 Z1q
Z21 Zz2 "t Zyq

Z=\. . . . (6-10)
Zp1  Zp2 Zpq

where z;;(i = 1,2, ...,p;j = 1,2, ..., q) is the value of the ith alternative under the jth

criterion. The relative importance of criteria C is regarded as weights to decisions:
w = [Wy, Wy, ..., W] (6-11)

In the general MCDM problems, the weights are derived from the subjective basis of
expert judgements or decision makers’ opinions in terms of their experience and
knowledge. In the MFSD approach in this study, the weights are computed on the basis
of data-driven model-based contributions of criteria. The model-based contributions

of criteria are firstly converted to triangular fuzzy numbers in terms of fuzzy logic
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method. Then, for the fuzzy MCDM, the decision matrix is composed by the triangular

fuzzy numbers with the equation:

Zy1 Zip v Zig

~ 221 222 e Z

Z=|" 2 T (6-12)
Zp1 Zp2 " Zpq

where Z;; is a triangular fuzzy number.

6.3.5 Fuzzy analytical hierarchy process (FAHP)

In the MFSD approach, the FAHP is utilized both for computing the overall
indicator for mapping road maintenance burden, and for the decision making for
ranking alternatives. AHP has been widely applied in MCDM and GIS-MCDM (Ho
2008, Zahedi 1986, Esmaelian et al. 2015), and the components of the methodology
have been continuously improved in previous studies (Ishizaka and Labib 2011).
However, AHP is limited in dealing with the uncertainties and even biases from expert
judgements and the preference of decision makers by crisp numbers (Feizizadeh et al.
2014). There is still subjectivity in the pair matrix derived from the comparison of
expert judgements, and the uncertainty of subjective judgements may have impacts on
the final decisions (Kritikos and Davies 2011). Fuzzy set theory is utilized in MCDM
through the membership functions of criteria to replace the crisp numbers (Bingham,
Escalona, and Karssenberg 2016). Thus, FAHP is increasingly applied for decision
making, especially GIS-MCDM, by integrating AHP and fuzzy logic approaches.
FAHP has many advantages and great flexibility in the alternatives assessment and
decision making. First, due to the use of fuzzy membership functions of criteria, the
uncertainty from the initial judgments is reduced (Jiang and Eastman 2000). In this
study, even the subjectivity of expert judgments is eliminated by the data-driven
model-based decision-making approach, the contributions of criteria are still varied in
different models for their different strengths in relationship calculation. Second, FAHP
can reflect the strengths of multiple models that are used for criteria contribution
calculation. The approximate information and uncertainty of the different
contributions computed by models are all involved in the decision-making. Finally,
FAHP is flexible in addressing the decision problems with multi-source data of

criteria, which has great benefits for GIS-MCDM.
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Once the model-based contributions of criteria are transformed to triangular

fuzzy numbers, then the corresponding fuzzy comparison matrix is:

(1,1,1) (Lizy My, ugp) - (llq’ Mg, ulq)
(D)po = (121,m?1,u21) (1»?'1) (qu'm?q’uZCl) (6-13)
(lqp Mgq1, “ql) (lqz' Mg, uq2) (111

pXp

where D;; = (l;j, m;;, u;;) is a pair comparison of criteria ¢; and ¢;(i,j = 1, ..., q),

ijr
and Di—j1 = (1/l;;,1/my;, 1/uy;) for i j. When criteria ¢; is relatively more
important than criteria c;, the values of criteria ¢; in triangular fuzzy numbers that
range in [1, 9] are higher, and the reciprocal values that range in [1, 1/9] are lower that

values of criteria ¢;. In decision making based on expert judgements, the triangular

fuzzy numbers are integers and their reciprocals derived from linguistic variables
(Saaty 2008, Vahidnia, Alesheikh, and Alimohammadi 2009), but they are continuous

real numbers within the above ranges in the model-based decision making in this study.

The contributions of criteria ¢;(i = 1,...,q) computed by models G =

[91, ---» v] under alternatives A = [ay, ..., a,] can be listed as a contribution vector:

(B 1xxv) = [Bi1s -+ Bivs B21 s Baws woes By s Bpwlixoxw) (6-14)

The contribution vector is normalized to [0, 1] and then transformed to [1, 9]. The

transformed contribution vector is:

(Bi)1><(p><v) = [ﬁllr --"ﬁpv] 1X(pXv) (6'15)

where ﬁjk(j =1,..,p;k =1,..,v) is an element of the contribution vector B, and its
value ranges in [1, 9]. The triangular fuzzy number of the element of contribution
vector can be calculated by:

(1,1,1) B=1
(L,g,p+1) 1<p<2

B-1LBB+1) 2<B<8
B-1LBpF) 8<p=9

T =", m",u") = (6-16)

where T = (1,1,1) means that variables are of equal importance. With the increase of
p from 1 to 9, the importance gradually varies from very low to very high. The

corresponding reciprocal triangular fuzzy number is T~1 = (1/17, 1/mT, 1/uT).
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Further, the fuzzy extended operation for the ith criteria is computed by:

1

Si =X, Dy ®[X{_, XL, Dyl (6-17)

In terms of the operation laws of equation (6-6) - (6-9), the fuzzy triangular number S;

can be calculated as:

S, :( I, Lij homiy  Iliug ) (6-18)

q q AL q JIRAN) q ..
i Bimq i joq Bimgmij Xjog iy lij

The fuzzy triangular numbers calculated by this equation are critical and used
twice in the MFSD approach in this study. First, they are the relative weights of criteria
under different alternatives for computing the model-based relative importance of
variables. Second, they are relative weights of alternatives under given criteria for

decision making.

In FAHP, criteria relative weights and weights of alternatives under each
criterion are computed by pairwise comparisons of the degree of possibility of
membership functions. The degree of possibility for M; > M, is calculated with the

equation:

1 m; =m,
V(My = M,) = {hgt(Ml nM,) = la—uy m; < m, (6-19)

T (my—uy)-(ma—1ly)

where hgt(M; N M,) is the highest interaction between two membership functions
(Chang 1996). To compare two membership functions, both V(M; = M,) and
V(M, = M,) should be calculated. Then, the degree of possibility for a convex fuzzy

number that is larger than k convex fuzzy numbers M;(i = 1,2, ..., k) is:
V(M = My, M,, ..., M) = min(V(M = M,)) (6-20)
Thus, the weight of an element a;(i = 1,2, ..., p) can be calculated as:
w(a;)) =min(S; = S,); k=12, ...,p;k # i (6-21)
and the weight vector of alternatives is:
w'd = [w'(ay),w'(ay), ..., w'(a,)]" (6-22)

Through the normalization process, the weight vector can be normalized as:
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w4 = [w(ay),w(ay), ..., w(a,)]” (6-23)
where w4 is a non-fuzzy number.

6.3.6 Fuzzy technique for order preference by similarity of an ideal solution
(FTOPSIS)

In the MFSD-based decision-making process, alternatives are ranked through
comparison studies using both FAHP and FTOPSIS. FTOPSIS is the integration of
fuzzy logic methods with TOPSIS approach, which provides the coefficients of
alternatives based on the relative closeness to the ideal solution. TOPSIS determines
the optimal alternative with “the shortest distance from the ideal solution and the
farthest distance from the negative-ideal solution” (Opricovic and Tzeng 2004, Hwang
and Yoon 1981). The distance between M; = (l;, m;,u,) and M, = (l,,m,,u,) is

calculated using the vertex method with the equation:

AL M) = [H1C = LY + Oy =) + (= )7 (6-24)

In MFSD method, the weights of criteria in FTOPSIS stage are also derived
from the model-based contributions of criteria, and the computation process is
identical with that for FAHP with equations (5-14) - (5-16). Different from FAHP that
the aggregated alternative fuzzy ranks and criteria fuzzy weights are computed using
pair-wise comparison of triangular fuzzy numbers, FTOPSIS computes the values
separately for the respective models. The alternative fuzzy rank A;(i = 1, ..., p) under
criterion C;(j =1,..,q) computed with model Gi(k=1,..,v) is L’i‘- =
(lu' U, U) and the weight of criterion C; is W (le,wjz,w ). Then, the

aggregated fuzzy rating L;; = (l;j, m;;, u;;) of ith alternative under jth criterion is

calculated by:
lij = mkin(lll‘j),mi]- L v 1mU U = mlflx(u{‘j) (6-25)
The aggregated fuzzy weight W le, sz, w; %) for the criterion C; is computed by:
wfi = min(wf), wh = Tk, wh, wf; = max(wfy) (6-26)

Through a linear scale transformation, the fuzzy decision matrix is normalized by:
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(R)pxq = (rij)pxq;i =1,...,p;j=1,..,q (6-27)

where
oL\ = l” mij,ul*])
for the benefit criteria: uj (6-28)
u = miax(ul J)
or

[PEEPE

SRR N |
ri' =\,

for the cost criteria: ]_ vy My Lij (6-29)
L= miln(li]-)

The fuzzy decision matrix is weighted and normalized by:

(H)pxq [(lu' L]'ug')]pxq = [hij]pxq = T;j XW; (6-30)

The fuzzy positive ideal solution (FPIS) and fuzzy negative ideal solution

(FNIS) of the alternatives are calculated by:

FPIS: A* = (hi, h3, ..., hy), where h; = max(ug) (6-31)
l

FNIS: A™ = (h{, h, ..., hg), where h;” = mjn(lg- (6-32)
L

The distance between each weighted alternative and the FPIS or FNIS can be
calculated by:

Distance to FPIS: d; = dH(hU, h;) (6-33)
Distance to FNIS: d; = Z 1d"(hyj, b)) (6-34)
where d¥ (M,, M,) indicates the distance between M; and M,.

Finally, FTOPSIS utilizes a closeness coefficient 8; to indicate the distances
from alternatives to the FPIS A* and FNIS A~, simultaneously. The equation for

calculating closeness coefficient is:

§; = —— (6-35)

The best alternative is determined with the highest closeness coefficient. FTOPSIS
stage is run by R FuzzyMCDM package, which also can perform fuzzy VIKOR, Fuzzy

125



MMOORA and Fuzzy WASPAS approaches for fuzzy MCDM (BaleZentis and
Balezentis 2014, Martin 2016).

6.3.7 MFSD-based indicator for mapping road maintenance burden

To map the road maintenance burden, an overall indicator is computed with the
assumption that the road performance is associated with the road characteristics, traffic
vehicles and climate conditions, and it can be monitored by a series of road
performance indicators. In this research, criteria have two hierarchies: the first-level
criteria are road characteristics, traffic vehicle conditions and climate, and the sub-
criteria include 21 variables within the three first-level criteria. Thus, the indicator is
computed by the two hierarchies respectively. The computation process of the MFSD-
based indicator is illustrated in Figure 5-6. The overall indicator equals the sum of the
weighted criteria, and the criteria are derived from their respective sub-criteria
variables and weights. The MFSD-based indicator computation process (purple
rectangle in Figure 6-6) includes two steps: quantifying model-based contributions of
criteria, and estimating weights of both sub-criteria and criteria using FAHP. First,
contributions of a sub-criteria are calculated with multiple models, including 11
models within three categories, and under four alternative indicators. Through the
fuzzy logic transformation presented by equations (6-14) - (6-16) and fuzzy extended
operations, the fuzzy numbers of sub-criteria are derived. Then, FAHP is applied to
calculate weights of sub-criteria variables. Finally, the criteria values are computed by
multiplying sub-criteria variables with the weights. The MFSD-based indicator
computation process (purple rectangle) is performed repeatedly for each criterion and

the overall indicator.
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Figure 6-6. Calculation process of model-based fuzzy spatial multi-criteria

decision-making (MFSD) based indicator of road maintenance burden

6.3.8 MFSD-based decision making for ranking alternatives and sensitivity analysis

To answer the question that which indicator can more accurately describe the
burden of road maintenance, five indicators, including deflection, curvature,
roughness, rutting and MFSD-based indicator, are compared using the MFSD
approach. The hierarchy frame for the decision-making problem is presented in Figure
6-7. In the MFSD approach, the five indicators are alternatives of the decision, the
criteria include road characteristics, traffic vehicles and climate conditions, the sub-
criteria consist of 21 variables within three criteria categories, and the contribution
computation models include 11 models within three model categories: statistical

models, machine learning algorithms and spatial analysis models.

To evaluate the robustness and reliability of MFSD approach, sensitivity of
fuzzy MCDM methods is analysed and the burden indicators of road maintenance are

evaluated by the comparison with real industrial practice. The sensitivity of fuzzy
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MCDM methods are mainly sourced from the sub-criteria variables and the models
used for computing contributions of criteria. Thus, each of the sub-criteria variables
and the contribution computation models are removed respectively to investigate the
variations of the final scores and ranks of alternatives due to the removal of sub-criteria
and models. To evaluate the burden indicators of road maintenance, five indicators are

compared with the estimated real maintenance cost in the study area in 2015.
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Figure 6-7. Hierarchy frame for model-based fuzzy spatial multi-criteria

decision-making (MFSD) method.

6.4 Results and Validation

In this study, an MFSD approach is utilized to capture the burden of road
maintenance across the whole road network, and investigate which indicator can more
accurately describe the road maintenance burden. The results are presented from four
primary parts: (1) model-based contributions to derive fuzzy weights of criteria; (2) an
overall indicator for the comprehensive understanding of the burden of road
maintenance; (3) fuzzy MCDM for ranking alternatives based on the relative scores;
and (4) sensitivity analysis for decision making results and evaluation. Results from

four parts are presented in the next four sub-sections respectively.
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6.4.1 Model-based contributions and fuzzy weights of criteria

Figure 6-8 shows the summary of model-based contributions of sub-criteria on
alternatives. The contribution of a criterion varies with different models and
alternatives. According to Figure 6-8, the sub-criteria with the largest mean
contributions within three criteria are road density under roughness, total traffic
volumes under rutting and soil deep drainage under roughness, respectively. By fuzzy
extended operations for the fuzzy numbers of sub-criteria variables under different
models and alternatives determined by model-based contributions, the fuzzy
membership functions of sub-criteria are derived. Figure 6-9 demonstrates the fuzzy
membership functions of sub-criteria of each criterion. The sub-criteria variables with
the largest most possible values of fuzzy numbers are surfacing width, traffic speed
and soil deep drainage for the three criteria, road, vehicles and climate, respectively.
The three sub-criteria variables also have the largest weights within respective criteria

(Figure 6-10).

(a) min. mean max. -( ) (c) ' Alternative
f‘/ speed; —=——= tnight! == deflection
ravnw - = = curvature
N vimhy - ¢ <+ roughness
N tday = - rutting
length- o vimil 1 Se———
y ] & tmean|
g _%: vimtt- 55 © :
o v £
- ) [ ©
O surfwidth- * w masshv &, R [ f—
i I 8 £
= b . @
~ 8 massli-~— _, =
3 A e -
@ surfyear- L g masstt- &, §
dd_ —e
pcthv- =
roaddens- =~ .
NN masspcthv: &— rainy L.l—
00 01 02 03 04 0.0 01 02 03 04 00 03 06 09

Contribution of sub-criteria

Figure 6-8. Summary of model-based contributions of sub-criteria on alternatives
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Figure 6-10. Weights of sub-criteria for MFSD-based indicator.
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The above process for weighting sub-criteria is repeated for weighting criteria.
Figure 6-11 presents the contributions of criteria to the final objective, the fuzzy
membership functions of three criteria and the relative weights. Results show that the
road performance indicators roughness and rutting can provide more information for
the final objective than deflection and curvature. The most possible values of fuzzy
numbers and weights of criteria both demonstrate that there is no large difference

among the importance of three criteria, where the importance of climate conditions is

relatively higher.
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Figure 6-11. Contributions (a), fuzzy membership functions (b) and weights (c)

of criteria road, vehicles and climate sectors.

6.4.2 MFSD-based indicator of road maintenance burden

At this stage, MFSD approach is utilized to calculate an overall indicator for
describing the road maintenance burden. Figure 6-12 presents results and analysis of
the MFSD-based overall indicator of road maintenance burden, including the spatial
distributions of MFSD-based indicators, the summary of MFSD-based indicators in
local government areas, the map of burden of road maintenance and the value ranges
of the maintenance burden. The burden of road maintenance is divided into five levels
using natural breaks for the MFSD-based indicator from very high to very low. The
roads with very high burden of road maintenance are primarily distributed on the Great
Northern Highway, Great Eastern Highway and Albany Highway. The burden of road

maintenance across the whole road network 1s summarized in Table 6-3. About 16.2%
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of road segments and 19.2% of the lengths of roads show very high burden of road

maintenance.
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Figure 6-12. Spatial distributions of MFSD-based indicator and the burden of

road maintenance. (a) MFSD-based indicator, (b) summary of MFSD-based

indicator in local government areas (GLAs), (c) map of burden of road

maintenance and (d) value ranges of burdens.

Table 6-3. Summary of burden of road maintenance

Burden of road Percentage Percentage Percentage
maintenance MFSD indicator of number of length of area
Very high 0.482-0.573 16.16% 19.23% 22.33%
High 0.441 -0.482 34.68% 41.48% 40.99%
Medium 0.397 - 0.441 31.99% 31.39% 29.01%
Low 0.329-0.397 13.47% 5.49% 5.10%
Very low 0.269 - 0.329 3.70% 2.42% 2.57%

6.4.3 Fuzzy MCDM for ranking alternatives

To answer the question that which indicator can more accurately and

reasonably describe the burden of road infrastructure performance, this study utilizes

both FAHP and FTOPSIS to rank the alternatives of road performance indicators:
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deflection, curvature, roughness, rutting and MFSD-based indicator. Table 6-4 - Table
6-9 list the pairwise comparison fuzzy evaluation matrix under alternatives of each
sub-criterion and the pairwise comparison fuzzy evaluation matrix of sub-criteria of
each criterion. Table 6-10 lists pairwise comparison fuzzy evaluation matrix of
alternatives under each criterion, and Table 6-11 lists pairwise comparison fuzzy
evaluation matrix of criteria. Figure 6-13 shows inputs of FMCDM, including fuzzy
decision matrix that is the matrix of fuzzy weights of alternatives under criteria, and
fuzzy weights of criteria. Figure 6-14 demonstrates the relative scores and ranks of
alternatives under different criteria sectors and all criteria. Both FAHP and FTOPSIS
methods indicate that the MFSD-based indicator has relatively higher scores than other
the four monitored indicators. Among the four monitored indicators, the indicator
roughness has highest scores. Thus, based on this result, the MFSD-based indicator is

the recommended indicator for describing the burden of road maintenance.

Table 6-4. Pairwise comparison fuzzy evaluation matrix of alternatives under

each sub-criteria of road.

Sub-criteria

Pairwise comparison fuzzy evaluation matrix

ravnw Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1.L.1) (1.085,1.378,2.378)  (1.026,1.313,2.262)  (0.715,1.05,1.568)  (0.333,0.433,0.701)
Curvature (0.435,0.791,0.956)  (1,L,1) (0.891,0.947,0.985)  (0.462,0.738,0.971)  (0.241,0.344,0.466)
Roughness (0.486,0.883,1.119)  (1.017,1.112,1.294)  (1,1,1) (0.511,0.839,1.152)  (0.257.0.377,0.524)
Rutting (0.805,1.181,1.871)  (1.035,1.471,2.38)  (0.974,1.411,2.275) (1.1.1) (0.344,0.514,0.84)
MESD indicator (1.888,2.785,3.695) (2.896,3.78,4.759)  (2.749,3.596,4.575)  (1.994,2.854,3.778) (1.1.1)

length Deflection Curvature Roughness Rutting MESD indicator
Deflection 1,11 (1,1.01,1.192) (0.897,0.958.1) (0.334,0.532,0.801)  (0.233,0.317,0.5)
Curvature (0.907,0.991,1) (LL1) (0.895,0.951.1) (0.332,0.525,0.801)  (0.23,0.312,0.499)
Roughness (1,1.058,1.239) (1,1.072,1.254) (LL1) (0.389,0.573,0.9) (0.244,0.347.,0.515)
Rutting (1.649,2.353,3.353)  (1.649,2.367,3.367) (1.602,2.293,3.211) (1,L.1) (0.385,0.668,0.869)
MFSD indicator (2.845,3.814,4.814)  (2.847,3.833.4.833)  (2.827,3.731.4.731)  (1.53,1.995.2.995)  (1,1,1)

surfwidth Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1.L1) (1,1.002,1.184) (0.242,0.328,0.526)  (0.213,0.279.0.417)  (0.191,0.241,0.34)
Curvature (0.909,0.998.1) (LL,1) (0.242,0.327,0.522)  (0.213,0.279,0.414)  (0.19,0.241,0.338)
Roughness (2.4383.437,4.437) (2.442,3.442,4.442) (1,1,1) (0.586,0.864,1.28)  (0.502.0.765,1.175)
Rutting (3.179.,4.179,5.179)  (3.184,4.184,5.184)  (0.887,1.247,2.001) (1.1,1) (0.587.,0.887,1.325)
MESD indicator  (3.994,4.903,5.812)  (4,4.909,5.818) (0.983,1.495,2.347)  (0.852,1.206,1.973)  (1.1,1)

surfyear Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1,1,1) (1,1.006,1.188) (0.828,0.901,0.942)  (0.831,0.909,0.942)  (0.883,0.932,1.053)
Curvature (0.908,0.994.1) (1,L1) (0.826,0.896,0.942)  (0.829,0.904,0.942)  (0.882,0.927,1.051)
Roughness (1.161,1.296,1.568)  (1.161,1.303,1.575)  (1,1,1) (0.906,1.015,1.116)  (0.952,1.063,1.253)
Rutting (1.162,1.281,1.553)  (1.162,1.288.1.561)  (0.949,0.992.1.193) (1,1,1) (1,1.044,1.317)
MFSD indicator (1.038,1.186,1.373)  (1.038,1.193,1.379)  (0.894,0.958.1.1)  (0.854,0.964,1) (LL1)

roaddens Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1,1.1) (1.55,2.111,2.939)  (0.317,0.481,0.8) (1.575,2.01,2.934)  (1.626,2.171,3.035)
Curvature (0.464.0.665,0.968)  (1.1,1) (0.214,0.281,0.427)  (0.833,0.975,1.728)  (0.89,0.997.1.786)
Roughness (1.494,2.342,3.342) (3.172,4.172,5.172) (1,1,1) (3.043,4.001,4.999) (3.387,4.295,5.293)
Rutting (0.437,0.726,0.924)  (0.783,1.216,1.543)  (0.231,0.318,0.5)  (1,1,1) (1.055,1.203,1.343)
MESD indicator  (0.46,0.723,1.02) (0.622,1.049,1.285)  (0.223,0.314,0.434)  (0.928,1.011,1.201) (1.1,1)
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Table 6-5. Pairwise comparison fuzzy evaluation matrix of sub-criteria of road.

ravnw length surfwidth surfyear roaddens
ravnw (1,1,1) (0.829,1.059,1.469)  (0.616,0.794,1.157)  (1.225,1.581,2.17) (0.973,1.385,1.839)
length (0.971,1.224,1.615)  (1,1,1) (0.604,0.77,0.949) (1.361,1.695,2.17) (1.062,1.518,1.967)
surfwidth (1.484,2.005,2.627)  (1.349,1.756,2.397)  (1,1,1) (2.08,2.637,3.274) (1.581,2.153,2.615)
surfyear (0.697,0.889,1.105)  (0.718,0.837,0.994)  (0.518,0.602,0.721)  (1,1,1) (0.611,0.805,0.943)
roaddens (1.316,1.695,2.354)  (1.355,1.721,2.403)  (0.836,1.043,1.686)  (1.525,1.865,2.506) (1,1,1)

matrix of alternatives under

Table 6-6. Pairwise comparison fuzzy evaluation

each sub-criteria of vehicles.

