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Abstract: 3D road networks are amongst the indispensable elements of a smart city, which has been
explored in various ways. However, researchers still faces challenges extracting 3D networks on a
large scale. The global digital surface models (DSMs) with relatively high spatial resolution make
it possible to extract 3D road networks. Nevertheless, the complete and accurate elevation of road
networks cannot be obtained directly because of the limitation in sensors on the DSM production
platform. Thus, we proposed a novel approach to extract large-scale 3D road networks, integrating
terrain correction and road engineering rule constraint, by using the Advanced Land Observing
Satellite World 3D-30 m DSM, OpenStreetMap and FABDEM. The simplification and terrain correction
algorithm were applied to remove most of the edges with excessive grades and reduced the negative
impact of the built-up environment in DSM on the extraction accuracy. Moreover, the tunnel parts
of the 3D road networks were refined based on road engineering standards. Nanjing of China,
Aalborg of Denmark and Los Angeles of the United States are selected as study areas. Using 3D
road networks from unmanned aerial vehicle photogrammetry, light detection and ranging and
Google Earth as references, we validated the road elevation accuracy of our method and obtained an
overall root-mean-square error of 3.80 m and a mean absolute error of 1.94 m. The 3D topology of
interchanges with different radii was reconstructed completely. Overall, our work is an endeavour to
utilise multiple open-source data to extract large-scale 3D road networks and benefits future research
related to smart city reconstruction and 3D urban analysis.
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1. Introduction

Urban road networks are expanding rapidly due to the rapid urbanisation worldwide,
especially in developing countries, such as China [1]. As the skeleton of cities, urban road
networks play a significant role in analysing the accessibility of public infrastructure [2],
predicting traffic congestion [3,4] and exploring the jobs—housing relationship [5]. Owing
to the surge of population and the tight land supply, urban traffic problems are gradually
coming to the fore [6]. To relieve the traffic pressure, most cities have adopted the solution
of building 3D road entities, including overpasses and tunnels, especially at transportation
hubs [7]. However, most urban analyses are based on 2D urban road networks without
considering the verticality of the urban road networks [8-11].

Within the context of real 3D modelling and digital twins, 3D road networks, an
essential part of 3D entities, are constantly being reconstructed [12,13]. In the study of
vehicle navigation, multilevel road networks, such as grade-separated interchanges and
elevated roads, have been increasingly used to improve navigation accuracy [14]. As a key

Remote Sens. 2022, 14, 5746. https:/ /doi.org/10.3390 /1514225746

https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs14225746
https://doi.org/10.3390/rs14225746
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0003-1283-4363
https://doi.org/10.3390/rs14225746
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14225746?type=check_update&version=1

Remote Sens. 2022, 14, 5746

20f17

element of the 3D structure of a city, similar to buildings, 3D road networks also indicate
the stage of urban expansion [15]. Moreover, 3D road networks can be applied to accurately
predict fuel consumption [16,17]. Therefore, the verticality of road networks has become an
essential topic in urban studies.