Sub-criteria

Pairwise comparison fuzzy evaluation matrix

speed Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (1.071,1.365.2.291)  (0.42,0.633.1.033)  (0.702,1.078.1.62)  (0.566.0.849.1.323)
Curvature (0.484,0.822,1.059)  (1.1.1) (0.325.0.51.0.786)  (0.571.0.853.1.296)  (0.431.0.685.1.056)
Roughness (1.116.1.798.2.716)  (1.549,2.358.3.358) (1.1.1) (1.071,1.775.2.775)  (0.953.1.364.2.277)
Rutting (0.741,1.022,1.673)  (0.913,1.324,2.097)  (0.369.0.598,0.945)  (1.1.1) (0.484,0.792,1.093)
MFSD indicator (0.885.1.322.2.106) (1.158.1.757.2.688) (0.471.0.752.1.095) (0.954.1.3.2.211) (1.1.1)

vlmhv Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (0.954.1.011.1.105)  (0.825.0.886.0.954)  (0.814.0.861.0.939)  (0.787.0.807.0.852)
Curvature (0.951,0.991.1.094) (1.1.1) (0.823.0.879.0.954)  (0.812,0.857.0.923)  (0.786.0.805.0.851)
Roughness (1.094,1.263,1.536)  (1.094,1.276,1.548)  (1,1.1) (0.893,0.958.1.103)  (0.817.0.866.0.943)
Rutting (1.185.1.397.1.67)  (1.205.1.42,1.693)  (0.952.1.068.1.26)  (1.1.1) (0.829.0.889.1)
MFSD indicator  (1.588,1.861.2.134)  (1.631,1.904.2.177) (1.092.1.31.1.583)  (1.1.189.1.461) (1.1.1)

vimli Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (0.474,0.787.0.932)  (0.821.0.876.0.948)  (0.811.0.857.0.912)  (0.802.0.832.0.908)
Curvature (1.275.1.575,2.484)  (1.1.1) (1.097.1.449.2.244)  (1.086,1.429.2.216) (1.078.1.404.2.211)
Roughness (1.123.1.306,1.579)  (0.689.1.09.1.501)  (1.1.1) (0.893,0.955.1.1)  (0.842.0.926.1)
Rutting (1.276.1.483.1.755)  (0.829,1.262.1.674)  (0.952.1.068.1.258)  (1.1.1) (0.941.0.983.1.206)
MFSD indicator (1.23.1.503.1.776)  (0.789.1.284.1.695) (1.1.108.1.381) (0.903.1.055.1.168) (1.1.1)

vimtt Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (1,1.007.1.189) (0.831.0.908.0.947)  (0.251.0.367.0.526)  (0.816.0.871.0.933)
Curvature (0.907.0.994.1) (1.1.1) (0.829.0.903,0.947)  (0.25.0.363.0.516)  (0.814.0.867.0.927)
Roughness (1.127.1.256,1.528)  (1.127.1.265.1.538)  (1.1.1) (0.326.0.432,0.693)  (0.845.0.937.1)
Rutting (2.727.3.625.4.625)  (2.741.3.639.4.639) (2.424.3.265.4.176) (1.1.1) (2.375.3.179.4.01)
MFSD indicator (1.255.1.446.1.719) (1.261.1.459.1.732) (1.1.086.1.358) (0.386.0.495.0.797) (1.1.1)

masshv Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1.1.1) (0.954,1.033.1.125)  (0.827.0.893.0.953)  (0.82.0.877.0.94) (0.792.0.817.0.88)
Curvature (0.947,0.976.1.091)  (1.1.1) (0.82,0.873.0.953)  (0.814,0.861,0.936) (0.787.0.808.0.863)
Roughness (1.097,1.251,1.523)  (1.097,1.291,1.564)  (1.1.1) (0.899.0.969.1.097)  (0.82.0.872.0.952)
Rutting (1.18.1.35,1.623) (1.184,1.4.1.673) (0.953.1.042,1.229) (1.1.1) (0.828.0.887.1)
MFSD indicator  (1.547,1.819,2.091)  (1.647.1.918.2.191)  (1.067.1.28.1.553)  (1.1.2.1.473) (1.1.1)

massli Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (0.908.0.994.1) (0.321.0.499.0.767)  (0.813,0.864.,0.912)  (0.231.0.317.0.466)
Curvature (1.1.006.1.188) (1,1.1) (0.322.0.503.0.767)  (0.814.0.867.0.92)  (0.232.0.32.0.472)
Roughness (1.675.2.432,3.432) (1.675.2.423.3.423) (1.1.1) (1.445.2.094.2.966)  (0.475.0.677.1.075)
Rutting (1.276.1.472,1.745)  (1.263,1.459,1.731)  (0.451.0.686.1.077)  (1.1.1) (0.369.0.467.0.74)
MFSD indicator (3.243.4.096.5.005)  (3.237.4.084.4.993)  (1.295.1.89.2.72) (2.949.3.678.4.426) (1.1.1)

masstt Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (1,1.006.1.188) (0.829.0.899.0.95)  (0.819.0.877.0.937)  (0.799.0.838.0.868)
Curvature (0.908.0.995.1) (1.1.1) (0.828.0.895.0.95)  (0.817.0.874.0.932)  (0.798.0.837.0.866)
Roughness (1.109,1.252,1.524)  (1.109,1.26,1.532)  (1,1.1) (0.896.0.956.1.093)  (0.825.0.888.0.956)
Rutting (1.203.1.39,1.663)  (1.208,1.401.1.674) (0.954.1.06.1.244)  (1.1.1) (0.836.0.913.1)
MFSD indicator  (1.592.,1.796.2.069) (1.61.1.815,2.088)  (1.063.1.254.1.526)  (1.1.147.1.42) (1,1,1)

pethv Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (1.35.1.867.2.783)  (1.35,1.869.2.787)  (1.348.1.863.2.787) (1.221.1.631.2.488)
Curvature (0.435.0.69.0.968)  (1.1.1) (0.954.1.001,1.095)  (0.952,0.995.1.094)  (0.856.0.873.0.989)
Roughness (0.435,0.689.0.971)  (0.954.0.999.1.093)  (1,1.1) (0.907,0.994.1) (0.856.0.87.0.987)
Rutting (0.435.0.696.0.978)  (0.954,1.006.1.1) (1.1.007.1.189) (1,1.1) (0.857.0.873.,0.995)
MFSD indicator (0.63.1.044.1.394)  (1.419.1.642.1.83)  (1.414.1.64.1.824)  (1.399.1.625.1.809) (1.1.1)

masspethv Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (0.95.0.985,1.091)  (0.952.0.995.1.095)  (0.84.0.93.0.965) (0.23.0.316.,0.464)
Curvature (0.954,1.018.1.11)  (1.1.1) (1.1.011,1.193) (0.888.0.946,1.06)  (0.233.0.321,0.478)
Roughness (0.954,1.007.1.101)  (0.906.0.99.1) (1.1.1) (0.841,0.935.0.965)  (0.231.0.317.0.471)
Rutting (1.057.1.164.1.436)  (1.011,1.146,1.332)  (1.057.1.157,1.43)  (1.1.1) (0.246.0.342,0.511)

MFSD indicator _(2.989.3.917.4.917)

(2.94.3.869.4.869)

(2.959.3.894.4.894)

(2.544.3.469.4.469)

(1.1.1)
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Table 6-7. Pairwise comparison fuzzy evaluation matrix of sub-criteria of vehicles.

_speed _ Vimhv _Vimli _vimu _masshv
speed (LL1) (1.418,2.048,2.951) (1.329,1.923,2.747) (1.279,1.839.2.602) (1.409,2.039,2.923)
vimhv (0.434,0.689,1.029) (1.1,1) (0.824.0.958,1.083) (0.817.0.926,1.078) (0.934,0.996,1.114)
vimli (0.494,0.737,1.122)  (1.014,1.13,1.455)  (1.1.1) (0.905,1.043,1.379) (1.004,1.124,1.432)
vimtt (0.577.0.873,1.321) (1.23,1.431,1.735)  (1.118,1.376,1.645) (1.1.1) (1.23,1.424,1.728)
masshv (0.445,0.69,1.044)  (0.944,1.006,1.138) (0.834,0.963,1.104) (0.819,0.929,1.075) (1,1,1)
massli (0.637.0.965,1.434) (1.466,1.769.2.214) (1.384,1.712,2.079) (1.369.1.674.2.137) (1.457,1.763.2.189)
masstt (0.435,0.667,1.004)  (0.949,0.99.1.153)  (0.803,0.947,1.045) (0.81,0.904,1.033)  (0.922,0.984,1.095)
pethy (0.455,0.681,1.017) (0.978,1.129,1.397) (0.888,1.088,1.386) (0.877,1.042,1.341) (0.968,1.122,1.379)
masspethy (0.534,0.844,1.257) (1.215,1.399,1.701) (1.115,1.357,1.678) (1.102,1.317.1.637) (1.187,1.392,1.641)

_massli __masstt _pethy __masspcthy .
speed (1.048,1.497.2.247) (1.423.2.0552.944) (1.391,1.992,2.855) (1.336.1.883.2.689)
heavypred (0.704,0.83,1.001)  (0.925,1.02,1.118)  (0.917,1.072,1.281) (0.838,0.961,1.103)
lightpred  (0.811,0.945,1.238) (1.032,1.148,1.507) (0.993,1.216,1.574) (0.907,1.096,1.406)
totalpred  (0.992,1.242,1.53)  (1.244,1.439,1.746) (1.216,1.501,1.842) (1.136,1.391,1.689)
masshv (0.714,0.834,1.018) (0.954,1.023,1.172) (0.923,1.074,1.3)  (0.867,0.965,1.156)
massli (LL1) (1.497,1.78,2.266)  (1.45,1.843,2.329)  (1.095,1.391,1.746)
massit (0.677,0.813,0929) (1,1.1) (0.92,1.053,1.261)  (0.85,0.947,1.109)
pethy (0.761,0.952,1.275)  (0.982,1.138,1.397) (1,L,1) (0.875,1.044,1.304)
masspethy (0.793,0.922,1.215) (1.208,1.411,1.686) (1.162,1.41,1.757)  (1,1,1)

Table 6-8. Pairwise comparison fuzzy evaluation matrix of alternatives under

each sub-criteria of climate.

Sub-criteria Pairwise comparison fuzzy evaluation matrix

tnight Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1.1.1) (1.108.1.537.2.356)  (0.992.1.464.2.228)  (0.69.0.964.1.496) (0.543.0.762.1.234)
Curvature (0.51,0.759.1.03) (L. (0.839,0.927,0.963)  (0.398,0.686,0.915)  (0.336,0.517.0.863)
Roughness (0.618.0.931.1.382)  (1.063.1.172.1.444)  (1.1.1) (0.468.0.757.1.048)  (0.358.0.567.0.923)
Rutting (0.826,1.168,1.776)  (1.161,1.63.2.63) (1.044,1.454.2.365) (1.1.1) (0.52,0.779.1.199)
MEFSD indicator  (1.056.1.597.2.358)  (1.33.2.117.3.117)  (1.152,1.866.2.866)  (0.905.1.341.2.174)  (1.1.1)

tday Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (111 (0.955.1.003.1.094)  (0.883.0.923.1.056) (0.842.0.935.0.975)  (0.8.0.83.0.906)
Curvarure (0.954.0.997.1.091)  (1.1.1) (0.882.0.921.1.056)  (0.841.0.933.0.975)  (0.8.0.829.0.902)
Roughness (1.013,1.177,1.36)  (1.013,1.181,1.364)  (1,1.1) (0.954,1.022,1.207)  (0.822,0.873.1)
Rutting (1.035.1.139.1.412)  (1.035.1.143.1.416)  (0.903.0.981.1.094)  (1.1.1) (0.818.0.862.0.987)
MFSD indicator  (1.286.1.556.1.829)  (1.294.1.564.1.836)  (1.1.239.1.512) (1.016.1.279.1.552) (1.1.1)

tmean Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (1,1.008,1.189) (1.1.024.1.206) (0.952,1.015.1.116)  (0.829.0.9.0.954)
Curvature (0.907.0.993.1) (1.L1) (0.954.1.016.1.107)  (0.951.1.006.1.109)  (0.827.0.895.0.954)
Roughness (0.904,0.98.1) (0.951,0.987,1.091)  (1,1.1) (0.951,0.99.1.092)  (0.824,0.886,0.954)
Rutting (0.949.0.992.1.103)  (0.95.0.999.1.105)  (0.954.1.012.1.104)  (1.1.1) (0.872.0.897.1.046)
MEFSD indicator  (1.094.1.241.1.514)  (1.094.1.252.1.524)  (1.094.1.277.1.55)  (1.048.1.267.1.451) (1.L.1)

tdif Deflection Curvature Roughn Rutting MEFSD indicator
Deflection (1.L.1) (0.515.0.782.1.047)  (0.881.0.922.1.044)  (0.835.0.917.0.957)  (0.278.0.401.0.606)
Curvature (1.107.1.485.2.314)  (1.1.1) (1.034.1.409.2.267)  (0.988.1.403.2.178)  (0.389.0.559.0.929)
Roughness (1.053.1.209.1.391)  (0.614.0.995.1.35)  (1.1.1) (0.952.1.1.191) (0.301.0.445.0.7)
Rutting (1.082,1.2,1.473) (0.644,0.984,1.429)  (0.907,1.002,1.102)  (1.1.1) (0.302,0.45,0.699)
MFSD indicator _ (1.896.2.819.3.819)  (1.395.2.17.3.084)  (1.563.2.454.3.454) _ (1.563.2.46.3.46) (1.1.1)

sm Deflection Curvature Roughn Rutting MFSD indicator
Deflection (1.1.1) (0.908.0.995.1) (0.832.0.902.0.973)  (0.84.0.926.0.996) (0.833.0.907.0.971)
Curvature (1,1.006.1.187) (LD (0.833.0.906.0.973)  (0.842.0.93.0.996)  (0.834,0.911.0.971)
Roughness (1.038,1.191.1.464)  (1.038,1.183,1.456)  (1.1.1) (1.1.04,1.313) (0.906.1.004.1.105)
Rutting (1.004,1.129,1.401)  (1.004,1.122,1.395)  (0.854,0.965,1) (L1 (0.899,0.97.1.098)
MFSD indicator  (1.042.1.196.1.468)  (1.042.1.187.1.46) (0.951.0.999.1.194)  (0.953.1.041.1.229) (1.1.1)

dd Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1.1.1) (0.954,1.116,1.937)  (0.558,0.844,1.271)  (0.779.1.129,1.833)  (1.188.1.776.2.518)
Curvature (0.564.0.904.1.094)  (1.1.1) (0.474.0.754.1.143)  (0.681.1.001.1.546)  (1.054.1.566.2.32)
Roughness (1.207.1.703.2.474)  (1.321.1.879.2.747)  (1.L.1) (1.474.1.843.2.779)  (1.999.2.555.3.464)
Rutting (0.747,1.116,1.639)  (0.857,1.209,1.856)  (0.457,0.774,1.051)  (1,1.1) (0.987,1.495,2.326)
MESD indicator _ (0.666.0.922.1.357)  (0.686.0.983.1.435)  (0.346.0.571.0.801)  (0.506.0.753.1.153)  (1.1.1)

rain Deflection Curvature Roughness Rutting MFSD indicator
Deflection (1,11 (0.954,0.999.1.092)  (0.315,0.486,0.759)  (0.428,0.65.0.899)  (0.421,0.621.0.958)
Curvature (0.954.1.001.1.093)  (1.L.1) (0.315.0.487.0.759)  (0.428.0.651.0.899)  (0.421.0.621.0.958)
Roughness (1.833.2.6183.618) (1.833.2.617.3.617) (1.1.1) (0.967.1.422.2.335)  (0.907.1.526.2.129)
Rutting (1.245,1.801.2.71)  (1.245.1.799.2.709)  (0.466,0.746,1.083)  (1.1.1) (0.699.1.028.,1.49)
MEFSD indicator  (1.063,1.742,2.651)  (1.063,1.739,2.649)  (0.639,0.819,1.465)  (0.794,1.054,1.677)  (1,1.1)
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Table 6-9. Pairwise comparison fuzzy evaluation matrix of sub-criteria of climate.

tnight tday tmean tdif sm
tnight (L.1.1) (1.041.1.352,1.96)  (1.097.1.463.2.118) (0.835.1.117.1.66)  (1.07.1.41.2.067)
tday (0.642.0.829.1.045) (1.1.1) (0.991.1.109.1.293) (0.701.0.859.0.978) (0.981.1.062.1.266)
tmean (0.599.0.774.0.966) (0.891.0.946.1.044) (1.1.1) (0.695.0.804.0.966) (0.935.0.984.1.138)
tdif (0.768.1.073.1.526) (1.123.1.368.1.867) (1.152,1.485.1.959) (1.1.1) (1.137.1.428.1.94)
sm (0.604.0.791.0.984) (0.888.0.964.1.041) (0.941.1.048.1.171) (0.683.0.819.0.947) (1.1.1)
dd (1.05.1.418.2.115)  (1.297.1.722.2.489) (1.364.1.846.2.594) (1.1.1.51.2.22) (1.33.1.77.2.57)
rain (0.947.1.242.1.765) (1.126.1.541,2.074) (1.175.1.612.2.188) (0.947.1.313.1.796) (1.171.1.573.2.176)
dd rain
tnight (0.649.0.993.1.451) (0.818.1.135.1.592)
tday (0.523.0.758.0.993) (0.734.0.911.1.226)
tmean (0.512.0.699.0.935) (0.651.0.802,1.065)
tdif (0.697.1.062.1.504)  (0.875.1.169.1.699)
sm (0.491.0.708.0.903) (0.638.0.822.1.072)
dd (L.1.1) (0.97.1.359.2.102)
rain (0.661.1.058.1.504) (1.1.1)

Table 6-10. Pairwise comparison fuzzy evaluation matrix of alternatives under

each criterion.

Criteria Pairwise comparison fuzzy evaluation matrix

Road Deflection Curvature Roughness Rutting MFSD indicator
Deflection (L. (0.995.1.411.2.321)  (0.348.0.538.0.948) (0.371.0.595.0.961) (0.285.0.404.0.677)
Curvature (0.473.0.772.1.06)  (1.1.1) (0.287.0.412.0.694)  (0.309.0.459.0.781) (0.231.0.304.0.454)
Roughness (1.067.1.892.2.892) (1.688.2.638.3.638) (1.1.1) (0.949.1.111.2.039) (0.471.0.752.1.097)
Rutting (1.051,1.724.2.724) (1.556.2.443.44)  (0.516,0.915.1.115) (1.1.1) (0.403.0.678.1)
MEFSD
indicator (1.591.2.568.3.568) (2.537.3.537.4.537) (0.953.1.36.2.275)  (1.1.491.2.491) (1.1.)

Vehicles Deflection Curvature Roughness Rutting MESD indicator
Deflection (1.1.1) (1.1.123.2.123) (0.462.0.73.1.061)  (0.459.0.73.1.043)  (0.324.0.499.0.831)
Curvature (0.474.0.91.1) (1.1.1) (0.395.0.673,0.936) (0.393,0.675.0.924) (0.307,0.461,0.795)
Roughness (1.003.1.445.2.356) (1.213.1.684.2.684) (1.1.1) (0.805.0.985.1.671)  (0.397.0.666.0.988)
Rutting (1.061,1.522.2.432) (1.319.1.801.2.801) (0.673.1.028.1.424) (1.1.1) (0.401.0.674.1)
MFSD
indicator (1.485.2.322,3.322) (1.961.2.768.3.677) (1.013.1.548.2.548) (1.1.5.2.5) (1.1.1)

Climate Deflection Curvature Roughness Rutting MEFSD indicator
Deflection (1.1.1) (0.906.1.068.1.806) (0.439.0.696.0.966) (0.527.0.813.1.124) (0.359.0.593.0.879)
Curvature (0.618.0.944.1.194) (1.1.1) (0.381.0.656.0.864) (0.423.0.759.0.935) (0.344.0.55.0.877)
Roughness (1.413.1.881.2.792) (1.55.2.017.3.017)  (1.1.1) (1.031.1.279.2.189)  (0.544.0.937.1.242)
Rutting (1.132,1.472.2.296) (1.225.1.543.2.543) (0.498.0.847.1.05) (1.1.1) (0.412,0.712.1)
MFSD
indicator (1.603.2.257.3.25)  (1.613.2.349.3.343) (0.934.1.237.2.166) (1.1.455.2.455) (1.1.1)

Table 6-11. Pairwise comparison fuzzy evaluation matrix of criteria.

Road Vehicles Climate
Road (1,1,1) (0.794,1.166,1.811) (0.751,1.059,1.694)
Vehicles (0.662,0.924,1.458) (1,1,1) (0.581,0.915,1.249)
Climate (0.722,1.063,1.615) (0.909,1.161,1.955) (1,1,1)
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(a) Fuzzy weights of alternatives under criteria (b) Fuzzy weights of criteria
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Figure 6-13. The input of fuzzy multi-criteria decision making: (a) fuzzy decision
matrix (the matrix of fuzzy weights of alternatives under criteria) and (b) fuzzy

weights of criteria.

Figure 6-14. Relative scores and ranks of alternatives under different criteria
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sectors: (a) road, (b) vehicles, (c) climate and (d) all criteria.
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6.4.4 Sensitivity analysis and evaluation

6.4.4.1 Impacts of sub-criteria on sensitivity of MFSD results

The impacts of sub-criteria on the sensitivity of decision making using MFSD
method are analysed from three aspects. First, the impacts of sub-criteria on the criteria
weights in decision making are calculated (Figure 6-15). Both the distributions of
criteria weights and percentages of criteria weight changes compared with the full
model are not significantly changed due to the removal of sub-criteria. Most of the
percentages of weight changes of criteria due to the removal of sub-criteria are lower
than 5%. Second, Figure 6-16 shows impacts of sub-criteria on alternative final scores.
This result shows that removal of sub-criteria variables does not change the relative
scores and ranks of final decision-making results for all three respective criteria sectors
and the overall scores of alternatives of both FAHP and FTOPSIS. Finally, Figure 6-
17 shows the impacts of each sub-criteria on the overall score and ranking changes of
alternatives compared with the full decision-making model. Both FAHP and FTOPSIS
indicate that most of the score changes due to removal of sub-criteria variables are
lower than 0.02, which is much lower than the scores of alternatives. Nearly all the
ranks of alternatives are not changed by removal of sub-criteria variables, except the
ranks of roughness and rutting reversed due to removal of soil deep drainage. The
above sensitivity analysis indicates that the MFSD method is reliable for decision

making and the sub-criteria impacts on final decisions are tiny.
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Figure 6-15. Sensitivity analysis of criteria: impacts of sub-criteria on the criteria

weights in decision making. (a) Distributions of weights of criteria and (b)

percentages of weight changes of criteria compared with full model.
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Figure 6-16. Sensitivity analysis of criteria: impacts of sub-criteria on the scores

from the sectors of road, vehicles and climate, and the overall scores of

alternatives.
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Figure 6-17. Sensitivity analysis of criteria: impacts of sub-criteria on the overall

score and rank changes of alternatives compared with the full model.

6.4.4.2 Impacts of contribution computation models on sensitivity of MFSD results
Similar to the sensitivity analysis process of sub-criteria variables, the
sensitivity of the impacts of contribution computation models is also analysed through
three steps. First, impacts of contribution models on criteria weights and percentages
of criteria weight changes compared with the full model are assessed (Figure 6-18).
Results show that the changes of criteria weights due to the models are very small.
Most of the percentages of weight changes of criteria are lower than 2%, and all of
them are lower than 4%. Next, Figure 6-19 presents the impacts of contribution models
on the decision scores from the sectors of road, vehicles and climate, and the overall

scores of alternatives. FAHP and FTOPSIS both reveal that the relative scores and
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ranks of alternatives are not significantly varied due to the contribution models.

Finally, Figure 6-20 shows the impacts of contribution models on the overall score and

rank changes of alternatives compared with the full model. All of the score changes of

alternatives are lower than 0.008, which is much lower than the scores of alternatives,

and all the ranks of alternatives are not changed. Results demonstrate that final

decision making is almost unaffected by the contribution computation models. In

addition, FAHP is more capable of differentiating the relative importance of

alternatives than FTOPSIS, since FAHP involves pair-wise comparison of the fuzzy

membership functions of criteria.
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Figure 6-19. Sensitivity analysis of

models on the scores from the sectors of road, vehicles and climate, and the

overall scores of alternatives.
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Figure 6-20. Sensitivity analysis of contribution models: impacts of contribution
models on the overall score and rank changes of alternatives compared with the

full model.

6.4.4.3 Compare indicators with road maintenance cost

To assess the usability of indicators, they are compared with the estimated road
maintenance cost in the study area in 2015. The road maintenance cost is estimated by
the sum of multiplying the standard cost of different types of road defects with the
total areas of defects along the road network. Then, the estimated road maintenance
cost is summarized with the spatial unit of road segment. Table 6-12 shows the
comparisons between the estimated road maintenance cost and the indicators of road
maintenance burden, including deflection, curvature, roughness, rutting and MFSD-
based indicator. Due to the bias distribution of real road maintenance cost data, the
log-transformed real road maintenance cost is used for correlation analysis. The
correlation analysis reveals the correlation coefficient of MFSD-based indicator is
much higher than other indicators. Meanwhile, the MFSD-based indicator and
roughness are the only two indicators where their significance levels of correlations
are lower than 0.01. Therefore, the MFSD-based indicator is the best choice and
roughness is the preferred choice among four monitored indicators of road

performance.

Table 6-12. Comparisons between the real road maintenance cost and the

indicators of road maintenance burden

Indicator of road

maintenance burden Correlation coefficient Significance
Deflection 0.123 p <0.05
Curvature 0.112 p=0.054
Roughness 0.151 p<0.01
Rutting 0.112 p=10.053
MFSD-based indicator 0.197 p<0.01
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6.5 Discussion

This research utilizes a geospatial decision-making method for more accurate
description of the road performance and burden of road maintenance. The MFSD
method is built through the integration of data-driven model-based contribution
computation, fuzzy set theory, geospatial analysis and decision making and multi-
criteria decision making. The MFSD approach supports deriving an overall indicator
for describing the burden of road maintenance and the decision making for determining
a relatively preferred indicator for accurate and flexible road asset management. The

MFSD approach has the following advantages in decision making:

e Both criteria and alternatives data are spatial data that not only reflect the
values of variables, but also present the spatial relationships;

e Model-based contribution computation for criteria is a data-driven method,
which can avoid the uncertainty, potential biases and subjectivity of expert
judgements and decision makers’ opinions that may have impacts on the final
decisions (Kritikos and Davies 2011);

e In the model-based contribution computation process, multiple models from
different perspectives, including statistics, machine learning and spatial
analysis, are utilized to calculate the contributions of criteria with various
aspects and improve the accuracy of decision making;

e Fuzzy set theory is utilized to involve criteria contributions computed by
models under alternatives in the overall indicator calculation and decision
making;

e FAHP and FTOPSIS are comparatively utilized to make decisions for
determining the best indicator for assessing the burden of road maintenance,
which can evaluate the advantages and disadvantages of different fuzzy

MCDM approaches for more reliable and reasonable decisions.

In addition, for the implementation of the methodology and outcomes of the
study, the burden of road maintenance is analysed at the local government area (LGA)
level. Figure 6-21 shows the comparison between average MFSD-based indicator and
the road maintenance cost in LGAs. The result indicates that the MFSD-based
indicator and the road maintenance cost are significantly correlated at the LGA level.

The LGAs are divided into six groups in terms of their relative locations along the six
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primary roads. The LGAs along Brand Highway have the lowest burden of road
maintenance. For other LGAs, the burden of road maintenance varies due to their

location in the road network.
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Figure 6-21. Comparison between average MFSD-based indicator and the road

maintenance cost in local government areas (LGAs).

6.6 Conclusion

This study proposes an MFSD approach for the geographically local, more
accurate and flexible decision making of road maintenance and management. MFSD
method can provide more accurate decision-making strategies due to the integration of

data-driven model-based contribution computation and fuzzy set theory. It is also a
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flexible approach where the components and parameters, such as the contribution
computation models and FMCDM methods, can be varied based on certain scientific
and practical issues. The results in this study can provide informative knowledge and
quantitative evidence for the practical decision making of traffic environment
assessment, road performance monitoring evaluation and design, road management
and maintenance. In addition to traffic and road problems, MFSD method also has
wide and great potential in addressing geospatial decision-making issues in other

fields, such as environment and public health.
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Chapter 7 Conclusions and Recommendations

7.1 Introduction

This thesis systematically studies the impacts of heavy vehicle freight
transportation on the traffic and road environment using geospatial analysis methods.
To comprehensive investigate the road infrastructure performance and factors of
pavement performance for more accurate, geographically local, flexible and reliable
decision making, this study develops a series of new geospatial methods and brings

new theories and technologies together for road and traffic data analysis.

From the perspective of geospatial analysis, this thesis has significant
contributions on the line segment based spatial data analysis. First of all, line segment
based spatial data is defined for the traffic and road attributes that are spatially
distributed along roads. Segment-based spatial data is totally different from traditional
point-based spatial data from the perspectives of spatial morphology, heterogeneity
and associations. To address the issues for segment-based spatial data, including
spatial prediction, factors exploration and decision making, a series of segment-based
spatial analysis methods are proposed in this study. Therefore, this thesis enriches the
types of spatial data and provides proper solutions to deal with and to deeply

understand the data and the scientific problems.

In this chapter, the thesis is concluded from three aspects. First, research
objectives presented in Chapter 1 are revised to summarise the proposed methods,
research findings and academic contributions for satisfying objectives in this study.
Next, in terms of the methodologies, outcomes and limitations, future research is
recommended from integrating multidisciplinary knowledge and techniques for traffic
and road environment management and improving data analysis methods. Finally,
future industrial practices the can be improved based on this research are

recommended.
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7.2 Revisiting the research objectives

7.2.1 Road infrastructure performance and factors: Review from a GIS perspective

The first research objective is to critically understand road infrastructure
performance and potential factors that have influence on pavement from a

geographical information systems (GIS) perspective.

This objective has been satisfied in this research by conducting a thorough and
systematic literature review, which provides background and basis of this study. The

review includes the following four parts.

(1) To understand impacts of heavy vehicle freight transportation on the road
damage and the burden of road maintenance, the association between traffic
behaviours and road damage, and methods of evaluating the burden of road
maintenance are reviewed. The review indicates that the total masses of vehicles on
the road network play a significant role in the cumulative burden of road maintenance.
Due to various types and volumes of vehicles, masses of vehicles are distinct on
different road segments. Thus, accurate predictions of traffic volumes for different
types of vehicles and on various road segments across the road network are required

to quantify the burden of road maintenance.

(2) To comprehensively investigate factors associated with the road
infrastructure performance, both methods and findings of potential factors that have
influence on road damage in previous research are reviewed. In the review, the
commonly used multi-source factors of road infrastructure performance are
summarised into four categories: vehicles, climate and environmental conditions, road

and pavement information, and local socio-economic conditions.

(3) To understand the advantages and potential of decision making in traffic
environmental impacts of heavy vehicle freight transportation, the review in this part
includes two parts. First, the issue about how to characterise infrastructure
performance is addressed. Measures of road infrastructure performance are reviewed
and discussed, since they are commonly used to quantify the quality of service to road
users. In addition, geospatial decision-making approaches for road infrastructure
management are reviewed. The MCDM and its developments are effective approaches

for dealing with complex decision-making problems. They can integrate the
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performance of decision alternatives across multiple criteria from various sources to

derive a compromise solution of road infrastructure management.

(4) To better satisfy users’ requirements in practical road and vehicle
management, BIM-GIS integration is reviewed and analysed from the aspect of spatio-
temporal statistics. The trends and opportunities of implementing BIM-GIS integration
are investigated for road construction and management and the broad architecture,
engineering and construction industry. BIM-GIS integration can make full use of the
strong parts of BIM and GIS. In this thesis, three hypotheses are proposed for the future
research and applications of BIM-GIS integration from a spatiotemporal perspective.
The further development of the deeper integration of spatio-temporal statistics and
4D/nD BIM can potentially provide more accurate analysis results, and new sense and
knowledge for decision making to satisfy the user requirements of AEC industry across

the lifecycle.

7.2.2 Heavy vehicle impacts on the burden of road maintenance

The second research objective is to accurately assess impacts of heavy vehicle
freight transportation on the burden of road maintenance. The line segment-based
spatial prediction models need to be developed and the road maintenance burden

caused by different types of vehicles need to be evaluated.

This objective has been satisfied in this research by predicting different types
of traffic volumes and estimating vehicle masses at a road segment level across the
whole road network. To assess heavy vehicle impacts on the burden of road
maintenance, two segment-based spatial prediction models, segment-based ordinary
kriging (SOK) and segment-based regression kriging (SRK), are proposed for the
spatial prediction of traffic volumes and masses of different types of vehicles. The
segment-based spatial prediction models can provide new insights into the spatial
characteristics and spatial homogeneity of a road segment during prediction. Results
show that they can more accurately predict traffic conditions compared with traditional
methods that deal with point-based observations by involving the spatial geometry
information of segments. Segment-based spatial prediction methods are useful
approaches for the management of heavy and light vehicles, and can inform wise
decision making for road maintenance strategies. An R “SK” package is developed for

performing the segment-based spatial prediction methods.
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The analysis also reveals that impacts of heavy vehicle freight transportation
are greatly varied across the road network. In the Wheatbelt region in Western
Australia, the impact of heavy vehicles on road maintenance is much larger than that
of light vehicles and it varies across space, and the total impacts of heavy vehicles
account for more than 82% of the road maintenance burden even though its volume

only accounts for 21% of traffic.

7.2.3 Comprehensive impacts of vehicles and climate on road infrastructure

performance

The third research objective is to understand comprehensive impacts of multi-
source variables on pavement infrastructure performance. The accurate and
geographically local impacts of vehicles, climate and environmental conditions,
properties of road and socioeconomic conditions on road infrastructure performance

need be investigated.

This objective has been satisfied in this research by proposing segment-based
spatial stratified heterogeneity analysis methods and applying the segment-based
spatial analysis methods in exploring the relationships between pavement performance
and factors. Assessing the performance of pavement infrastructure requires
sophisticated analysis and is affected by numerous factors and varies greatly across
different roads. In addition to the vehicles that are a primary factor of road conditions
discussed above, various other variables also have significant influence on the roads,
where their impacts vary greatly on different roads. The segment-based spatial
stratified heterogeneity analysis can provide both the impacts of single variables and
their interactions. An R “GD” package is developed for applying this approach. The
approach provides new ideas for spatial analysis for segmented geographical data and

objectively reveals the contributions of explanatory variables on road performance.

The segment-based spatial heterogeneity analysis in the Wheatbelt region in
Western Australia reveals that all vehicles and heavy vehicles in particular, and climate
and environmental variables are two major categories of factors associated with road
damage. Vehicle masses and percentage of heavy vehicle mass have greater
contributions to pavement condition than traffic volumes, a commonly used indicator
of traffic conditions. Meanwhile, the impacts from soil deep drainage, soil type and

precipitation are 6.24, 4.76 and 4.48 times of the impacts of mean temperature on
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pavement damage, but these factors are rarely considered and temperature is a
common indicator of climate. The interactions between the vehicles, and climate and
environment variables have much more influence than the independent variables, and

they can explain more than half of the road damage.

7.2.4 Data and model-driven geospatial multi-criteria decision making

The final research objective is to more comprehensively describe the overall
performance of road infrastructure and to select a more accurate performance indicator.
Geospatial decision-making approaches are required for transportation authorities for
flexible, accurate and geographically regionalised decisions of road and vehicle

management, such as road performance assessment and road maintenance.

This objective has been satisfied in this research by proposing a model-driven
fuzzy spatial multi-criteria decision making (MFSD) approach for comparing different
monitoring indicators and computing an overall indicator. The MFSD method can both
generate an indicator and support decision making by integrating data-driven model-
based decision making, fuzzy set theory, GIS and multi-criteria decision making
(MCDM). Results show that MFSD-based indicators can more accurately describe the
spatial distribution of road maintenance burden compared with monitored indicators.
MFSD results can provide informative knowledge and quantitative evidence for the
decision making of traffic environment assessment, road performance monitoring
design and evaluation, and road maintenance and management. MFSD also has wide

and great potential in addressing geospatial decision-making issues in other fields.

The data and model-drive decision making reveals that the MFSD-based
indicator can better and more accurately reflect road infrastructure performance than
the monitored indicators, including deflection, curvature, roughness and rutting in this
study. The road infrastructure performance is associated with the criteria of road
characteristics, traffic vehicles, and climate and environmental conditions. In addition
to the MFSD-based indicator, roughness is the best indicator of road infrastructure

performance among the four monitored indicators.
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7.3 Recommendations for future research

In terms of the methodologies, outcomes and limitations, future research is

recommended from the following three aspects.

First, traffic and road environment assessment and management are
multidisciplinary problems. The knowledge, theories, techniques and management
from multiple fields should be combined to address a certain problem to satisfy users’
requirements. In this study, transportation, road construction, geospatial analysis,
decision making and BIM are used in the traffic and road analysis and evaluation. To
further study the impacts of vehicles and climate on road infrastructure performance,
theories and methods about global climate change, green supply chain and logistics,
population accessibility to roads and facilities are recommended to be used and

developed.

Second, geospatial analysis theories about segment-based spatial data and
methods can be developed. This thesis defines the concept of segment-based spatial
data. A series of segment-based spatial methods are proposed to characterize the
spatial geometry, heterogeneity and associations. However, there are still theoretical
and methodological problems to solve to deal with segment-based spatial data. For
instance, spatial weights and spatial autocorrelation are basic concepts for exploring
spatial data, but they have not been investigated. Meanwhile, geographical and spatial
regressions that are based on spatial weights and spatial autocorrelation need to be

addressed.

Finally, more effective and sophisticated spatial and spatiotemporal statistical
analysis methods should be integrated in future BIM-GIS integration to significantly
improve overall performance and satisfy users requirements in the AEC industry.
Geospatial analysis can be applied in more issues for satisfying users requirements in
quality, progress and time, cost, contract, health, safety and environment (HSE), and
information management, and the coordination of various sectors. Thus, the
comprehensive data-driven spatio-temporal modelling of AEC projects can provide
more accurate and dynamic solutions for quantitative analysis, management and

decision making in future applications.
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7.4 Recommendations for industrial practices

Based on this research, future industrial practices can be improved from the

following aspects.

First, data and model-based quantitative studies should be involved in
predictive road infrastructure maintenance and road asset management. In predictive
road infrastructure maintenance, more accurate and reliable potential risks and future
scenarios with higher spatial and temporal resolutions are increasingly required in
practical construction management. Data and model-based analysis provides
quantitative, accurate, reliable and flexible evidence for decision making in practical

road infrastructure maintenance and management.

Second, it is necessary to integrate geospatial information, spatial statistical
analysis and geographically local assessment in the life cycle of road infrastructure
management. Geospatial information brings geographically local data of both road
infrastructure itself and the surrounding climate, environment and socio-economic
conditions. Spatial statistical analysis provides wider and deeper understandings of the
associations between road infrastructure performance and the surrounding local
climate, environment and socio-economic conditions. The associations can be varied

across the whole road network and in different time frames.

Finally, the concepts can be improved and new technologies can be further
integrated in construction management due to the engagement of spatiotemporal
statistical analysis in BIM-GIS integration for the AEC industry. BIM-GIS integration
with the support of spatiotemporal statistical analysis brings great potential and
opportunities for the further application of new data monitoring and collection
technologies. The technologies can better satisfy users’ requirements in the AEC
industry from management methods to coordination mechanisms, including quality
management, progress management and time reduction, cost reduction and control,
improvement of health, safety and environment (HSE) performance, information

management and the coordination of various sectors.

153



Reference

Abdulwahid, Waleed M, and Biswajeet Pradhan. 2017. "Landslide vulnerability and risk
assessment for multi-hazard scenarios using airborne laser scanning data (LiDAR)."
Landslides 14 (3):1057-1076.

Abune'meh, M, R El Meouche, I Hijaze, A Mebarki, and I Shahrour. 2016. "Optimal
construction site layout based on risk spatial variability." Automation in Construction
70:167-177.