There are various approaches for acquiring the elevation of 3D road networks. We
divide the elevation information of roads into direct and indirect categories in accordance
with the acquisition method. Direct acquisition means the direct measurement of the
elevation of points using surveying instruments or tools, such as real-time kinematics [18]
and light detection and ranging (LiDAR) [19-21]. In the conventional production process,
road surveyors used to measure elevation information and manually interpolate 3D models,
which is time consuming and costly. Gao extracted 3D roads with satisfactory results by
integrating LiDAR point clouds and high-resolution remote sensing imagery in Hong
Kong [22]. Airborne laser scanning is also widely used to reconstruct highway 3D models
in multiple terrain areas, which performs well but is limited by the policies in some
regions [23]. Although these methods ensure high accuracy, they require high labour and
equipment costs and a complicated solving process. Therefore, these methods cannot cope
with large-scale tasks. Various data with elevation information, such as digital elevation
models (DEMs), digital surface models (DSMs) and crowd-sourced moving trajectory data,
are the main indirect ways to obtain large-scale elevation data [24-26]. Wang utilised high-
resolution DEM and road centrelines to model high-fidelity roads [27]. Nonetheless, this
approach focused on road modelling rather than the accuracy. Schpok extracted city-wide
elevated road structures by using high-resolution DSMs. Though he designed an algorithm
against noise in DSM elevations, this approach still relies heavily on the precision of the
DSM [28]. McKenzie presented a radical approach by deriving road network elevation
data from massive amounts of in situ observations extracted from crowd-sourced moving
trajectory data [24]. However, obtaining a considerable amount of trajectory data requires
a large number of users as support, and most researchers cannot obtain such data and
cover the cost. Additionally, some large-scale 3D urban road network data come from
government departments, and some enterprises pay for services, such as Google Map
API [29] or a planning department’s dataset. Generally, obtaining such data has a financial
cost, and their accuracy, reliability and timeliness cannot be fully guaranteed.

Although some high-resolution DEMs or DSMs produced by unmanned aerial vehicles
(UAVs) have a high level of precision, they cannot be applied to extract valid 3D road
networks for large-scale regions [30]. Most of the DEM datasets, including SRTM and
Advanced Spaceborne Thermal Emission and Reflection Radiometer Global DEM (ASTER
GDEM), provide elevation data sources with 30 m (1 arc second) or 90 m (3 arc seconds)
spatial resolution and coverage of most of the world, which meet the needs of large-scale
studies [31,32].

Several studies have employed the above open-source DEMs as elevation data sources
to extract 3D road networks for relatively large regions. Zhang proposed a template-
based method to tackle the challenges of generating a large-scale virtual road network
environment based on DEM [33]. SRTM was utilised in the reconstruction of 3D city
models, including roads from OpenStreetMap (OSM) in Germany [34]. Integrating satellite
imagery and semantic information, Wang segmented the elevation data into intersections
and generated the surface of the 3D road network on a large scale [35].

Nevertheless, DEM, a discrete mathematical representation of the earth’s surface
topography [36], does not contain the elevation information of 3D road structures, such as
viaducts and interchanges in cities. Meanwhile, DSM generally refers to the land surface
model that contains the heights of buildings and trees [37]. In unprocessed DSMs, we
can recognise the approximate morphology of viaducts and interchanges with visual
interpretation, which shows that DSMs contain 3D road structures and lay the foundation
for the subsequent extraction work. Notably, the Advanced Land Observing Satellite
(ALOS) World 3D-30 m (AW3D30) DSM and Copernicus DEM (a new DSM rather than
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DEM) cover most areas of the world with high accuracy [38,39]. These characteristics
indicate that using DSMs is an alternative to extract large-scale 3D road networks.

The extraction of 3D roads by using such DSMs as AW3D30 DSM and Copernicus
DEM still faces many challenges. The elevations of urban roads are influenced by other
urban entities, such as surrounding buildings and trees. Although the AW3D30 DSM and
Copernicus DEM have different instrument types, these entities both interfere with signals
and have a negative impact on the vertical precision of DSM in urban heterogeneous areas,
due to shadowing and obscuring effects [40,41]. Rugged and complex terrain conditions
make sensors incorrectly estimate road surface elevation in some urban regions, even if
DSMs have been corrected by fusing multisource data. Furthermore, given that most
DSMs are produced by photogrammetry or synthetic aperture radar (SAR), the bands of
their sensors fail to penetrate urban canopies in most cases and only obtain the surface
elevation [28]. Therefore, DSMs lack the complete elevation of tunnels and grade-separated
interchanges, which are essential parts of 3D road networks.