AIA, US. 2008. "Document E202 Building Information Modeling Protocol Exhibit."
American Institute of Architects.

Aibinu, AA, and E Papadonikolaki. 2017. "A comparative case study of coordination
mechanisms in Design and Build BIM-based projects in the Netherlands." eWork and
eBusiness in Architecture, Engineering and Construction: ECPPM 2016: Proceedings
of the 11th European Conference on Product and Process Modelling (ECPPM 2016),
Limassol, Cyprus, 7-9 September 2016.

Amirebrahimi, Sam, Abbas Rajabifard, Priyan Mendis, and Tuan Ngo. 2016a. "A BIM-GIS
integration method in support of the assessment and 3D visualisation of flood damage
to a building." Journal  of  Spatial  Science 61:317-350. doi:
10.1080/14498596.2016.1189365.

Amirebrahimi, Sam, Abbas Rajabifard, Priyan Mendis, and Tuan Ngo. 2016b. "A framework
for a microscale flood damage assessment and visualization for a building using BIM—
GIS integration."  International Journal of Digital Earth 9:363-386. doi:
10.1080/17538947.2015.1034201.

Anastasopoulos, Panagiotis Ch, Fred L Mannering, Venky N Shankar, and John E Haddock.
2012. "A study of factors affecting highway accident rates using the random-
parameters tobit model." Accident Analysis & Prevention 45:628-633.

Anastasopoulos, Panagiotis Ch, Md Tawfiq Sarwar, and Venky N Shankar. 2016. "Safety-
oriented pavement performance thresholds: accounting for unobserved heterogeneity
in a multi-objective optimization and goal programming approach." Analytic methods
in accident research 12:35-47.

Andrey, Volkov, and Sukneva Luiza. 2013. Programming applications of computer aided
design and layout of the complex solar panels. Laublsrutistr 24, CH-8717 Stafa-
Zurich, Switzerland: Trans Tech Publications Ltd.

Andrienko, Gennady, Natalia Andrienko, Harald Bosch, Thomas Ertl, Georg Fuchs, Piotr
Jankowski, and Dennis Thom. 2013. "Thematic patterns in georeferenced tweets
through space-time visual analytics." Computing in Science & Engineering 15 (3):72-
82.

Anselin, Luc. 1995. "Local indicators of spatial association - LISA." Geographical analysis
27 (2):93-115.

Aouad, Ghassan, Angela Lee, and Song Wu. 2005. "From 3D to nD modelling." Journal of
Information Technology in Construction (ITCon) 10 (2):15-16.

ArcGIS Hub. 2017. "ArcGIS Hub." https://hub.arcgis.com/.

Ashton, LJ, and NJ McKenzie. 2001. Conversion of the atlas of Australian soils to the
Australian Soil Classification. CSIRO Land and Water (unpublished).

Asi, Ibrahim M. 2007. "Evaluating skid resistance of different asphalt concrete mixes."
Building and Environment 42 (1):325-329.

Asmarian, Naeimeh Sadat, Ahmad Ruzitalab, Kavousi Amir, Salehi Masoud, and Behzad
Mahaki. 2013. "Area-to-area poisson kriging analysis of mapping of county-level
esophageal cancer incidence rates in Iran." Asian Pacific Journal of Cancer
Prevention 14 (1):11-13.

154



Asmarian, NS, A Kavousi, M Salehi, and B Mahaki. 2012. "Mapping of stomach cancer rate
in Iran using area-to-area Poisson Kriging." Journal of Health System Research 9
(3):681-7.

Atazadeh, B, A Rajabifard, and M Kalantari. 2017. "Assessing performance of three BIM-
based views of buildings for communication and management of vertically stratified
legal interests."  ISPRS International Journal of Geo-Information 6. doi:
10.3390/1jgi6070198.

Australian Bureau of Statitics ABS. 2002. Freight Movements, Australia, Summary, Mar
2001. Canberra: ABS.

Australian Bureau of Statitics ABS. 2015. "Census of Population and Housing: Nature and

Content, Australia, 2016."
http://www.abs.gov.au/AUSSTATS/abs@.nsf/DetailsPage/2008.02016?OpenDocum
ent.

Australian Bureau of Statitics ABS. 2017. "Key Economic Indicators, 2017."
http://www.abs.gov.au/AUSSTATS/abs@.nsf/mf/1345.0?opendocument.

Austroads. 2016. Data Standard for Road Management and Investment in Australia and New
Zealand.

Austroads Ltd. 2016. Austroads Annual Report 2015-16.

Autodesk, BIS. 2002. "Building information modelling." Autodesk Inc. White Paper, San
Rafael, CA.

Backer, Gerriet, Barbel Mertsching, and Maik Bollmann. 2001. "Data-and model-driven gaze
control for an active-vision system." [EEE Transactions on Pattern Analysis and
Machine Intelligence 23 (12):1415-1429.

Baik, A., R. Yaagoubi, and J. Boehm. 2015. "Integration of jeddah historical bim and 3D GIS
for documentation and restoration of historical monument." Infernational Archives of
the Photogrammetry, Remote Sensing and Spatial Information Sciences - ISPRS
Archives 40:29-34. doi: 10.5194/isprsarchives-XL-5-W7-29-2015.

Bailey, Trevor C. 1994. "A review of statistical spatial analysis in geographical information
systems." Spatial analysis and G1S:13-44.

Balezentis, Tomas, and Alvydas Balezentis. 2014. "A survey on development and applications
of the multi-criteria decision making method MULTIMOORA." Journal of Multi-
Criteria Decision Analysis 21 (3-4):209-222.

Bansal, V K. 2011a. "Application of geographic information systems in construction safety
planning." International Journal of Project Management 29:66-77. doi:
10.1016/j.ijproman.2010.01.007.

Bansal, V K. 2011b. "Use of GIS and Topology in the Identification and Resolution of Space
Conflicts."  Journal of Computing in Civil Engineering 25:159-171. doi:
10.1061/(ASCE)CP.1943-5487.0000075.

Barandiaran, Ifiigo. 1998. "The random subspace method for constructing decision forests."
1IEEF transactions on pattern analysis and machine intelligence 20 (8).

Barnolas, M, A Atencia, MC Llasat, and T Rigo. 2008. "Characterization of a Mediterranean
flash flood event using rain gauges, radar, GIS and lightning data." Advances in
Geosciences 17:35-41.

Barua, Sudip, Karim El-Basyouny, and Md Tazul Islam. 2016. "Factors influencing the safety
of urban residential collector roads." Journal of Transportation Safety & Security 8
(3):230-246.

Bedrick, Jim. 2013. "A level of development specification for BIM processes." AECbytes
Viewpoint 68.

Benayoun, R, B Roy, and N Sussman. 1966. "Manual de reference du programme electre."
Note de synthese et Formation 25:79.

Bendel, Robert B, and Abdelmonem A Afifi. 1977. "Comparison of stopping rules in forward
“stepwise” regression." Journal of the American Statistical association 72 (357):46-
53.

155



Bennathan, Esra, Julie Fraser, and Louis S Thompson. 1992. What determines demand for
freight transport? Vol. 998: World Bank Publications.

Bento, Rita, Ana Paula Falcao, Ricardo Catulo, and Jelena Milosevic. 2016. Seismic
Assessment of Pombalino Buildings. Gewerbestrasse 11, CHAM, CH-6330,
Switzerland: Springer Int Publishing AG.

Berry, J. 1996a. "GIS evolution and future trends." Beyond Mapping 1lI, Compilation of
Beyond Mapping columns appearing in GeoWorld magazine.

Berry, J. 1996b. "GIS evolution and future trends." Beyond Mapping 11, Compilation of
Beyond Mapping Columns Appearing in GeoWorld Magazine; BASIS Press: Quincy,
MA, USA.

Bianchini, Alessandra, and Paola Bandini. 2010. "Prediction of Pavement Performance
through Neuro-Fuzzy Reasoning."  Computer-Aided Civil and Infrastructure
Engineering 25 (1):39-54.

Bianco, I., M. Del Giudice, and M. Zerbinatti. 2013. "A database for the architectural heritage
recovery between Italy and Switzerland."  International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences - ISPRS Archives
40:103-108. doi: 10.5194/isprsarchives-XL-5-W2-103-2013.

Bibri, Simon Elias, and John Krogstie. 2017. "Smart sustainable cities of the future: An
extensive interdisciplinary literature review." Sustainable Cities and Society.
Bilodeau, Jean-Pascal, Louis Gagnon, and Guy Dor¢. 2017. "Assessment of the relationship
between the international roughness index and dynamic loading of heavy vehicles."

International Journal of Pavement Engineering 18 (8):693-701.

Bingham, L, A Escalona, and Derek Karssenberg. 2016. "Error propagation in a fuzzy logic
multi-criteria evaluation for petroleum exploration." [International Journal of
Geographical Information Science 30 (8):1552-1578.

Borrmann, A. 2010. From GIS To BIM And Back Again - A Spatial Query Language For 3D
Building Models And 3D City Models. Bahnhofsalle 1E, Gottingen, 37081, Germany:
Copernicus Gesellschaft Mbh.

Borrmann, A, T H Kolbe, A Donaubauer, H Steuer, J R Jubierre, and M Flurl. 2014. "Multi-
Scale Geometric-Semantic Modeling of Shield Tunnels for GIS and BIM
Applications." Computer-Aided Civil And Infrastructure Engineering 30:263-281.
doi: 10.1111/mice.12090.

Brans, Jean-Pierre, and Ph Vincke. 1985. "Note—A Preference Ranking Organisation
Method: (The PROMETHEE Method for Multiple Criteria Decision-Making)."
Management science 31 (6):647-656.

Brans, Jean-Pierre, Ph Vincke, and Bertrand Mareschal. 1986. "How to select and how to rank
projects: The PROMETHEE method." European journal of operational research 24
(2):228-238.

Brauers, Willem K, and Edmundas Kazimieras Zavadskas. 2006. "The MOORA method and
its application to privatization in a transition economy." Control and Cybernetics
35:445-469.

Breheny, Patrick. 1984. "Classification and regression trees."

Breiman, Leo. 2001. "Random forests." Machine learning 45 (1):5-32.

Breiman, Leo. 2017. Classification and regression trees: Routledge.

Bridgelall, Raj. 2013. "Connected vehicle approach for pavement roughness evaluation."
Journal of Infrastructure Systems 20 (1):04013001.

Bryde, David, Marti Broquetas, and Jirgen Marc Volm. 2013. "The project benefits of
building information modelling (BIM)." International journal of project management
31 (7):971-980.

Bureau of Infrastructure, Transport and Regional Economics, Department of Infrastructure
and Regional Development, Australian Government,, . 2017. Measuring infrastructure
asset performance and customer satisfaction: a review of existing frameworks. Report
147. Canberra.

156



Bureau of Infrastructure, Transport, and Regional Economics. 2016. "Road Trauma Australia,
2016 Statistical Summary."

Bureau of Meteorology Australian Government. 2017. "Australian Landscape Water
Balance." http://www.bom.gov.au/water/landscape (Accessed on May 2017).

Byram, Daniel, Danny X Xiao, Kelvin CP Wang, and Kevin D Hall. 2012. Sensitivity analysis
of climatic influence on MEPDG flexible pavement performance predictions.

Cai, Jixuan, Bo Huang, and Yimeng Song. 2017a. "Using multi-source geospatial big data to
identify the structure of polycentric cities." Remote Sensing of Environment.

Cai, Jixuan, Bo Huang, and Yimeng Song. 2017b. "Using multi-source geospatial big data to
identify the structure of polycentric cities." Remote Sensing of Environment 202:210-
221.

Cai, Xuejiao, Zhifeng Wu, and Jiong Cheng. 2013. "Using kernel density estimation to assess
the spatial pattern of road density and its impact on landscape fragmentation."
International Journal of Geographical Information Science 27 (2):222-230.

Caliendo, Ciro, Maurizio Guida, and Emiliana Pepe. 2015. "Seemingly Unrelated Regression
Equations for Developing a Pavement Performance Model." Modern Applied Science
9 (13):199.

Cao, Feng, Yong Ge, and Jin-Feng Wang. 2013. "Optimal discretization for geographical
detectors-based risk assessment." GlIScience & remote sensing 50 (1):78-92.
Carmon, Nimrod, and Eyal Ben-Dor. 2018. "Mapping Asphaltic Roads’ Skid Resistance Using

Imaging Spectroscopy." Remote Sensing 10 (3):430.

Cebon, D. 1988. "Theoretical road damage due to dynamic tyre forces of heavy vehicles Part
1: dynamic analysis of vehicles and road surfaces." Proceedings of the Institution of
Mechanical Engineers, Part C: Journal of Mechanical Engineering Science 202
(2):103-108.

Cengiz, A Emre, and Yucel Guney. 2013. Comparison of 3D Construction Visualization
Methods To Provide Visual Support In Gis Environment For The Construction
Projects. Feecs, Dept Electr Power Eng, 17. Listopadu 15, Ostrava, 70833, Czech
Republic: Vsb-Tech Univ Ostrava.

Center for International Earth Science Information Network - CIESIN - Columbia University.
2016. Gridded Population of the World, Version 4 (GPWv4): Population Count
Adjusted to Match 2015 Revision of UN WPP Country Totals. Palisades, NY: NASA
Socioeconomic Data and Applications Center (SEDAC).

Center for International Earth Science Information Network - CIESIN - Columbia University,
and Information Technology Outreach Services - ITOS - University of Georgia. 2013.
Global Roads Open Access Data Set, Version 1 (gROADSv1). Palisades, NY: NASA
Socioeconomic Data and Applications Center (SEDAC).

Chai, Jian, Changzhi Wu, Chuanxin Zhao, Hung-Lin Chi, Xiangyu Wang, Bingo Wing-Kuen
Ling, and Kok Lay Teo. 2017. "Reference tag supported RFID tracking using robust
support vector regression and Kalman filter." Advanced Engineering Informatics
32:1-10.

Chambelland, Jean-Christophe, and Gilles Gesquiere. 2012. Complex Virtual Urban
Environment Modeling from CityGML Data and OGC web services: Application to
the SIMFOR Project. 1000 20th St, Po Box 10, Bellingham, Wa 98227-0010 Usa:
Spie-Int Soc Optical Engineering.

Chan, WT, TF Fwa, and CY Tan. 1994. "Road-maintenance planning using genetic
algorithms. I: Formulation." Journal of Transportation Engineering 120 (5):693-709.

Chang, Da-Yong. 1996. "Applications of the extent analysis method on fuzzy AHP."
European journal of operational research 95 (3):649-655.

Chang, Kang-Tsung. 2006. Geographic information system: Wiley Online Library.

Chatti, Karim, M Emin Kutay, Nizar Lajnef, Imen Zaabar, Sudhir Varma, and Hyung Suk Lee.
2017. Enhanced Analysis of Falling Weight Deflectometer Data for Use With
Mechanistic-Empirical ~ Flexible = Pavement Design and Analysis and
Recommendations for Improvements to Falling Weight Deflectometers.

157



Chen, BB, HL Gong, XJ Li, KC Lei, GY Duan, and JR Xie. 2014. "Spatial-temporal evolution
characterization of land subsidence by multi-temporal InSAR method and GIS
technology." Guang pu xue yu guang pu fen xi= Guang pu 34 (4):1017-1025.

Chen, L.-C. Liang Chien, C.-H. Chia Hao Wu, T.-S. Tzu Sheng Shen, and Chien Cheng C.-C.
Chou. 2014. "The application of geometric network models and building information
models in geospatial environments for fire-fighting simulations." Computers,
Environment and Urban Systems 45:1-12. doi:
10.1016/j.compenvurbsys.2014.01.003.

Chen, LiJuan, and Hanbin Luo. 2014. "A BIM-based construction quality management model
and its applications." Automation in construction 46:64-73.

Chen, Wen-Feng, Hui-Li Gong, Bei-Bei Chen, Kai-Si Liu, Mingliang Gao, and Chao-Fan
Zhou. 2017. "Spatiotemporal evolution of land subsidence around a subway using
InSAR time-series and the entropy method." GIScience & Remote Sensing 54 (1):78-
94.

Chen, Yuehong, and Yong Ge. 2015. "Spatial Point Pattern Analysis on the Villages in China's
Poverty-stricken Areas." Procedia Environmental Sciences 27:98-105.

Cheng, Jack C. P., and Lauren Y. H. Ma. 2013. "A BIM-based system for demolition and
renovation waste estimation and planning." Waste Management 33 (6):1539-1551.
doi: http://dx.doi.org/10.1016/;.wasman.2013.01.001.

Cheng, Jack CP, Qiqi Lu, and Yichuan Deng. 2016. "Analytical review and evaluation of civil
information modeling." Automation in Construction 67:31-47.

Cheng, Jack CP, Yi Tan, Yongze Song, Xin Liu, and Xiangyu Wang. 2017. "A semi-
automated approach to generate 4D/5D BIM models for evaluating different offshore
oil and gas platform decommissioning options." Visualization in Engineering 5
(1):12.

Cheung, Franco K. T., Jonathan Rihan, Joseph Tah, David Duce, and Esra Kurul. 2012. "Early
stage multi-level cost estimation for schematic BIM models." Automation in
Construction 27:67-77. doi: http://dx.doi.org/10.1016/j.autcon.2012.05.008.

Chinowsky, Paul, Carolyn Hayles, Amy Schweikert, Niko Strzepek, Kenneth Strzepek, and C
Adam Schlosser. 2011. "Climate change: comparative impact on developing and
developed countries." The Engineering Project Organization Journal 1 (1):67-80.

Chinowsky, Paul S, Jason C Price, and James E Neumann. 2013. "Assessment of climate
change adaptation costs for the US road network." Global Environmental Change 23
(4):764-773.

Chinowsky, Paul S, Amy E Schweikert, Niko L Strzepek, and Ken Strzepek. 2015.
"Infrastructure and climate change: A study of impacts and adaptations in Malawi,
Mozambique, and Zambia." Climatic Change 130 (1):49-62.

Chinowsky, Paul, Amy Schweikert, Niko Strzepek, Kyle Manahan, Kenneth Strzepek, and C
Adam Schlosser. 2013. "Climate change adaptation advantage for African road
infrastructure." Climatic change 117 (1-2):345-361.

Choi, Hyeon-Jeong, Min-Ji Kwon, Ju-Hyung Kim, and Jae-Jun Kim. 2010. BIM-Based
Program Information Management Systems For Urban Renewal Mega Projects
Planning. AG701, Chung Sze Yuen Bldg, Hung Hom, Kowloon, Hong Kong 00000,
Peoples R China: Hong Kong Polytechnic Univ, Fac Construction & Environment.

Chong, Heap Yih, Robert Lopez, Jun Wang, Xiangyu Wang, and Zeyu Zhao. 2016.
"Comparative analysis on the adoption and use of BIM in road infrastructure projects."
Journal of Management in Engineering 32 (6):05016021.

Christakos, George. 2000. Modern spatiotemporal geostatistics. Vol. 6: Oxford University
Press.

Chun, Bumseok, and J-M Guldmann. 2014. "Spatial statistical analysis and simulation of the
urban heat island in high-density central cities." Landscape and urban planning
125:76-88.

Colak, Serdar, Antonio Lima, and Marta C Gonzélez. 2016. "Understanding congested travel
in urban areas." Nature communications 7:10793.

158



Collins, Sean. 1991. "Prediction techniques for Box—Cox regression models." Journal of
Business & Economic Statistics 9 (3):267-277.

Commonwealth Grants Commission - Australian Government. 2011. Australian Local
Governments Association, Study of local roads funding in Australia 1999-00 to 2019-
20, 2010.

Cortez, P. 2010. "Data Mining with Neural Networks and Support Vector Machines using the
R/rminer Tool." Advances in Data Mining -- Applications and Theoretical Aspects,
10th Industrial Conference on Data Mining, 2010/july.

Costa, G, A Sicilia, G N Lilis, D V Rovas, and J Izkara. 2016. 4 comprehensive ontologies-
based framework to support the retrofitting design of energy-efficient districts. 6000
BROKEN Sound Parkway NW, STE 300, Boca Raton, FL. 33487-2742 USA: CRC
Press-Taylor & Francis Group.

Council, National Research. 1995. Measuring and improving infrastructure performance:
National Academies Press.

Cressie, Noel, and Christopher K Wikle. 2015. Statistics for spatio-temporal data: John Wiley
& Sons.

Dasgupta, Susmita, Md Hossain, Mainul Huq, and David Wheeler. 2014. "Climate change,
groundwater salinization and road maintenance costs in coastal Bangladesh." World
Bank Policy Research Working Paper (7147).

Davis, SC, SW Diegel, and RG Boundy. 2015. "Transportation Energy Data Book: Edition
31.2012." Oak Ridge: Center for Transportation Analysis Energy and Transportation
Science Division.

de Farias, Tarcisio Mendes, Ana-Maria Roxin, and Christophe Nicolle. 2015. Semantic Web
Technologies For Implementing Cost-Effective And Interoperable Building
Information Modeling. 6, Piata Roma, 1st District, Postal Office 22, Bucharest,
010374, Romania: Bucharest Univ Economic Studies-Ase.

De Hoogh, S, R Di Giulio, C Quentin, B Turillazzi, and R Sebastian. 2015. Hospital campus
design related with EeB challenges. 6000 Broken Sound Parkway Nw, Ste 300, Boca
Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Del Giudice, M, A Osello, and E Patti. 2015. BIM and GIS for district modeling. 6000 Broken
Sound Parkway NW, STE 300, Boca Raton, FL 33487-2742 USA: CRC Press-Taylor
& Francis Group.

Delgado, Francisco, Ruben Martinez, Julio Puche, and Javier Finat. 2015. "Towards a client-
oriented integration of construction processes and building GIS systems." Computers
In Industry 73:51-68. doi: 10.1016/j.compind.2015.07.012.

Deng, Yichuan, Jack C P Cheng, and Chimay Anumba. 2016a. "A framework for 3D traffic
noise mapping using data from BIM and GIS integration." Structure And
Infrastructure Engineering 12:1267-1280. doi: 10.1080/15732479.2015.1110603.

Deng, Yichuan, Jack C P Cheng, and Chimay Anumba. 2016b. "Mapping between BIM and
3D GIS in different levels of detail using schema mediation and instance comparison."
Automation In Construction 67:1-21. doi: 10.1016/j.autcon.2016.03.006.

Department of Infrastructure and Regional Development - Australia Government. 2017.
Australian Infrastructure Statistics Yearbook 2017.

Department of Infrastructure and Transport - Australia Government. 2011. Public road-related
expenditure and revenue in Australia.

Department of Transport - The Government of Western Australia. 2016. Driver and vehicle
services, licensing fees and charges.

Department of Transport Western Australia. 2017. Ports Handbook, Western Australia, 2016.
Western Australia: Department of Transport, Western Australia.

Ding, Lieyun, Ying Zhou, and Burcu Akinci. 2014. "Building Information Modeling (BIM)
application framework: The process of expanding from 3D to computable nD."
Automation in construction 46:82-93.

159



Doellner, J, and B Hagedorn. 2008. Integrating urban GIS, CAD, and BIM data by service-
based virtual 3D city models. 11 New Fetter Lane, London EC4P 4EE, England:
Taylor & Francis Ltd.

Dominguez, B, A L Garcia, and F R Feito. 2012. "Semiautomatic detection of floor topology
from CAD architectural drawings." Computer-Aided Design 44:367-378. doi:
10.1016/j.cad.2011.12.009.

Dong, Lei, Ruiqi Li, Jiang Zhang, and Zengru Di. 2016. "Population-weighted efficiency in
transportation networks." Scientific reports 6.

Dong, Qiao, and Baoshan Huang. 2015. "Failure Probability of resurfaced preventive
maintenance treatments: investigation into long-term pavement performance
program." Transportation Research Record: Journal of the Transportation Research
Board (2481):65-74.

Drucker, Harris, Christopher JC Burges, Linda Kaufman, Alex J Smola, and Vladimir Vapnik.
1997. "Support vector regression machines." Advances in neural information
processing systems.

Drummond, William J, and Steven P French. 2008. "The future of GIS in planning:
Converging technologies and diverging interests." Journal of the American Planning
Association 74 (2):161-174.

EARTHDATA. 2017. "MODIS/Terra Vegetation Indices 16-Day L3 Global 1km SIN Grid
V005."

Eastman, Charles, David Fisher, Gilles Lafue, Joseph Lividini, Douglas Stoker, and Christos
Yessios. 1974. "An outline of the building description system." Research Rep 50.

Eastman, Charles M, Chuck Eastman, Paul Teicholz, and Rafael Sacks. 2011. BIM handbook:
A guide to building information modeling for owners, managers, designers, engineers
and contractors: John Wiley & Sons.

Ebenstein, Avraham, and Yaohui Zhao. 2015. "Tracking rural-to-urban migration in China:
Lessons from the 2005 inter-census population survey." Population studies 69
(3):337-353.

Ebrahim, Mostafa Abdel-Bary, Ibrahim Mosly, and lhab Yehya Abed-Elhafez. 2016.
"Building Construction Information System Using GIS." Arabian Journal For
Science And Engineering 41:3827-3840. doi: 10.1007/s13369-015-2006-1.

Ede, Anthony Nkem. 2014. "Cumulative Damage Effects of Truck Overloads on Nigerian
Road Pavement." [International Journal of Civil & Environmental Engineering
IJCEE-IJENS 14 (1):21-26.

El Meouche, R, M Rezoug, and Thab Hijazi. 2013. Integrating And Managing BIM In GIS,
Software Review. Bahnhofsalle le, Gottingen, 37081, Germany: Copernicus
Gesellschaft MBH.

El-Mekawy, M, A Ostman, and I Hijazi. 2012. "A unified building model for 3D urban GIS."
ISPRS  International  Journal  of  Geo-Information  1:120-145.  doi:

10.3390/1jg11020120.
Elbeltagi, E, and M Dawood. 2011. "Integrated visualized time control system for repetitive
construction  projects."” Automation in  Construction 20:940-953. doi:

10.1016/j.autcon.2011.03.012.

Environmental Protection Agency United States. 2017. "Environmental Protection Agency,
United States." https://agsdrl.epa.gov/agsweb/agstmp/airdata/download files.html.

Esmaelian, Majid, Madjid Tavana, Francisco J Santos Arteaga, and Sommayeh Mohammadi.
2015. "A multicriteria spatial decision support system for solving emergency service
station location problems." [International Journal of Geographical Information
Science 29 (7):1187-1213.

Eurostat. 2018. "Modal split of freight transport in Europe 2015."

Ezekwem, Kenechukwu Chigozie. 2016. "Environmental information modeling: An
integration of Building Information Modeling and Geographic Information Systems
for lean and green developments." North Dakota State University.

160



F Dormann, Carsten, Jana M McPherson, Miguel B Araujo, Roger Bivand, Janine Bolliger,
Gudrun Carl, Richard G Davies, Alexandre Hirzel, Walter Jetz, and W Daniel
Kissling. 2007. "Methods to account for spatial autocorrelation in the analysis of
species distributional data: a review." Ecography 30 (5):609-628.

Fahrmeir, Ludwig, Thomas Kneib, Stefan Lang, and Brian Marx. 2007. Regression: Springer.

Fai, S, and J Rafeiro. 2014. "Establishing an appropriate level of detail (LoD) for a building
information model (BIM)-West Block, Parliament Hill, Ottawa, Canada." ISPRS
Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences 2
(5):123.

Fakhar, AMM, and A Asmaniza. 2016. "Road Maintenance Experience Using Polyurethane
(PU) Foam Injection System and Geocrete Soil Stabilization as Ground
Rehabilitation." IOP Conference Series: Materials Science and Engineering.

Fang, Yebing, Limao Wang, Zhoupeng Ren, Yan Yang, Chufu Mou, and Qiushi Qu. 2017.
"Spatial Heterogeneity of Energy-Related CO, Emission Growth Rates around the
World and Their Determinants during 1990-2014." Energies 10 (3):367.

Feizizadeh, Bakhtiar, Majid Shadman Roodposhti, Piotr Jankowski, and Thomas Blaschke.
2014. "A GIS-based extended fuzzy multi-criteria evaluation for landslide
susceptibility mapping." Computers & geosciences 73:208-221.

Feldt, Tobias, and Eva Schlecht. 2016. "Analysis of GPS trajectories to assess spatio-temporal
differences in grazing patterns and land use preferences of domestic livestock in
southwestern Madagascar." Pastoralism 6 (1):5.

Ferrari, Federico, and Daniele Felice Sasso. 2016. Three-dimensional integrated survey and
BIM/GIS management platform in the case study of House for War Wounded in Fori.
Piazza Santa Maria Degli Angeli, 1, Napoli, 80132, Italy: Scuola Pitagora Editrice.

Ferreira, Adelino, Luis de Picado-Santos, Zheng Wu, and Gerardo Flintsch. 2011. "Selection
of pavement performance models for use in the Portuguese PMS." [International
Journal of Pavement Engineering 12 (1):87-97.

Fischer, Manfred M, and Jinfeng Wang. 2011. Spatial data analysis: models, methods and
techniques: Springer Science & Business Media.

Fisher, Terry. 1980. An overview of the Canada geographic information system (CGIS): Lands
Directorate Environment Canada.

Fletcher, Christopher G, Lindsay Matthews, Jean Andrey, and Adam Saunders. 2016.
"Projected Changes in Mid-Twenty-First-Century Extreme Maximum Pavement
Temperature in Canada." Journal of Applied Meteorology and Climatology 55
(4):961-974.

Flintsch, Gerardo, Samer Katicha, James Bryce, Brian Ferne, Simon Nell, and Brian
Diefenderfer. 2013. Assessment of continuous pavement deflection measuring
technologies.

Forsythe, Perry John. 2014. In pursuit of value on large public projects using "spatially related
value-metrics” and '"virtually integrated precinct information modeling"”. Sara
Burgerhartstraat 25, PO BOX 211, 1000 AE Amsterdam, Netherlands: Elsevier
Science BV.

Foster, K. 2013. Geodesign education takes flight. Arcnews Fall 2013. ESRI Press.

Fosu, Richelle, Kamal Suprabhas, Zenith Rathore, and Clark Cory. 2015. "Integration of
Building Information Modeling (BIM) and Geographic Information Systems (GIS)-a
literature review and future needs." Proceedings of the 32nd CIB W78 Conference,
Eindhoven, The Netherlands.

Fotheringham, A Stewart, Chris Brunsdon, and Martin Charlton. 2003. Geographically
weighted regression: John Wiley & Sons, Limited West Atrium.

Fotheringham, A Stewart, Martin E Charlton, and Chris Brunsdon. 1998. "Geographically
weighted regression: a natural evolution of the expansion method for spatial data
analysis." Environment and planning 4 30 (11):1905-1927.

Fotheringham, A. S., Brunsdon, C., & Charlton, M. 2000. Quantitative geography:
perspectives on spatial data analysis.: Sage.

161



Fremantle Ports Australia. 2018. Fremantle Ports 2017 Annual Report. Perth, WA: Fremantle
Ports.

Friedman, Jerome, Trevor Hastie, and Rob Tibshirani. 2010. "Regularization paths for
generalized linear models via coordinate descent." Journal of statistical software 33
(1):1.

Fu, Q,L W Zhang, M W Xie, and X D He. 2012. Development and application of BIM-based
highway construction management platform. 6000 Broken Sound Parkway NW, STE
300, Boca Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Fwa, TF, HR Pasindu, and GP Ong. 2011. "Critical rut depth for pavement maintenance based
on vehicle skidding and hydroplaning consideration." Journal of transportation
engineering 138 (4):423-429.

Gao, Bingbo, Anxiang Lu, Yuchun Pan, Lili Huo, Yunbing Gao, Xiaolan Li, Shuhua Li, and
Ziyue Chen. 2017. "Additional Sampling Layout Optimization Method for
Environmental Quality Grade Classifications of Farmland Soil." [EEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing 10 (12):5350-
5358.

Gao, Hui, Xueqing Zhang, and Yashuai Li. 2016. "Developing a weighted reward criterion for
the Markov-based decision of road maintenance." SpringerPlus 5 (1):1-14.

Gao, Lei, and Brett A Bryan. 2017. "Finding pathways to national-scale land-sector
sustainability." Nature 544 (7649):217-222.

Gash, JHC. 1979. "An analytical model of rainfall interception by forests." Quarterly Journal
of the Royal Meteorological Society 105 (443):43-55.

Ge, Erjia, Renjie Zhang, Dengkui Li, Xiaolin Wei, Xiaomeng Wang, and Poh-Chin Lai. 2017.
"Estimating Risks of Inapparent Avian Exposure for Human Infection: Avian
Influenza Virus A (H7N9) in Zhejiang Province, China." Scientific reports 7.

Ge, Y, JH Wang, GBM Heuvelink, R Jin, X Li, and JF Wang. 2015. "Sampling design
optimization of a wireless sensor network for monitoring ecohydrological processes
in the Babao River basin, China." International Journal of Geographical Information
Science 29 (1):92-110.

Ge, Yong, Yongzhong Liang, Jianghao Wang, Qianyi Zhao, and Shaomin Liu. 2015.
"Upscaling sensible heat fluxes with area-to-area regression kriging." I[EEE
Geoscience and Remote Sensing Letters 12 (3):656-660.

Ge, Yong, Yongze Song, Jinfeng Wang, Wei Liu, Zhoupeng Ren, Junhuan Peng, and Binbin
Lu. 2016. "Geographically weighted regression-based determinants of malaria
incidences in northern China." Transactions in GIS.

Ge, Yong, Yongze Song, Jinfeng Wang, Wei Liu, Zhoupeng Ren, Junhuan Peng, and Binbin
Lu. 2017. "Geographically weighted regression-based determinants of malaria
incidences in northern China." Transactions in GIS 21 (5):934-953.

Ge, Yong, Yongzhao Wei, Yongze Song, Tianjun Wu, Alfred Stein, Xian Guo, Chenghu
Zhou, and Jianghong Ma. 2017. "A WTLS-based rational function model for
orthorectification of remote-sensing imagery." [International Journal of Remote
Sensing 38 (23):7281-7301.

Ge, Yong, Yue Yuan, Shan Hu, Zhoupeng Ren, and Yijin Wu. 2017. "Space—time variability
analysis of poverty alleviation performance in China’s poverty-stricken areas."
Spatial Statistics.

Geiger, Andreas, Joachim Benner, and Karl Heinz Haefele. 2015. Generalization of 3D IFC
Building Models. Heidelberger Platz 3, D-14197 Berlin, Germany: Springer-Verlag
Berlin.

Gil, Jorge, Jose Beirao, Nuno Montenegro, and Jose Duarte. 2010. Assessing Computational
Tools for Urban Design Towards a "city information model". Dept Architecture Sint-
Lucas Brussels-Ghent, Hogeschool Voor Wetenschap & Kunst, Paleizenstraat 65,
Brussels, 1030, Belgium: Ecaade-Education & Research Computer Aided
Architectural Design Europe.

162



Gilligan, Brian, and John Kunz. 2007. "VDC use in 2007: Significant value, dramatic growth,
and apparent business opportunity." 7R171 36.

Gocer, Ozgur, Ying Hua, and Kenan Gocer. 2015. "Completing the missing link in building
design process: Enhancing post-occupancy evaluation method for effective feedback
for building performance." Building And Environment 89:14-27. doi:
10.1016/j.buildenv.2015.02.011.

Gocer, Ozgur, Ying Hua, and Kenan Gocer. 2016. "A BIM-GIS integrated pre-retrofit model
for building data mapping." Building Simulation 9:513-527. doi: 10.1007/s12273-
016-0293-4.

Godager, Bjorn. 2011. Analysis Of The Information Needs For Existing Buildings For
Integration In Modern Bim-Based Building Information Management. Sauletekio Al.
11, Vilnius-40, Lt-10233, Lithuania: Vilnius Gediminas Technical Univ Press,
Technika.

Goodchild, Michael F. 2010. "Twenty years of progress: GIScience in 2010." Journal of
spatial information science 2010 (1):3-20.

Goovaerts, Pierre. 2006. "Geostatistical analysis of disease data: accounting for spatial support
and population density in the isopleth mapping of cancer mortality risk using area-to-
point Poisson kriging." International Journal of Health Geographics 5 (1):52.

Goovaerts, Pierre. 2009. "Combining area-based and individual-level data in the geostatistical
mapping of late-stage cancer incidence." Spatial and spatio-temporal epidemiology
1(1):61-71.

Government of Western Australia, Road Safety Commission, , . 2015. Wheatbelt Highway
Safety Review, Summary Report. Western Australia.

Griffinger, K, C Gertner, Hans Kramar, R Kalasek, N Pichler-milanovic, and E Meijers. 2016.
Smart cities: ranking of European medium-sized cities. Vienna University of
Technology (2007).

Griffith, Carl. 1980. "Geographic information systems and environmental impact assessment."
Environmental Management 4 (1):21-25.

Grimm, Nancy B, Stanley H Faeth, Nancy E Golubiewski, Charles L Redman, Jianguo Wu,
Xuemei Bai, and John M Briggs. 2008. "Global change and the ecology of cities."
science 319 (5864):756-760.

Groger, Gerhard, and Lutz Pliimer. 2012. "CityGML—Interoperable semantic 3D city models."
ISPRS Journal of Photogrammetry and Remote Sensing 71:12-33.

Gruen, A, X Huang, R Qin, T Du, W Fang, J Boavida, and A Oliveira. 2014. "Joint Processing
of UAV Imagery and Terrestrial MMS Data for very high Resolution 3D City
Modeling. GIS." Science 27 (1):10-20.

Gu, Fan, Yuqing Zhang, Xue Luo, Hakan Sahin, and Robert L. Lytton. 2017. "Characterization
and prediction of permanent deformation properties of unbound granular materials for
Pavement ME Design." Construction and Building Materials 155:584-592.

Guide, Traffic Monitoring. 2012. Federal Highway Administration (FHWA). US Department
of Transportation.

Hackney, Jeremy K, Michael Bernard, Sumit Bindra, and Kay W Axhausen. 2007. "Predicting
road system speeds using spatial structure variables and network characteristics."
Journal of Geographical Systems 9 (4):397-417.

Haining, Robert P. 2003. Spatial data analysis: theory and practice: Cambridge University
Press.

Ham, Nam-Hyuk, Kyung-Min Min, Ju-Hyung Kim, Yoon-Sun Lee, and Jae-Jun Kim. 2008.
"A study on application of bim (building information modeling) to pre-design in
construction project." Convergence and Hybrid Information Technology, 2008.
ICCIT'08. Third International Conference on.

Hamidi, Behzad, Tanyel Bulbul, Annie Pearce, and Walid Thabet. 2014. "Potential application
of BIM in cost-benefit analysis of demolition waste management." Constr. Res.
Congr:279-288.

163



Hastie, Trevor J, and Robert J Tibshirani. 1990. Generalized additive models. Vol. 43: CRC
press.

HE, Bai-zhou, and Zhi-qian Zhang. 2016. "The Development for Contract Management
System of BIM Technology in China." Journal of Engineering Management 1:008.

He, J,J Liu, S Xu, C Wu, and J Zhang. 2015. 4 Gis-Based Cultural Heritage Study Framework
On Continuous Scales: A Case Study On 19th Century Military Industrial Heritage.
Bahnhofsalle le, Gottingen, 37081, Germany: Copernicus Gesellschaft Mbh.

Hedgebeth, Darius. 2007. "Data-driven decision making for the enterprise: an overview of
business intelligence applications." Vine 37 (4):414-420.

Heuvelink, Gerard BM. 1998. "Uncertainty analysis in environmental modelling under a
change of spatial scale." Nutrient cycling in Agroecosystems 50 (1-3):255-264.

Hijazi, I, M Ehlers, and S Zlatanova. 2010. BIM For Geo-Analysis (Bim4geoa): Set Up of 3D
Information System With Open Source Software And Open Specification (Os).
Bahnhofsalle le, Gottingen, 37081, Germany: Copernicus Gesellschaft Mbh.

Hijazi, Thab, Manfred Ehlers, Sisi Zlatanova, Thomas Becker, and Leon van Berlo. 2010.
Initial Investigations For Modeling Interior Utilities Within 3D Geo Context:
Transforming Ifc-Interior Utility To Citygml/Utilitynetworkade. Bahnhofsalle le,
Gottingen, 37081, Germany: Copernicus Gesellschaft Mbh.

Hjelseth, E, and T K Thiis. 2009. Use of BIM and GIS to enable climatic adaptations of
buildings. 6000 Broken Sound Parkway NW, STE 300, Boca Raton, FL 33487-2742
USA: CRC Press-Taylor & Francis Group.

Ho, Tin Kam. 1995. "Random decision forests." Document analysis and recognition, 1995.,
proceedings of the third international conference on.

Ho, William. 2008. "Integrated analytic hierarchy process and its applications—A literature
review." European Journal of operational research 186 (1):211-228.

Hoerl, Arthur E, and Robert W Kennard. 1970. "Ridge regression: Biased estimation for
nonorthogonal problems." Technometrics 12 (1):55-67.

Hoéjer, Mattias, and Josefin Wangel. 2015. "Smart sustainable cities: definition and
challenges." In ICT innovations for sustainability, 333-349. Springer.

Hong, Sung-Eon. 2016. "Boundary Line Extraction of Forest Land for Cadastral Resurvey
Using UAV and GIS." Indian Journal of Science and Technology 9 (41).

Hor, A-H., A Jadidi, and G Sohn. 2016. BIM-GIS Integrated Geospatial Information Model
Using Semantic Web And Rdf Graphs. Bahnhofsalle 1e, Gottingen, 37081, Germany:
Copernicus Gesellschaft MBH.

Hu, Kai, Min Chen, Sheng-Xin Duan, Yan Teng, and Yong-Bo Peng. 2016. Research on
Management System of Disaster Prevention and Relief Based on Building Information
Modeling. 345 E 47th St, New York, NY 10017 USA: IEEE.

Huang, Bo, Bo Wu, and Michael Barry. 2010. "Geographically and temporally weighted
regression for modeling spatio-temporal variation in house prices." [International
Journal of Geographical Information Science 24 (3):383-401.

Hwang, Ching-Lai, and Kwangsun Yoon. 1981. "Methods for multiple attribute decision
making." In Multiple attribute decision making, 58-191. Springer.

Hwang, Jung-Rae, Chang-Hee Hong, and Hyun-Sang Choi. 2013. Implementation of
Prototype for Interoperability between BIM and GIS. 345 E 47th St, New York, NY
10017 USA: IEEE.

ladanza, Ernesto, Beatrice Turillazzi, Filippo Terzaghi, Luca Marzi, Andrea Giuntini, and
Rizal Sebastian. 2015. The STREAMER European Project. Case Study: Careggi
Hospital in Florence. Heidelberger PLATZ 3, D-14197 Berlin, Germany: Springer-
Verlag Berlin.