In summary, there are three issues that are worth noting. (1) The methods for local
3D road network extraction and modelling fail to meet the demand of large-scale 3D road
network datasets. (2) Related works tried to extract large-scale 3D roads through original
DSMs or DEMs, but ignored the negative impacts of built-up environments on sensors and
led to bias in high-rise buildings regions. (3) interchanges and tunnels are essential parts of
a 3D road structure, but the methods for large-scale networks failed to reconstruct them
because the sensors of DEMs or DSMs are unable to penetrate urban surfaces and their
results lacked the complete information of 3D transportation facilities, e.g., interchanges,
tunnels and viaducts.

2. Data
2.1. OSM

OSM, a website offering globally renowned volunteered geographic information, aims
to provide users with free and easily accessible digital map resources, including site types,
building footprints, roads and other geographic information, and has been widely used
in urban planning, GIS and other related fields of research [42—44]. OSM roads can be
converted into a complete directional network consisting of nodes and edges. Various
semantic attributes, such as road type and maximum road speed, are integrated into
attribute tables. Users can download the recently updated OSM urban road 2D network for
free from the OSM website or through the OSMnx tool, compared with other road datasets
released by government departments [45]. Therefore, the OSM road network is used in
this study.

2.2. AW3D30 DSM

ALOS AW3D30 DSM data are derived from the DSM dataset, publicly released by the
Japan Aerospace Exploration Agency. The data were obtained by observing and processing
the global land area at about 80 degrees north and south latitude by the PRISM stereo
camera onboard the ALOS, with a horizontal resolution of 30 m and a vertical accuracy of
5 m [46,47].

Owing to the fusion of multiple data sources, the coverage of AW3D30 DSM data is
greater than that of SRTM and Copernicus DEM. Previous studies have shown that the
vertical accuracy of AW3D30 DSM is better than that of SRTM and ASTER GDEM [38].
Moreover, AW3D30 has been widely used in related research areas, including building
height extraction [48], topographic analysis of landslides [49] and landform classification
mapping [50], with good results. These characteristics indicate that it is reliable regard-
ing vertical accuracy and is an excellent elevation data source for extracting 3D road
network elevations.
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2.3. FABDEM

FABDEM is a 30 m-spatial resolution global DEM dataset without buildings and
forests, produced using machine learning methods from Copernicus DEM [51]. As a refer-
ence, Copernicus DEM has good performance in vertical accuracy and newer production
time [52]. Compared with other DEMs, it retains more realistic surface elevation informa-
tion and fits the urban terrain surface more accurately, which contributes to calculating
essential urban terrain factors, such as slope and aspects. Figure 1 illustrates how FABDEM
removes most of the noise from urban areas, including buildings and trees, and shows the
natural terrain surface of the urban areas.

118745 118045 118748

118°48E

(b)Hillshade of SRTM (¢) Hillshade of FABDEM

Figure 1. A comparison of the hillshade effect of SRTM (b) and FABDEM (c) with reference to
(a) Remote sensing images in the central area of Nanjing.

3. Method

We propose a novel 3D road network extraction method considering terrain correction
and construction rule constraints. Figure 2 illustrates the workflow for extracting 3D road
networks from multiple open-source data, which consists of three steps.

(a) (b)
Data Method Simplification
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N
I Original Simplified
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Figure 2. (a) Workflow diagram for extracting 3D road networks, (b) The detailed process of simplifi-

cation, (c) The detailed process for terrain correction.
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The first section utilises topological features and road attribute information to simplify
the OSM road nodes. It is followed by terrain correction based on FABDEM data to reduce
the effect of terrain noise in AW3D30 DSM on road elevation. Then, the road engineering
construction standards applied to reconstruct road segments, such as tunnels. On this basis,
we fix the rest of the roads with excessive grade as much as possible to make the undulation
level of 3D roads closer to the actual situation. Finally, we use the corrected data to verify
the accuracy of the estimation results from the aspects of elevation and topology by using
the reference 3D road network data. All the elevation extraction work is performed for the
nodes in the road network, and for the other locations in the roads (non-node locations) it
is accomplished by linear interpolation between two nodes. Many roads within residential
roads and living streets in the OSM data are not included in our study because of the
limitation in DSM resolution.