Ikerd, Will. 2010. "Who’s Using BIM, Trends and drivers affecting structural engineers."
Structural Engineering & Design, April.

International Organization of Motor Vehicle Manufacturers. 2018. "2017 Global statistics of
vehicles in use."

164



Irizarry, Javier, Ebrahim P. Karan, and Farzad Jalaei. 2013. "Integrating BIM and GIS to
improve the visual monitoring of construction supply chain management."
Automation in Construction 31:241-254. doi: 10.1016/j.autcon.2012.12.005.

Ishizaka, Alessio, and Ashraf Labib. 2011. "Review of the main developments in the analytic
hierarchy process." Expert systems with applications 38 (11):14336-14345.

Isikdag, U. 2015. BIM and IoT: A Synopsis from GIS Perspective. Bahnhofsalle 1e, Gottingen,
37081, Germany: Copernicus Gesellschaft MBH.

Isikdag, U, S Zlatanova, and J Underwood. 2012. An opportunity analysis on the future role
of BIMs in urban data management. 6000 Broken Sound Parkway NW, STE 300,
Boca Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Isikdag, U, S Zlatanova, and J Underwood. 2013. "A BIM-Oriented Model for supporting
indoor navigation requirements." Computers, Environment and Urban Systems
41:112-123. doi: 10.1016/j.compenvurbsys.2013.05.001.

Isikdag, Umit, Jason Underwood, and Ghassan Aouad. 2008. "An investigation into the
applicability of building information models in geospatial environment in support of
site selection and fire response management processes." Advanced engineering
informatics 22 (4):504-519.

Islam, Sababa. 2016. "Estimation of Annual Average Daily Traffic (AADT) and missing
hourly volume using artificial intelligence." Clemson University.

Jain, Sourabh, SS Jain, and Gaurav V Jain. 2017. "Artificial Neural Network Based
Development of Pavement Depreciation Models for Urban Roads." European Journal
of Advances in Engineering and Technology 4 (5):343-351.

Jangra, Priyanka, Silvi Thakral, Sushma Pachar, and Deepak Kumar. 2013. "Geographic
Information System (GIS)." International Journal of Science, Engineering and
Computer Technology 3 (1):152.

Jebur, Mustafa Neamah, Biswajeet Pradhan, and Mahyat Shafapour Tehrany. 2014.
"Optimization of landslide conditioning factors using very high-resolution airborne
laser scanning (LiDAR) data at catchment scale." Remote Sensing of Environment
152:150-165.

Jelinski, Dennis E, and Jianguo Wu. 1996. "The modifiable areal unit problem and
implications for landscape ecology." Landscape ecology 11 (3):129-140.

Jelokhani-Niaraki, Mohammadreza, and Jacek Malczewski. 2015. "The decision task
complexity and information acquisition strategies in GIS-MCDA." [International
Journal of Geographical Information Science 29 (2):327-344.

Jia, Guangyin, and Kaiju Liao. 2017. 3D Modeling Based on CityEngine. 2 Huntington
Quadrangle, Ste Inol, Melville, NY 11747-4501 USA: Amer Inst Physics.

Jiang, Hong, and J Ronald Eastman. 2000. "Application of fuzzy measures in multi-criteria
evaluation in GIS." [International Journal of Geographical Information Science 14

(2):173-184.
Jiang, Zhuojun, Mark R McCord, and Prem K Goel. 2006. "Improved AADT estimation by
combining information in image-and ground-based traffic data." Journal of

transportation engineering 132 (7):523-530.

Johnston, Kevin, Jay M Ver Hoef, Konstantin Krivoruchko, and Neil Lucas. 2001. Using
ArcGlIS geostatistical analyst. Vol. 380: Esri Redlands.

Johnston, RM, SJ Barry, E Bleys, Elisabeth N Bui, CJ Moran, DAP Simon, P Carlile, NJ
McKenzie, BL Henderson, and G Chapman. 2003. "ASRIS: the database." Soil
Research 41 (6):1021-1036.

Jones, David A, William Wang, and Robert Fawcett. 2009. "High-quality spatial climate data-
sets for Australia." Australian Meteorological and Oceanographic Journal 58
(4):233.

Ju, Hongrun, Zengxiang Zhang, Lijun Zuo, Jinfeng Wang, Shengrui Zhang, Xiao Wang, and
Xiaoli Zhao. 2016. "Driving forces and their interactions of built-up land expansion
based on the geographical detector—a case study of Beijing, China." International
Journal of Geographical Information Science 30 (11):2188-2207.

165



Kahraman, Cengiz, Ufuk Cebeci, and Ziya Ulukan. 2003. "Multi-criteria supplier selection
using fuzzy AHP." Logistics information management 16 (6):382-394.

Kang, Jian, Xin Li, Rui Jin, Yong Ge, Jinfeng Wang, and Jianghao Wang. 2014. "Hybrid
optimal design of the eco-hydrological wireless sensor network in the middle reach of
the Heihe River Basin, China." Sensors 14 (10):19095-19114.

Kang, Tae Wook, and Chang Hee Hong. 2015. "A study on software architecture for effective
BIM/GIS-based facility management data integration." Automation in Construction
54:25-38. doi: 10.1016/j.autcon.2015.03.019.

Karan, E P, and J Irizarry. 2015. "Extending BIM interoperability to preconstruction
operations using geospatial analyses and semantic web services." Automation in
Construction 53:1-12. doi: 10.1016/j.autcon.2015.02.012.

Karan, E P, J Irizarry, and J Haymaker. 2016. "BIM and GIS Integration and Interoperability
Based on Semantic Web Technology." Journal of Computing in Civil Engineering
30. doi: 10.1061/(ASCE)CP.1943-5487.0000519.

Kari, Szabolcs, Laszlo Lellei, Attila Gyulai, Andras Sik, and Miklos Marton Riedel. 2016.
BIM to GIS and GIS to BIM. Muegyetem Rkp 3, Budapest, H-1111, Hungary:
Budapest Univ Technol & Econ, Fac Architecture.

Karimi, Hassan A. 2013. Advanced location-based technologies and services: CRC Press.

Kassebaum, Nicholas J, Ryan M Barber, Zulfigar A Bhutta, Lalit Dandona, Peter W Gething,
Simon I Hay, Yohannes Kinfu, Heidi J Larson, Xiaofeng Liang, and Stephen S Lim.
2016. "Global, regional, and national levels of maternal mortality, 1990-2015: a
systematic analysis for the Global Burden of Disease Study 2015." The Lancet 388
(10053):1775.

Kaya, Tolga, and Cengiz Kahraman. 2010. "Multicriteria renewable energy planning using an
integrated fuzzy VIKOR & AHP methodology: The case of Istanbul." Energy 35
(6):2517-2527.

Keese, KE, BR Scanlon, and RC Reedy. 2005. "Assessing controls on diffuse groundwater
recharge using unsaturated flow modeling." Water Resources Research 41 (6).

Kennedy, Christopher K, Arthur E Young, and Ian C Butler. 1990. "Measurement of skidding
resistance and surface texture and the use of results in the United Kingdom." In
Surface Characteristics of Roadways: International Research and Technologies.
ASTM International.

Khanzode, Atul, Martin Fischer, and Dean Reed. 2008. "Benefits and lessons learned of
implementing building virtual design and construction (VDC) technologies for
coordination of mechanical, electrical, and plumbing (MEP) systems on a large
healthcare project." Journal of Information Technology in Construction (ITcon) 13
(22):324-342.

Kim, Doo-Hwan, Byung-Ju Ahn, Ju-Hyung Kim, and Jae-Jun Kim. 2009. The Strategic
Approach Using SWOT Analysis to Develop an Intelligent Program Management
Information System(iPMIS) for Urban Renewal Projects. 345 E 47th St, New York,
NY 10017 USA: IEEE.

Kim, J I, B Koo, S Suh, and W Suh. 2016. "Integration of BIM and GIS for formal
representation of walkability for safe routes to school programs." KSCE Journal of
Civil Engineering 20:1669-1675. doi: 10.1007/s12205-015-0791-4.

Kincal, Cem, Zhenhong Li, Jane Drummond, Peng Liu, Trevor Hoey, and Jan-Peter Muller.
2017. "Landslide Susceptibility Mapping Using GIS-based Vector Grid File (VGF)
Validating with InSAR Techniques: Three Gorges, Yangtze River (China)."

Kneib, Thomas, Torsten Hothorn, and Gerhard Tutz. 2009. "Variable selection and model
choice in geoadditive regression models." Biometrics 65 (2):626-634.

Kohonen, Teuvo. 1990. "The self-organizing map." Proceedings of the IEEE 78 (9):1464-
1480.

Kramers, Anna, Mattias Hojer, Nina Ldvehagen, and Josefin Wangel. 2014. "Smart
sustainable cities—Exploring ICT solutions for reduced energy use in cities."
Environmental modelling & software 56:52-62.

166



Kritikos, Theodosios RH, and Timothy RH Davies. 2011. "GIS-based Multi-Criteria Decision
Analysis for landslide susceptibility mapping at northern Evia, Greece [GIS-basierte
multikriterielle Entscheidungsanalysen zur Kartierung von
Massenverlagerungspotenzialen im nordlichen Evia, Griechenland.]." Zeitschrift der
Deutschen Gesellschaft fiir Geowissenschaften 162 (4):421-434.

Kulldorff, Martin. 1997. "A spatial scan statistic." Communications in Statistics-Theory and
methods 26 (6):1481-1496.

Kumar, S. S., and J. C. P. Cheng. 2015. "A BIM-based automated site layout planning
framework for congested construction sites." Automation in Construction 59:24-37.
doi: 10.1016/j.autcon.2015.07.008.

Kunchev, Ivan. 2016. Internet GIS for Central Balkan National Park. 1, Chr Smirnenski Blvd,
Sofia, 1046, Bulgaria: Bulgarian Cartographic Assoc.

Laiserin, J. 2003. "The BIM Page." The Laiserin Letter.[unreliable source.

Lapierre, A, and P Cote. 2008. Using Open Web Services for urban data management: A
testbed resulting from an OGC initiative for offering standard CAD/GIS/BIM services.
11 NEW Fetter Lane, London EC4P 4EE, England: Taylor & Francis Ltd.

Laurance, William F, Gopalasamy Reuben Clements, Sean Sloan, Christine S O'connell,
Nathan D Mueller, Miriam Goosem, Oscar Venter, David P Edwards, Ben Phalan,
and Andrew Balmford. 2014. "A global strategy for road building." Nature 513
(7517):229.

Lee, A, S Wu, AJ Marshall-Ponting, G Aouad, R Cooper, JHM Tah, C Abbott, and PS Barrett.
2005. "nD modelling road map: A vision for nD-enabled construction."

Lee, K Wayne, and Wendy L Peckham. 1990. "Assessment of Damage Caused to Pavements
by Heavy Trucks in New England." Transportation Research Record (1286).

Lee, Shyue Leong, Mohammad Abdul Mannan, and Wan Hashim Wan Ibrahim. 2018.
"Polishing resistance of polymer concrete pavement using limestone aggregate."
International Journal of Pavement Engineering:1-9.

Lek, Sovan, and Jean-Francois Guégan. 1999. "Artificial neural networks as a tool in
ecological modelling, an introduction." Ecological modelling 120 (2-3):65-73.

Lella, Adam, Andrew Lipsman, and Ben Martin. 2015. "The 2015 US mobile app report."
ComScore.  E-kirja,  saatavissa  yritykseltd:  https://www/. comscore.
com/Insights/Presentations-and-Whitepapers/2015/The-2015-US-Mobile-App-
Report.

Li, By Qiang, Leslie Mills, and Sue McNeil. 2011. The implications of climate change on
pavement performance and design: University of Delaware University Transportation
Center.

Li, Jin, and Andrew D Heap. 2014. "Spatial interpolation methods applied in the
environmental sciences: A review." Environmental Modelling & Software 53:173-
189.

Li, Lin, Feng Luo, Haihong Zhu, Shen Ying, and Zhigang Zhao. 2016. "A two-level
topological model for 3D features in CityGML." Computers Environment And Urban
Systems 59:11-24. doi: 10.1016/j.compenvurbsys.2016.04.007.

Li, Shuai, Hubo Cai, and Vineet R Kamat. 2016. "Integrating Natural Language Processing
and Spatial Reasoning for Utility Compliance Checking." Journal Of Construction
Engineering And Management 142. doi: 10.1061/(ASCE)C0.1943-7862.0001199.

Li, Xia, and Xiaoping Liu. 2007. "Case-based cellular automaton for simulating urban
development in a large complex region." Acta Geographica Sinica-Chinese Edition-
62 (10):1097.

Liao, Yilan, Jinfeng Wang, Wei Du, Bingbo Gao, Xin Liu, Gong Chen, Xinming Song, and
Xiaoying Zheng. 2017. "Using spatial analysis to understand the spatial heterogeneity
of disability employment in China." Transactions in GIS 21 (4):647-660.

Liaw, Andy, and Matthew Wiener. 2002. "Classification and regression by randomForest." R
news 2 (3):18-22.

167



Lin, Hui, and Jianhua Gong. 2001. "Exploring virtual geographic environments." Geographic
Information Sciences 7 (1):1-7.

Lin, Wuguang, Yoon-ho Cho, and In Tai Kim. 2016. "Development of deflection prediction
model for concrete block pavement considering the block shapes and construction
patterns." Advances in Materials Science and Engineering 2016.

Lin, Ya-Hong, Yu-Shen Liu, Ge Gao, Xiao-Guang Han, Cheng-Yuan Lai, and Ming Gu. 2013.
"The IFC-based path planning for 3D indoor spaces." Advanced Engineering
Informatics 27 (2):189-205.

Liu, Hao, Ruoming Shi, Ling Zhu, and Changfeng Jing. 2014. Conversion Of Model File
Information From IFC To GML. 345 E 47th St, New York, NY 10017 USA: IEEE.

Liu, X., X. Y. Wang, G. Wright, J. C. P. Cheng, X. Li, and R. Liu. 2017. "A State-of-the-Art
Review on the Integration of Building Information Modeling (BIM) and Geographic
Information System (GIS)." ISPRS International Journal of Geo-Information 6
(2):53. doi: ARTN 53

Liu, XH, Phaedon C Kyriakidis, and Michael F Goodchild. 2008. "Population-density
estimation using regression and area-to-point residual kriging." International Journal
of geographical information science 22 (4):431-447.

Liu, Zhen, Mohamed Osniani, Peter Demian, and Andrew Baldwin. 2015. "A BIM-aided
construction waste minimisation framework." Automation In Construction 59:1-23.
doi: 10.1016/j.autcon.2015.07.020.

Lowry, Michael. 2014. "Spatial interpolation of traffic counts based on origin—destination
centrality." Journal of Transport Geography 36:98-105.

Lu, Qiqi, Jongsung Won, and Jack C. P. Cheng. 2016a. "A financial decision making
framework for construction projects based on 5D Building Information Modeling
(BIM)."  International Journal of Project Management 34 (1):3-21. doi:
http://dx.doi.org/10.1016/i.ijproman.2015.09.004.

Lu, Qiqi, Jongsung Won, and Jack CP Cheng. 2016b. "A financial decision making framework
for construction projects based on 5D Building Information Modeling (BIM)."
International Journal of Project Management 34 (1):3-21.

Lukanen, Erland O, Richard Stubstad, and Robert Briggs. 2000. Temperature predictions and
adjustment factors for asphalt pavement.

Lyu, Hai-Min, Guo-Fu Wang, Jack Shuilong Shen, Lin-Hai Lu, and Guo-Quan Wang. 2016.
"Analysis and GIS Mapping of Flooding Hazards on 10 May 2016, Guangzhou,
China." WATER 8. doi: 10.3390/w8100447.

Ma, Zhiliang, and Yuan Ren. 2017. "Integrated Application of BIM and GIS: An Overview."
Procedia Engineering 196:1072-1079.

MacEachren, Alan M, Monica Wachowicz, Robert Edsall, Daniel Haug, and Raymon Masters.
1999. "Constructing knowledge from multivariate spatiotemporal data: integrating
geographical visualization with knowledge discovery in database methods."
International Journal of Geographical Information Science 13 (4):311-334.

Main Roads Western Australia. 1996. Road Maintenance: Issues and Directions. Perth,
Western Australia.

Main Roads Western Australia. 2015. Main Roads Western Australia - Annual Report 2015.

Main Roads Western Australia. 2016a. Prime Mover, Trailer Combinations - Vehicle
Categories, RAV 2016.

Main Roads Western Australia. 2016b. "Restricted Access Vehicle Networks MRWA."
https://catalogue.data.wa.gov.au/dataset/restricted-access-vehicle-networks-mrwa
(Accessed on August 2016).

Main Roads Western Australia. 2017a. Calibration Of Falling Weight Deflectometers,
Calibration Method WA 2060.5.

Main Roads  Western  Australia. 2017b.  "Falling Weight Deflectometer."
https://www.mainroads.wa.gov.au/BuildingRoads/StandardsTechnical/MaterialsEng
ineering/Pages/Falling Weight Deflectometer.aspx (Accessed on Jan 2018).

168



Main Roads Western Australia. 2017c. Heavy Vehicle Services - Standard Restricted Access
Vehicle (Rav) Route Assessment Guidelines.
Main Roads Western Australia. 2017d. "Legal Speed Limit (MRWA-520)."

https://catalogue.data.wa.gov.au/dataset/rivn-legal-speed-limit (Accessed on
December 2017).

Main Roads Western Australia. 2017e. "Prime Mover Trailer Combinations and Truck Trailer
Combinations."

https://www.mainroads.wa.gov.au/UsingRoads/HeavyVehicles/notices/Pages/default
.aspx (Accessed on August 2016).

Main Roads Western Australia. 2018a. "Road Network in Western Australia (MRWA-514)."
https://catalogue.data.wa.gov.au/dataset/ntwk-iris-road-network (Accessed on 16 July
2018).

Main Roads  Western  Australia.  2018b.  "Traffic = Digest (MRWA-507)."
https://catalogue.data.wa.gov.au/dataset/trff-traffic-digest (Accessed on 16 July
2018).

Malczewski, Jacek. 2006. "GIS-based multicriteria decision analysis: a survey of the
literature." International journal of geographical information science 20 (7):703-726.

Malczewski, Jacek, and Claus Rinner. 2005. "Exploring multicriteria decision strategies in
GIS with linguistic quantifiers: A case study of residential quality evaluation.”
Journal of Geographical Systems 7 (2):249-268.

Mandinach, Ellen B. 2012. "A perfect time for data use: Using data-driven decision making to
inform practice." Educational Psychologist 47 (2):71-85.

Marcelino, Pedro, Maria de Lurdes Antunes, and Eduardo Fortunato. 2018. "Comprehensive
performance indicators for road pavement condition assessment." Structure and
Infrastructure Engineering:1-13.

Marquaridt, Donald W. 1970. "Generalized inverses, ridge regression, biased linear
estimation, and nonlinear estimation." Technometrics 12 (3):591-612.

Marshall, Roger J. 1991. "A review of methods for the statistical analysis of spatial patterns
of disease." Journal of the Royal Statistical Society. Series A (Statistics in
Society):421-441.

Martin, Blanca A. Ceballos. 2016. "R Package FuzzyMCDM: Multi-Criteria Decision Making
Methods for Fuzzy Data." https://cran.r-
project.org/web/packages/FuzzyMCDM/index.html.

Marzolff, I, and Jean Poesen. 2009. "The potential of 3D gully monitoring with GIS using
high-resolution aerial photography and a digital photogrammetry system."
Geomorphology 111 (1):48-60.

McCord, Mark, Prem Goel, Zhuojun Jiang, Benjamin Coifman, Yongliang Yang, and Carolyn
Merry. 2002. "Improving AADT and VDT estimation with high-resolution satellite
imagery." Proceedings of the Pecora 15/Land Satellite Information IV Symposium
2002.

McDonald, Robert I, Pamela Green, Deborah Balk, Balazs M Fekete, Carmen Revenga,
Megan Todd, and Mark Montgomery. 2011. "Urban growth, climate change, and
freshwater availability." Proceedings of the National Academy of Sciences 108
(15):6312-6317.

McLeod, Al, Ying Zhang, Changjiang Xu, and Maintainer Al McLeod. 2013. "Package
‘FitAR’."

McMillen, Daniel P. 2004. Geographically weighted regression: the analysis of spatially
varying relationships. Oxford University Press.

Melvin, April M, Peter Larsen, Brent Boehlert, James E Neumann, Paul Chinowsky, Xavier
Espinet, Jeremy Martinich, Matthew S Baumann, Lisa Rennels, and Alexandra
Bothner. 2017. "Climate change damages to Alaska public infrastructure and the
economics of proactive adaptation." Proceedings of the National Academy of
Sciences 114 (2):E122-E131.

169



Mezzino, Davide. 2014. The digitalization of Cultural Heritage's tangible & intangible
dimensions. Piazza Santa Maria Degli Angeli, 1, Napoli, 80132, Italy: Scuola Pitagora
Editrice.

Mignard, Clement, Gilles Gesquiere, and Christophe Nicolle. 2011. Interoperability Between
GIS And BIM A Semantic-based Multi-representation Approach. Avenida D Manuel
L, 27a 2 Esquerdo, Setubal, 2910-595, Portugal: Insticc-Inst Syst Technologies
Information Control & Communication.