3.1. Simplification

The OSM road network consists of nodes and edges, where each node is usually a
topological feature point in its road segment. Specifically, nodes can be used to define
standalone point features but are more commonly used to determine the shape or path of a
road [53]. Figure 3 shows the original result from DSM, with the 3D building information
added. The yellow rectangular boxes illustrate the obviously wrong nodes, which are
mainly located around high-rise buildings. We speculate that the surrounding buildings,
the ground railroad and similar entities have a negative impact on the sampling of several
nodes, due to shadowing and obscuring effects. Thus, confirming suitable sampling points
is a key to road elevation extraction.

Figure 3. The original networks and errors with 3D building in urban areas.

Generally, the points of the intersections are not only well open but are far away
from buildings, trees and other objects, so that the sensors of satellites are influenced by
buildings and trees and make more accurate measurements of the road surface elevation.
With reference to the principle of vertical road planning, the trend of grades remains the
same between two road intersections in a segment. Specifically, the elevation of other
nonintersecting points takes a range between the values of the intersection. Thus, based on
the potential influencing factors and principle of vertical road planning, we simplify the
topology of the entire network by removing nonintersecting points or dead ends (Figure 2b),
which merges short road segments into one between two intersections and reduces the
influence of buildings and trees. By converting the road networks to undirected graph, the
degrees of nodes are calculated. And the nodes with a degree greater than 3 are considered
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as intersections and the others are filtered. To accomplish this graph-related task, we import
the NetworkX [54] package into our python program.

A number of simplified nodes are usually obscured by the upper roads in interchanges,
and sensors fail to penetrate the upper roads, which leads the elevation of these nodes to
represent the surface of upper roads as a type of noise in DSM. Whilst the nodes of lower
roads in interchanges are simplified, the nodes in the intersections of ramps and roads are
reserved. The reserved nodes not only have better measurement conditions than other
nodes but are also the key points in the topology of the interchanges. After simplification,
the lower roads in the interchanges only reserved two nodes, which are accurate in the
original DSM. Thus, these roads, floating in the air, are corrected to the lower location of
the interchanges. Using these reserved nodes, we can eliminate considerable noise and
reconstruct the interchanges. The number of nodes is significantly reduced (Figure 4) based
on the rules, which would help us to improve the performance of the workflow.
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Figure 4. A comparison of simplified nodes and original nodes in the central area of Nanjing.

3.2. Correction

Three steps in sequence, namely, terrain correction, tunnel correction and grade
correction, are conducted to minimise the cases in which errors exist in data. We disregard
the connecting road segments, such as ramps and auxiliary roads, in our correction work
because the width of connecting roads is usually much smaller than the size of pixels and
is hardly represented in global DSMs. In comparison, major roads are more easily detected
by sensors, and their result contains less noise. Thus, we use interpolation to obtain the
elevation of connecting road segments from two adjacent intersections of major roads but
not road length limit.

3.2.1. Terrain Correction

In the previous study, we found that the elevations of some nodes in the AW3D30
DSM data are underestimated at high values and overestimated at low values [48]. Urban
land surface would be lower than DSM in most built-up areas in our perspectives. To verify
it, we use the results of AW3D30 DSM minus FABDEM via the Raster Calculator in ArcGIS
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to assess it. The result is reclassified into four categories, where the warm tones represent
areas where the elevation of DSM is greater than that of DEM, and the opposite applies for
cool tones. Figure 5 shows that the elevation values of AW3D30 DSM are greater than those
of FABDEM in most pixels, whilst the minus values are generally found in such locations
as rivers and lakes. According to visual interpretation, the values of AW3D30 DSM in most
road segments are slightly greater than those of FABDEM, but a huge difference is found
in building areas. Given that AW3D30 DSM has been evaluated worldwide and obtained
good accuracy, the outcomes by our raster calculation indicate that FABDEM is suitable as
a land surface elevation data source of AW3D30 DSM.