Mignard, Clement, and Christophe Nicolle. 2014. "Merging BIM and GIS using ontologies
application to urban facility management in ACTIVe3D." Computers In Industry
65:1276-1290. doi: 10.1016/j.compind.2014.07.008.

Mijic, Nikolina, Maksim Sestic, and Marko Koljancic. 2017. CAD-GIS BIM Integration-Case
Study of Banja Luka City Center. Gewerbestrasse 11, Cham, Ch-6330, Switzerland:
Springer Int Publishing Ag.

Min, Jing, Liping Fu, Taimur Usman, and Zhongchao Tan. 2016. "Does Winter Road
Maintenance Help Reduce Air Emissions and Fuel Consumption?" Transportation
Research Board 95th Annual Meeting.

Ministry of Environmental Protection of the People's Republic of China. 2017. "Ministry of
Environmental  Protection of the People's Republic of  China."
http://datacenter.mep.gov.cn/index.

Miura, Hidetoshi. 2010. "A study of travel time prediction using universal kriging." Top 18
(1):257-270.

Miyasaka, Takafumi, Toshiya Okuro, Xueyong Zhao, and Kazuhiko Takeuchi. 2016.
"Classification of land use on sand-dune topography by object-based analysis, digital
photogrammetry, and GIS analysis in the Horqin Sandy Land, China." Environments
3(3):17.

Mndawe, MB, JM Ndambuki, WK Kupolati, and AA Badejo. 2015. "Assessment of the effects
of climate change on the performance of pavement subgrade." Afirican Journal of
Science, Technology, Innovation and Development 7 (2):111-115.

Mohd Hasan, Mohd Rosli, Jacob E Hiller, and Zhanping You. 2016. "Effects of mean annual
temperature and mean annual precipitation on the performance of flexible pavement
using ME design." International Journal of Pavement Engineering 17 (7):647-658.

Molla, Mohammad M, Matthew L Stone, and Eunsu Lee. 2014. Geostatistical Approach to
Detect Traffic Accident Hot Spots and Clusters in North Dakota.

Mollalo, A, and E Khodabandehloo. 2016. "Zoonotic cutaneous leishmaniasis in northeastern
Iran: a GIS-based spatio-temporal multi-criteria decision-making approach."
Epidemiology & Infection 144 (10):2217-2229.

Monobe, K, and S Kubota. 2010. 4 proposal of 3D product data model and its application
system for civil infrastructure. AG701, Chung Sze Yuen Bldg, Hung Hom, Kowloon,
Hong Kong 00000, Peoples R China: Hong Kong Polytechnic Univ, Fac Construction
& Environment.

Moss, Richard, W Babiker, Sander Brinkman, Eduardo Calvo, Tim Carter, Jaec Edmonds,
Ismail Elgizouli, Seita Emori, Lin Erda, and Kathy Hibbard. 2008. Towards New
Scenarios for the Analysis of Emissions: Climate Change, Impacts and Response
Strategies. Intergovernmental Panel on Climate Change Secretariat (IPCC).

Moss, Richard H, Jae A Edmonds, Kathy A Hibbard, Martin R Manning, Steven K Rose,
Detlef P Van Vuuren, Timothy R Carter, Seita Emori, Mikiko Kainuma, and Tom
Kram. 2010. "The next generation of scenarios for climate change research and
assessment." Nature 463 (7282):747.

Mullin, Anthony, Juanyu Liu, and Robert McHattie. 2014. "Field evaluation of crack sealing
of AC pavements in Alaska." In Climatic Effects on Pavement and Geotechnical
Infrastructure, 39-51.

Musliman, Ivin Amri, Alias Abdul-Rahman, and Volker Coors. 2010. Incorporating 3d
Spatial Operator With Building Information Models In Construction Management

170



Using Geo-Dbms. Bahnhofsalle le, Gottingen, 37081, Germany: Copernicus
Gesellschaft MBH.

Nakicenovic, Nebojsa, Joseph Alcamo, A Grubler, K Riahi, RA Roehrl, H-H Rogner, and N
Victor. 2000. Special Report on Emissions Scenarios (SRES), A Special Report of
Working Group Il of the Intergovernmental Panel on Climate Change: Cambridge
University Press.

NASA. 2016a. "Global Space Flight Center MODIS Level 1 and Atmosphere Archive and
Distribution System Web (LAADS Web). ." http://ladsweb.nascom.nasa.gov/.

NASA. 2016b. "Gridded Population of  the World (GPW), v4."
http://beta.sedac.ciesin.columbia.edu/data/set/gpw-v4-population-count-adjusted-to-
2015-unwpp-country-totals/data-download (Accessed on March 2016).

Nature Earth. 2017. "Nature Earth." http://www.naturalearthdata.com/.

Neumann, James E, Jason Price, Paul Chinowsky, Leonard Wright, Lindsay Ludwig, Richard
Streeter, Russell Jones, Joel B Smith, William Perkins, and Lesley Jantarasami. 2015.
"Climate change risks to US infrastructure: impacts on roads, bridges, coastal
development, and urban drainage." Climatic Change 131 (1):97-109.

Niu, Sanyuan, Wei Pan, and Yisong Zhao. 2015. A BIM-GIS Integrated Web-based
Visualization System for Low Energy Building Design. Sara Burgerhartstraat 25, Po
Box 211, 1000 Ae Amsterdam, Netherlands: Elsevier Science BV.

Noulas, Anastasios, Salvatore Scellato, Cecilia Mascolo, and Massimiliano Pontil. 2011. "An
empirical study of geographic user activity patterns in foursquare." ICwSM 11:70-

573.
Olatunji, Oluwole Alfred. 2014. "Views on building information modelling, procurement and
contract management."  Proceedings of the Institution of Civil Engineers-

Management, Procurement and Law 167 (3):117-126.

Opricovic, Serafim. 1998. "Multicriteria optimization of civil engineering systems." Faculty
of Civil Engineering, Belgrade 2 (1):5-21.

Opricovic, Serafim, and Gwo-Hshiung Tzeng. 2004. "Compromise solution by MCDM
methods: A comparative analysis of VIKOR and TOPSIS." European journal of
operational research 156 (2):445-455.

Pé4ez, Antonio, and Darren M Scott. 2005. "Spatial statistics for urban analysis: a review of
techniques with examples." GeoJournal 61 (1):53-67.

Pais, Jorge C, Sara IR Amorim, and Manuel JC Minhoto. 2013. "Impact of traffic overload on
road pavement performance." Journal of transportation Engineering 139 (9):873-
879.

Palenzuela, JA, M Marsella, C Nardinocchi, JL Pérez, T Fernandez, J Chacon, and C Irigaray.
2015. "Landslide detection and inventory by integrating LiDAR data in a GIS
environment." Landslides 12 (6):1035-1050.

Pardo-Iguzquiza, E, VF Rodriguez-Galiano, M Chica-Olmo, and Peter M Atkinson. 2011.
"Image fusion by spatially adaptive filtering using downscaling cokriging." ISPRS
Journal of Photogrammetry and Remote Sensing 66 (3):337-346.

Park, Soo-Hoon, and Eonyong Kim. 2016. "Middleware for Translating Urban GIS
Information for Building a Design Society Via General BIM Tools." Journal of Asian
Architecture and Building Engineering 15:447-454. doi: 10.3130/jaabe.15.447.

Pauwels, P, S Zhang, and Y.-C. Lee. 2017. "Semantic web technologies in AEC industry: A
literature  overview." Automation in  Construction  73:145-165. doi:
10.1016/j.autcon.2016.10.003.

Pavan, A, B Daniotti, F Re Cecconi, S Maltese, Sonia Lupica Spagnolo, Vittorio Caffi, Maria
Chiozzi, and Daniela Pasini. 2014. "INNOVance: Italian BIM database for
construction process management." In Computing in Civil and Building Engineering
(2014), 641-648.

Peng, Wu. 2010. "Reducing carbon emissions in precast concrete production through the lean
production philosophy."

171



Peng, Wu, and Low Sui Pheng. 2011a. "Lean and green: emerging issues in the construction
industry—a case study." 20-21 Sep 2011, EPPM, Singapore:85-96.

Peng, Wu, and Low Sui Pheng. 2011b. "Lean production, value chain and sustainability in
precast concrete factory—a case study in Singapore." Lean Construction Journal
2010:92-109.

Porkka, J, N Jung, J Paivanen, P Javaja, and S Suwal. 2012. Role of social media in the
development of land use and building projects. 6000 Broken Sound Parkway NW,
STE 300, Boca Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Potter, Douglas, R Hannay, P Cairney, and A Makarov. 1992. "Investigation of Car Users'
Perceptions of the Ride Quality of Roads." Road and transport research 1 (1):6-27.

Power, Daniel J. 2000. "Web-based and model-driven decision support systems: concepts and
issues." AMCIS 2000 Proceedings:387.

Power, Daniel J. 2008. "Understanding data-driven decision support systems." [Information
Systems Management 25 (2):149-154.

Power, Daniel J, and Ramesh Sharda. 2007. "Model-driven decision support systems:
Concepts and research directions." Decision Support Systems 43 (3):1044-1061.

Prasad, Anantha M, Louis R Iverson, and Andy Liaw. 2006. "Newer classification and
regression tree techniques: bagging and random forests for ecological prediction."
Ecosystems 9 (2):181-199.

Prasannakumar, V, H Vijith, R Charutha, and N Geetha. 2011. "Spatio-temporal clustering of
road accidents: GIS based analysis and assessment." Procedia-Social and Behavioral
Sciences 21:317-325.

Prasetiyowati, Sri Suryani, Mahmud Imrona, Izzatul Ummah, and Yuliant Sibaroni. 2016.
"Prediction of Public Transportation Occupation Based on Several Crowd Spots Using
Ordinary Kriging Method." Journal of Innovative Technology and Education 3
(1):93-104.

Priest, Angela L, and David H Timm. 2006. Methodology and Calibration of Fatigue Transfer
Functions for Mechanistic Empirical Flexible Pavement Design.

Qiao, Yaning, Gerardo Flintsch, Andrew Dawson, and Tony Parry. 2013. "Examining effects
of climatic factors on flexible pavement performance and service life."
Transportation Research Record: Journal of the Transportation Research Board
(2349):100-107.

Qiu, Bingwen, Canying Zeng, Zhenghong Tang, and Chongcheng Chen. 2013.
"Characterizing spatiotemporal non-stationarity in vegetation dynamics in China
using MODIS EVI dataset." Environmental monitoring and assessment 185
(11):9019-9035.

Redmond, A, B Fies, and A Zarli. 2015. Developing an integrated cloud platform for enabling
‘holistic energy management' in urban areas. 6000 Broken Sound Parkway NW, STE
300, Boca Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Ren, Zhoupeng, Yong Ge, Jinfeng Wang, Jingyao Mao, and Qi Zhang. 2017. "Understanding
the inconsistent relationships between socioeconomic factors and poverty incidence
across contiguous poverty-stricken regions in China: Multilevel modelling." Spatial
Statistics.

Rexer, Moritz, and Christian Hirt. 2014. "Comparison of free high resolution digital elevation
data sets (ASTER GDEM2, SRTM v2. 1/v4. 1) and validation against accurate heights
from the Australian National Gravity Database." Australian Journal of Earth Sciences
61 (2):213-226.

Rezaeian, Mohsen, and Lesley Pocock. 2012. "What do new advances in geographical
sciences and technologies offer global family medicine?" World Family Medicine
Journal: Incorporating the Middle East Journal of Family Medicine 10 (9):28-32.

RF, Tomlinson. 1969. "A geographic information system for regional planning." Journal of
Geography 78 (1):45-48.

172



Riaz, Zainab, M Arslan, Adnan K Kiani, and Salman Azhar. 2014. "CoSMoS: A BIM and
wireless sensor based integrated solution for worker safety in confined spaces."
Automation in construction 45:96-106.

Riaz, Zainab, David John Edwards, Erika Anneli Parn, Charles Shen, and Feniosky Pena-
Mora. 2017. "BIM and sensor-based data management system for construction safety
monitoring." Journal of Engineering, Design and Technology (just-accepted):00-00.

Romero, A, J L Izkara, A Mediavilla, I Prieto, and J Perez. 2016. Multiscale building
modelling and energy simulation support tools. 6000 Broken Sound Parkway NW,
STE 300, Boca Raton, FL 33487-2742 USA: CRC Press-Taylor & Francis Group.

Ronzino, Amos, Anna Osello, Edoardo Patti, Lorenzo Bottaccioli, Chiara Danna, Andrea
Lingua, Andrea Acquaviva, Enrico Macii, Michelangelo Grosso, Gianluca Messina,
and Gaetano Rascona. 2015. The energy efficiency management at urban scale by
means of integrated modelling. Sara Burgerhartstraat 25, Po Box 211, 1000 Ae
Amsterdam, Netherlands: Elsevier Science BV.

Rossi, Riccardo, Massimiliano Gastaldi, and Gregorio Gecchele. 2014. "Comparison of
clustering methods for road group identification in FHWA traffic monitoring
approach: Effects on AADT estimates." Journal of Transportation Engineering 140
(7):04014025.

Roy, Bernard. 1968. "Classement et choix en présence de points de vue multiples." Revue
franjaise d'informatique et de recherche opérationnelle 2 (8):57-75.

Roy, Bernard. 1978. "ELECTRE III: Un algorithme de classement fondé sur une
représentation floue des préférences en présence de critéres multiples." Cahiers du
CERO 20 (1):3-24.

Roy, Bernard, and Patrice Bertier. 1973. "La Méthode ELECTRE II(Une application au
média-planning...)."

Roy, Berthier, and Patrice Bertier. 1971. La méthode ELECTRE II: une méthode de classement
en prédence de critéres multiples.

Rua, Helena, Ana Paula Falcao, and Ana Filipa Roxo. 2013. Digital Models - Proposal for the
Interactive Representation of Urban Centres The downtown Lisbon City Engine
model. Dept Architecture Sint-Lucas Brussels-Ghent, Hogeschool Voor Wetenschap
& Kunst, Paleizenstraat 65, Brussels, 1030, Belgium: Ecaade-Education & Research
Computer Aided Architectural Design Europe.

Ryu, Jungrim, and Seungyeon Choo. 2015. A Development Direction Of A New Archi-Urban
Integration Model For Utilizing Spatial Information. Chinese Univ Hong Kong, Dept
Architecture, Shatin N T,, Hong Kong, 00000, Peoples R China: Caadria-Assoc
Computer-Aided Architectural Design Research Asia.

Ryzynski, Grzegorz, and Tomasz Nalecz. 2016. Engineering-Geological Data Model - The
First Step to Build National Polish Standard for Multilevel Information Management.
Dirac House, Temple Back, Bristol Bs1 6be, England: Iop Publishing Ltd.

Saaty, Thomas L. 2008. "Decision making with the analytic hierarchy process." International
journal of services sciences 1 (1):83-98.

Saaty, Thomas L. 2013. "Analytic hierarchy process." In Encyclopedia of operations research
and management science, 52-64. Springer.

Saaty, Thomas L, and How To Make A Decision. 1990. "The analytic hierarchy process."
European Journal of Operational Research 48:9-26.

Sakia, RM. 1992. "The Box-Cox transformation technique: a review." The statistician:169-
178.

Salimzadeh, Negar, Seyed Amirhosain Sharif, and Amin Hammad. 2016. Visualizing and
Analyzing Urban Energy Consumption: A Critical Review and Case Study. United
Engineering Center, 345 E 47th St, New York, Ny 10017-2398 Usa: Amer Soc Civil
Engineers.

Salour, Farhad, and Sigurdur Erlingsson. 2013. "Investigation of a pavement structural
behaviour during spring thaw using falling weight deflectometer." Road Materials
and Pavement Design 14 (1):141-158.

173



Sanchez-Lozano, Juan M, Jerénimo Teruel-Solano, Pedro L Soto-Elvira, and M Socorro
Garcia-Cascales. 2013. "Geographical Information Systems (GIS) and Multi-Criteria
Decision Making (MCDM) methods for the evaluation of solar farms locations: Case
study in south-eastern Spain." Renewable and Sustainable Energy Reviews 24:544-
556.

Sari, Yunita Dwi, and Muhammad Zarlis. 2018. "Data-driven Modelling for decision making
under uncertainty." IOP Conference Series: Materials Science and Engineering.

Satterthwaite, David. 2009. "The implications of population growth and urbanization for
climate change." Environment and Urbanization 21 (2):545-567.

Schalkoff, Robert J. 1997. Artificial neural networks. Vol. 1: McGraw-Hill New York.

Schnebele, E, BF Tanyu, G Cervone, and N Waters. 2015. "Review of remote sensing
methodologies for pavement management and assessment." European Transport
Research Review 7 (2):7.

Schweikert, Amy, Paul Chinowsky, Xavier Espinet, and Michael Tarbert. 2014. "Climate
change and infrastructure impacts: comparing the impact on roads in ten countries
through 2100." Procedia Engineering 78:306-316.

Schweikert, Amy, Paul Chinowsky, Kyle Kwiatkowski, and Xavier Espinet. 2014. "The
infrastructure planning support system: Analyzing the impact of climate change on
road infrastructure and development." Transport Policy 35:146-153.

Selby, Brent, and Kara Kockelman. 2011. "Spatial prediction of AADT in unmeasured
locations by universal kriging." Transportation Research Board 90th annual meeting.

Selby, Brent, and Kara M Kockelman. 2013. "Spatial prediction of traffic levels in unmeasured
locations: applications of universal kriging and geographically weighted regression."
Journal of Transport Geography 29:24-32.

Sergi, Domenic Mario, and Jie Li. 2014. Applications of GIS-Enhanced Networks of
Engineering Information. Laublsrutistr 24, Ch-8717 Stafa-Zurich, Switzerland: Trans
Tech Publications Ltd.

Shah, Yogesh U, SS Jain, Devesh Tiwari, and MK Jain. 2013. "Development of overall
pavement condition index for urban road network." Procedia-Social and Behavioral
Sciences 104:332-341.

Sita-Nowicka, Katarzyna, Jan Vandrol, Taylor Oshan, Jed A Long, Urska Demsar, and A
Stewart Fotheringham. 2016. "Analysis of human mobility patterns from GPS
trajectories and contextual information." [International Journal of Geographical
Information Science 30 (5):881-906.

Singh, Vishal, Ning Gu, and Xiangyu Wang. 2011. "A theoretical framework of a BIM-based
multi-disciplinary collaboration platform." Automation in construction 20 (2):134-
144.

Skeien, Jon O, Giinter Bloschl, Gregor Laaha, E Pebesma, Juraj Parajka, and Alberto Viglione.
2014. "Rtop: An R package for interpolation of data with a variable spatial support,
with an example from river networks." Computers & Geosciences 67:180-190.

Skeien, Jon Olav, Ralf Merz, and Giinter Bloschl. 2005. "Top-kriging? geostatistics on stream
networks." Hydrology and Earth System Sciences Discussions 2 (6):2253-2286.

Smith, Kelly, and David Peshkin. 2011. "Pavement Preservation on High-Traffic-Volume
Roadways."  Transportation Research Record: Journal of the Transportation
Research Board (2235):54-65.

Smith, Peter. 2014. "BIM & the 5D project cost manager." Procedia-Social and Behavioral
Sciences 119:475-484.

Smith, RB, B Cercina, and M Peelgrane. 1996. "A methodology for developing maintenance
strategies for a highway system." Combined 18th Arrb Transport Research
Conference And Transit New Zealand Land Transport Symposium, 2-6 September
1996, Christchurch, New Zealand Part 4.

Solla, M, S Lagiiela, H Gonzélez-Jorge, and P Arias. 2014. "Approach to identify cracking in
asphalt pavement using GPR and infrared thermographic methods: Preliminary
findings." Ndt & E International 62:55-65.

174



Song, Yong-Ze, Hong-Lei Yang, Jun-Huan Peng, Yi-Rong Song, Qian Sun, and Yuan Li.
2015. "Estimating PM2. 5 concentrations in Xi'an City using a generalized additive
model with multi-source monitoring data." PloS one 10 (11):e0142149.

Song, Yongze. 2018a. GD: Geographical Detectors.

Song, Yongze. 2018b. "SK: Segment-Based Ordinary Kriging and Segment-Based Regression
Kriging for Spatial Prediction. R package version 1.1.". https://cran.r-
project.org/web/packages/SK/index.html.

Song, Yongze, Yong Ge, Jinfeng Wang, Zhoupeng Ren, Yilan Liao, and Junhuan Peng. 2016.
"Spatial distribution estimation of malaria in northern China and its scenarios in 2020,
2030, 2040 and 2050." Malaria journal 15 (1):345.

Song, Yongze, Yi Tan, Yimeng Song, Peng Wu, Jack C. P. Cheng, Mi Jeong Kim, and
Xiangyu Wang. 2018. "Spatial and temporal variations of spatial population
accessibility to public hospitals: A case study of rural-urban comparison." GIScience
& Remote Sensing. doi: 10.1080/15481603.2018.1446713.

Song, Yongze, Xiangyu Wang, Yi Tan, Peng Wu, Monty Sutrisna, Jack CP Cheng, and Keith
Hampson. 2017. "Trends and Opportunities of BIM-GIS Integration in the
Architecture, Engineering and Construction Industry: A Review from a Spatio-
Temporal Statistical Perspective." ISPRS International Journal of Geo-Information 6
(12):397.

Song, Yongze, Xiangyu Wang, Graeme Wright, Dominique Thatcher, Peng Wu, and Pascal
Felix. 2018. "Traffic Volume Prediction With Segment-Based Regression Kriging and
its Implementation in Assessing the Impact of Heavy Vehicles." IEEE Transactions
on Intelligent Transportation Systems.

State of the Environment in Australia. 2017. "2016 SoE Land Australian Soil Classification
orders."

Steenkamp, Anton, Robert Berman, and Richardt Benade. 2016. "Modelling the vertical
uniform contact stress of heavy vehicle tyres: transportation engineering." Civi/
Engineering= Siviele Ingenieurswese 24 (8):52-56.

Stojanovski, Todor. 2013. City information modeling (CIM) and urbanism: blocks,
connections, territories, people and situations. Po Box 17900, San Diego, CA 92177
USA: Soc Modeling Simulation Int-Scs.

Strzepek, Kenneth, Niko Strzepek, Kyle P Kwiatkowski, Amy E Schweikert, and Paul S
Chinowsky. 2012. Infrastructure and Climate Change: Impacts and Adaptations for
South Africa. World Institute for Development Economic Research (UNU-WIDER).

Suarez-Vega, Rafael, and Dolores R Santos-Pefiate. 2014. "The use of GIS tools to support
decision-making in the expansion of chain stores." International Journal of
Geographical Information Science 28 (3):553-569.

Succar, Bilal. 2009. "Building information modelling framework: A research and delivery
foundation for industry stakeholders." Automation in construction 18 (3):357-375.

Sultana, Masuda, Gary Chai, Sanaul Chowdhury, Tim Martin, Yuri Anissimov, and Anisur
Rahman. 2018. "Rutting and Roughness of Flood-Affected Pavements: Literature
Review and Deterioration Models."  Journal of Infrastructure Systems 24
(2):04018006.

Tachikawa, Tetsushi, Masami Hato, Manabu Kaku, and Akira Iwasaki. 2011. "Characteristics
of ASTER GDEM version 2." Geoscience and remote sensing symposium (IGARSS),
2011 IEEE international.

Tan, Huachun, Guangdong Feng, Jianshuai Feng, Wuhong Wang, Yu-Jin Zhang, and Feng Li.
2013. "A tensor-based method for missing traffic data completion." Transportation
Research Part C: Emerging Technologies 28:15-27.

Tan, Yi, Yongze Song, Xin Liu, Xiangyu Wang, and Jack C P Cheng. 2017. "A BIM-based
framework for lift planning in topsides disassembly of offshore oil and gas platforms."
Automation in Construction 79:19-30. doi: 10.1016/j.autcon.2017.02.008.

Tang, Jinjun, Guohui Zhang, Yinhai Wang, Hua Wang, and Fang Liu. 2015. "A hybrid
approach to integrate fuzzy C-means based imputation method with genetic algorithm

175



for missing traffic volume data estimation." Transportation Research Part C:
Emerging Technologies 51:29-40.

Tashakkori, H, A Rajabifard, and M Kalantari. 2015. "A new 3D indoor/outdoor spatial model
for indoor emergency response facilitation." Building and Environment 89:170-182.
doi: 10.1016/j.buildenv.2015.02.036.

Teo, Tee Ann T.-A., and K.-H. Kuan Hsun Cho. 2016. "BIM-oriented indoor network model
for indoor and outdoor combined route planning." Advanced Engineering Informatics
30:268-282. doi: 10.1016/j.a2e1.2016.04.007.

The Earth Observation Group. 2017. "The Earth Observation Group (EOG) at the National
Oceanic Atmospheric Administration's National Geophysical Data Center
(NOAA/NGDC)." https://ngdc.noaa.gov/eog/index.html.

The European Automobile Manufacturers' Association (ACEA). 2018. "ACEA Report
Vehicles in use Europe 2017."

Therneau, Terry, Beth Atkinson, and Brian Ripley. 2018. rpart: Recursive Partitioning and
Regression Trees. R package version 4.1-13.

Thube, Dattatraya Tukaram. 2012. "Artificial neural network (ANN) based pavement
deterioration models for low volume roads in India." [International Journal of
Pavement Research and Technology 5 (2):115-120.

Tommelein, Iris D, and Sepide Gholami. 2012. "Root causes of clashes in building information
models." Proceedings for the 20th Annual Conference of the International Group for
Lean Construction.

Toth, CK, A Barsi, and T Lovas. 2003. "Vehicle recognition from LiDAR data." International
Archives of Photogrammetry and Remote Sensing 34 (part 3):W13.

Underwood, B Shane, Zack Guido, Padmini Gudipudi, and Yarden Feinberg. 2017. "Increased
costs to US pavement infrastructure from future temperature rise." Nature Climate

Change.
Vahidnia, Mohammad H, Ali A Alesheikh, and Abbas Alimohammadi. 2009. "Hospital site
selection using fuzzy AHP and its derivatives." Journal of environmental

management 90 (10):3048-3056.

van Berlo, Leon, and Ruben de laat. 2010. Integration of BIM and GIS: The Development Of
The Citygml Geobim Extension. Bahnhofsalle le, Gottingen, 37081, Germany:
Copernicus Gesellschaft MBH.

Van Dijk, AIJM, and LA Bruijnzeel. 2001. "Modelling rainfall interception by vegetation of
variable density using an adapted analytical model. Part 1. Model description."
Journal of Hydrology 247 (3):230-238.

Van Nederveen, GA, and FP Tolman. 1992. "Modelling multiple views on buildings."
Automation in Construction 1 (3):215-224.

Van Orshoven, Jos MF, Vincent Kint, Anja Wijffels, René Estrella, Gergely Bencsik, Pablo
Vanegas, Bart Muys, Dirk Cattrysse, and Stefaan Dondeyne. 2011. "Upgrading
geographic information systems to spatio-temporal decision support systems."
Mathematical and Computational Forestry & Natural Resource Sciences 3 (1):36.

Venables, W. N., and B. D. Ripley. 2002. Modern Applied Statistics with S: Springer.

Volk, Rebekka, Julian Stengel, and Frank Schultmann. 2014. "Building Information Modeling
(BIM) for existing buildings—Literature review and future needs." Automation in
construction 38:109-127.

Wadalkar, Shruti S, RK Lad, and RK Jain. 2018. "Study of Pavement Performance Indicators:
RII Approach." Indian Journal of Science and Technology 8 (1).

Wan, Z, S Hook, and G Hulley. 2015. "MODI11A2 MODIS/Terra Land Surface
Temperature/Emissivity 8-Day L3 Global 1 km SIN Grid V006." NASA EOSDIS
Land Processes DAAC, USGS Earth Resources Observation and Science (EROS)
Center. https://Ipdaac/.usgs.gov (accessed 16 June 2016): Sioux Falls, SD, doi 10.

A cooperative system of GIS and BIM for traffic planning: A high-rise building case study.

176



Wang, Jianghao, Yong Ge, Yongze Song, and Xin Li. 2014. "A geostatistical approach to
upscale soil moisture with unequal precision observations." [EEE Geoscience and
Remote Sensing Letters 11 (12):2125-2129.

Wang, Jin-Feng, A Stein, Bin-Bo Gao, and Yong Ge. 2012. "A review of spatial sampling."
Spatial Statistics 2:1-14.

Wang, Jin-Feng, Tong-Lin Zhang, and Bo-Jie Fu. 2016. "A measure of spatial stratified
heterogeneity." Ecological Indicators 67:250-256.

Wang, Jin-Feng, Xin-Hu Li, George Christakos, Yi-Lan Liao, Tin Zhang, Xue Gu, and Xiao-
Ying Zheng. 2010. "Geographical Detectors-Based Health Risk Assessment and its
Application in the Neural Tube Defects Study of the Heshun Region, China."
International Journal of Geographical Information Science 24 (1):107-127.

Wang, Jinfeng. 2017. Geodetector and its Applications in Environmental and Social Sciences.

Wang, Jinfeng, Yong Ge, Lianfa Li, Bin Meng, Jilei Wu, Yanchen Bo, Shihong Du, Yilan
Liao, Maogui Hu, and Chengdong Xu. 2014. "Spatiotemporal data analysis in
geography." Acte Geographica Sinica 69 (9):1326-1345.

Wang, Jun, Weizhuo Sun, Wenchi Shou, Xiangyu Wang, Changzhi Wu, Heap-Yih Chong,
Yan Liu, and Cenfei Sun. 2015. "Integrating BIM and LiDAR for real-time
construction quality control." Journal of Intelligent & Robotic Systems 79 (3-4):417.

Wang, Jun, Xiangyu Wang, Wenchi Shou, Heap-Yih Chong, and Jun Guo. 2016. "Building
information modeling-based integration of MEP layout designs and constructability."
Automation in Construction 61:134-146.

Wang, Jun, Xuedong Zhang, Wenchi Shou, Xiangyu Wang, Bo Xu, Mi Jeong Kim, and Peng
Wu. 2015. "A BIM-based approach for automated tower crane layout planning."
Automation in Construction 59:168-178.

Wang, Qunming, Wenzhong Shi, Peter M Atkinson, and Yuanling Zhao. 2015. "Downscaling
MODIS images with area-to-point regression kriging."  Remote Sensing of
Environment 166:191-204.

Wang, T.-K., Q Zhang, H.-Y. Chong, and X Wang. 2017. "Integrated supplier selection
framework in a resilient construction supply chain: An approach via analytic hierarchy
process (AHP) and grey relational analysis (GRA)." Sustainability (Switzerland) 9.
doi: 10.3390/su9020289.

Wang, Ting, Jiayuan Wang, Peng Wu, Jun Wang, Qinghua He, and Xiangyu Wang. 2018.
"Estimating the environmental costs and benefits of demolition waste using life cycle
assessment and willingness-to-pay: A case study in Shenzhen." Journal of Cleaner
Production 172:14-26.

Wang, Xiaokun, and Kara Kockelman. 2009. "Forecasting network data: Spatial interpolation
of traffic counts from texas data." Transportation Research Record: Journal of the
Transportation Research Board (2105):100-108.

Wang, Yuhong. 2012. "Ordinal logistic regression model for predicting AC overlay cracking."
Journal of Performance of Constructed Facilities 27 (3):346-353.

Wen, Yong, Yuhong Wang, Kecheng Zhao, and Agachai Sumalee. 2017. "The use of natural
rubber latex as a renewable and sustainable modifier of asphalt binder." Infternational
Journal of Pavement Engineering 18 (6):547-559.

Westphal, Michael I, Gordon A Hughes, and Jorn Brommelhorster. 2015. Economics of
climate change in East Asia: Asian Development Bank.

Wetzel, Eric M, and Walid Y Thabet. 2015. "The use of a BIM-based framework to support
safe facility management processes." Automation in Construction 60:12-24.

White, Thomas D. 2002. Contributions of pavement structural layers to rutting of hot mix
asphalt pavements: Transportation Research Board.

Williams, Susan E, Stacy Cagle Davis, and Robert Gary Boundy. 2017. Transportation Energy
Data Book: Edition 36. Oak Ridge National Lab.(ORNL), Oak Ridge, TN (United
States).

Wood, Simon. 2006. Generalized additive models: an introduction with R: CRC press.

177



Wood, Simon N. 2003. "Thin plate regression splines." Journal of the Royal Statistical
Society: Series B (Statistical Methodology) 65 (1):95-114.

Wood, Simon N. 2017. Generalized additive models: an introduction with R: Chapman and
Hall/CRC.

Wu, B, and S Zhang. 2016. Integration Of GIS And BIM For Indoor Geovisual Analytics.
Bahnhofsalle 1e, Gottingen, 37081, Germany: Copernicus Gesellschaft MBH.

Wu, Peng, and Yingbin Feng. 2012. "Using lean practices to improve current carbon labelling
schemes for construction materials—a general framework." Journal of Green
Building 7 (1):173-191.

Wu, Peng, Yingbin Feng, Josua Pienaar, and Bo Xia. 2015. "A review of benchmarking in
carbon labelling schemes for building materials." Journal of Cleaner Production
109:108-117.

Wu, Peng, Sui Pheng Low, Bo Xia, and Jian Zuo. 2014. "Achieving transparency in carbon
labelling for construction materials—Lessons from current assessment standards and
carbon labels." Environmental Science & Policy 44:11-25.

Wu, Peng, Chao Mao, Jun Wang, Yongze Song, and Xiangyu Wang. 2016. "A decade review
of the credits obtained by LEED v2. 2 certified green building projects." Building and
Environment 102:167-178.

Wu, Peng, Yongze Song, Wenchi Shou, Hunglin Chi, Heap-Yih Chong, and Monty Sutrisna.
2017. "A comprehensive analysis of the credits obtained by LEED 2009 certified
green buildings." Renewable and Sustainable Energy Reviews 68:370-379.

Wu, Peng, Bo Xia, and Xiangyu Wang. 2015. "The contribution of ISO 14067 to the evolution
of global greenhouse gas standards—A review." Renewable and Sustainable Energy
Reviews 47:142-150.

Wu, Tianjun, Yong Ge, Jianghao Wang, Alfred Stein, Yongze Song, Yunyan Du, and
Jianghong Ma. 2015. "A WTLS-based method for remote sensing imagery
registration." IEEE transactions on geoscience and remote sensing 53 (1):102-116.

Wu, Wenjie, Jianghao Wang, and Tianshi Dai. 2016. "The geography of cultural ties and
human mobility: Big data in urban contexts." Annals of the American Association of
Geographers 106 (3):612-630.

Xia, Bo, Martin Skitmore, Peng Wu, and Qing Chen. 2014. "How public owners communicate
the sustainability requirements of green design-build projects."  Journal of
Construction Engineering and Management 140 (8):04014036.

Xu, M, I Hijazi, A Mebarki, R E Meouche, and M Abune'meh. 2016. "Indoor guided
evacuation: TIN for graph generation and crowd evacuation." Geomatics, Natural
Hazards and Risk 7:47-56. doi: 10.1080/19475705.2016.1181343.

Xue, Qiang, Lei Liu, Ying Zhao, Yi-Jun Chen, and Jiang-Shan Li. 2013. "Dynamic behavior
of asphalt pavement structure under temperature-stress coupled loading." Applied
Thermal Engineering 53 (1):1-7.

Yamamura, Shinji, Liyang Fan, and Yoshiyasu Suzuki. 2017a. Assessment of urban energy
performance through integration of BIM and GIS for smart city planning. Sara
Burgerhartstraat 25, Po Box 211, 1000 Ae Amsterdam, Netherlands: Elsevier Science
Bv.

Yamamura, Shinji, Liyang Fan, and Yoshiyasu Suzuki. 2017b. "Assessment of Urban Energy
Performance through Integration of BIM and GIS for Smart City Planning." Procedia
Engineering 180:1462-1472.

Yang, Bingduo, Sheng-Guo Wang, and Yuanlu Bao. 2011. "Efficient local AADT estimation
via SCAD variable selection based on regression models." Control and Decision
Conference (CCDC), 2011 Chinese.

Yang, Dongyang, Chengdong Xu, Jinfeng Wang, and Yong Zhao. 2017. "Spatiotemporal
epidemic characteristics and risk factor analysis of malaria in Yunnan Province,
China." BMC public health 17 (1):66.

178



Yang, Hong-lei, Jun-huan Peng, Bao-cun Wang, Yong-ze Song, Ding-xuan Zhang, and Lihua
Li. 2016. "Ground deformation monitoring of Zhengzhou city from 2012 to 2013
using an improved IPTA." Natural Hazards 80 (1):1-17.

Yang, Qun, and Yingjie Deng. 2017. "Evaluation of cracking in asphalt pavement with
stabilized base course based on statistical pattern recognition." International Journal
of Pavement Engineering:1-8.

Yang, Shengfu, Shougeng Hu, Weidong Li, Chuanrong Zhang, and José¢ A Torres. 2017.
"Spatiotemporal Effects of Main Impact Factors on Residential Land Price in Major
Cities of China." Sustainability 9 (11):2050.

Yang, X, M Koehl, P Grussenmeyer, and H Macher. 2016. Complementarity Of Historic
Building Information Modelling And Geographic Information Systems. Bahnhofsalle
le, Gottingen, 37081, Germany: Copernicus Gesellschaft MBH.

Yang, Xu, Zhanping You, Jacob Hiller, and David Watkins. 2017. "Sensitivity of flexible
pavement design to Michigan’s climatic inputs using pavement ME design."
International Journal of Pavement Engineering 18 (7):622-632.

Yin, Jie, Ali Soleimanbeigi, William J Likos, and Tuncer B Edil. 2016. "Effects of
Temperature on Creep Behavior of Compacted Recycled Asphalt Pavement." Journal
of Geotechnical and Geoenvironmental Engineering 143 (4):06016028.

Yong, Zhao, and Wang Jinfeng. 2008. CGE model and its application in economics analysis.
Beijing: China Economic Publishing House.

Yu, H, Lev Khazanovich, Michael Darter, and Ahmad Ardani. 1998. "Analysis of concrete
pavement responses to temperature and wheel loads measured from intrumented
slabs." Transportation Research Record: Journal of the Transportation Research
Board (1639):94-101.

Yuan, Zhao, and Geoffrey Q P Shen. 2010. Using IFC Standard to Integrate BIM Models and
GIS. Baiwanzhuang Xichenggu, Beijing, 10037, Peoples R China: China Architecture
& Building Press.

Zahedi, Fatemeh. 1986. "The analytic hierarchy process—a survey of the method and its
applications." interfaces 16 (4):96-108.

Zavadskas, EK, Z Turskis, J Antucheviciene, and A Zakarevicius. 2012. "Optimization of
weighted aggregated sum product assessment." Elektronika ir elektrotechnika 122
(6):3-6.

Zhang, Qiaofeng, Chunyang He, and Zhifeng Liu. 2014. "Studying urban development and
change in the contiguous United States using two scaled measures derived from
nighttime lights data and population census." GIScience & remote sensing 51 (1):63-
82.

Zhang, Sijie, Kristiina Sulankivi, Markku Kiviniemi, Ilkka Romo, Charles M. Eastman, and
Jochen Teizer. 2015. "BIM-based fall hazard identification and prevention in
construction  safety  planning." Safety  Science  72:31-45.  doi:
http://dx.doi.org/10.1016/j.ss¢i.2014.08.001.

Zhang, Sijie, Jochen Teizer, Jin-Kook Lee, Charles M Eastman, and Manu Venugopal. 2013.
"Building information modeling (BIM) and safety: Automatic safety checking of
construction models and schedules." Automation in Construction 29:183-195.

Zhang, Yihang, Peter M Atkinson, Feng Ling, Qunming Wang, Xiaodong L1i, Lingfei Shi, and
Yun Du. 2017. "Spectral-Spatial Adaptive Area-to-Point Regression Kriging for
MODIS Image Downscaling." I[EEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing.

Zhang, Z, U DemsSar, J Rantala, and Kirsi Virrantaus. 2014. "A fuzzy multiple-attribute
decision-making modelling for vulnerability analysis on the basis of population
information for disaster management." [International Journal of Geographical
Information Science 28 (9):1922-1939.

Zheng, Minxue, Kaoru Fukuyama, and Kazadi Sanga-Ngoie. 2013. "Application of InSAR
and GIS techniques to ground subsidence assessment in the Nobi Plain, Central
Japan." Sensors 14 (1):492-509.

179



Zhou, Chunshan, Jing Chen, and Shaojian Wang. 2018. "Examining the effects of
socioeconomic development on fine particulate matter (PM 2.5) in China's cities using
spatial regression and the geographical detector technique." Science of The Total
Environment 619:436-445.

Zhou, Feng, Huai-Cheng Guo, Yuh-Shan Ho, and Chao-Zhong Wu. 2007. "Scientometric
analysis of geostatistics using multivariate methods." Scientometrics 73 (3):265-279.

Zhou, Hong, and Daniel Castro-Lacouture. 2016. Integrated Ecological Assessment of
Engineering Projects Based on Emergy Analysis. Sara Burgerhartstraat 25, Po Box
211, 1000 Ae Amsterdam, Netherlands: Elsevier Science BV.

Zhou, Y., L. Y. Ding, and L. J. Chen. 2013. "Application of 4D visualization technology for
safety management in metro construction." Aufomation in Construction 34:25-36.
doi: http://dx.doi.org/10.1016/j.autcon.2012.10.011.

Zlatanova, Sisi, Jantien Stoterand, and Umit Isikdag. 2012. Standards for Exchange and
Storage of 3D Information: Challenges and Opportunities for Emergency Response.
1, CHR Smirnenski Blvd, Sofia, 1046, Bulgaria: Bulgarian Cartographic Assoc.

Zou, Bin, Yanqing Luo, Neng Wan, Zhong Zheng, Troy Sternberg, and Yilan Liao. 2015.
"Performance comparison of LUR and OK in PM 2.5 concentration mapping: a
multidimensional perspective." Scientific reports 5:8698.

Zou, Hai-Xiang, Yang Yue, Qing-Quan Li, and Anthony Gar-On Yeh. 2011. "Traffic data
interpolation method of non-detection road link based on Kriging interpolation."
Jiaotong Yunshu Gongcheng Xuebao 11 (3):118-126.

Zou, Haixiang, Yang Yue, Qingquan Li, and Anthony GO Yeh. 2012. "An improved distance
metric for the interpolation of link-based traffic data using kriging: a case study of a
large-scale urban road network." International Journal of Geographical Information
Science 26 (4):667-689.

180