@) | S

Figure 5. (a) RS image, (b) Result of AW3D30 minus FABDEM.

The grades in the DEM are relatively plausible because the DEM represents the land
surface elevation without any other objects, and the grades of artificially constructed roads
are generally not greater than those in the DEM. However, some areas are opposite. To
cope with it, we develop a correction workflow that if the absolute value of the grade
between two nodes on the DSM is greater than the grade on the DEM, then the elevation of
a node in the two nodes is considered unreliable. In response, the elevations of the original
untrustworthy nodes are recalculated using the grade of the DEM with the elevation of the
trustworthy node.

There are three situations that require terrain correction. Figure 2c¢ indicates the
problems and our correction workflow. (1) The DSM values of both nodes are higher than
the DEM values because the values of DSM are easily influenced by noise information, such
as high-rise buildings, trees and above-ground railroads, which will cause their elevation
to be significantly overestimated from the DEM values and other non-noise nodes. These
pair nodes are main noise in the original data. Thus, we reserve the elevation of the lower
node and use the grade of DEM to recalculate the elevation of the upper node instead of
the grade of DSM. (2) When only one of the pair nodes is greater than the DEM value, the
lower nodes are not credible because the road would be built based on the original land
surface and not lower than the FABDEM. Therefore, we use the values of DEM to replace
the elevation of lower nodes and recalculate the grades of these road segments. (3) If the
elevations of two nodes are lower than the DEM values, then the values of DEM would be
considered the elevations of the nodes.

Based on the rules above, these nodes are corrected by land surface, and the correction
values corresponding to each node are stored as a list. Given that the same node is connected
to several nodes in road segments, the elevation values obtained from the correction work
inherit the elevation and terrain information from the different nodes. Choosing a correct
value from many candidate values is important. The previous step eliminates some noise,
but the remaining noise would influence the result accuracy, especially when the absolute
grades are greater than the original DEM. Considering that the nodes may inherit or
exaggerate noise, when the number of candidate corrected values is greater than two, we
select the combination with the smallest intra-group variance in the candidate values and
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calculate the mean value within its minimum variance group as its final terrain correction
elevation value. If the number of candidate values is less than or equal to two, we calculate
the mean of values as result directly. This step is helpful to filter the noise from the
candidate values.

3.2.2. Tunnel Correction

Given that AW3D30 DSM is a product of photogrammetry, the sensors cannot com-
pletely detect the essential parts in a 3D road network, especially tunnels. Thus, the
correction for tunnels is performed based on the previous simplification and terrain correc-
tion. We check the tunnel construction standard adopted and published by the American
Association of State Highway and Transportation Officials in the USA [55] and determine
that the minimum height of tunnels cannot be lower than 14 feet, i.e., 4.26 m. Though the
technical standard for highway engineering in urbanised areas (JTG 2112-2021) issued by
the Chinese Ministry of Transportation [56] does not specify the height limitation for tun-
nels, it states that for expressways, first-class roads and other high-level roads, the height
limit for vehicles is 5 m, and that for the other road segments is below 5 m. Considering
the regional variability of this criterion and global suitability of our approach, we combine
the two standards and calculate the mean tunnel height. To facilitate the calculation, the
tunnel height was set to 4.5 m generally. In our software, users could modify this variant
for local urban cases and standards. Through OSM, we can quickly query tunnel sections’
distribution by road data attributes. Based on the result of the previous workflow, the
elevation of the nodes at each end identified as tunnel sections is lowered by 4.5 m. Figure 6
shows the detailed process for the tunnel correction process. As a result, the original tunnel
nodes over the terrain surface were corrected to below the ground and the tunnel sections
were reconstructed.

Tunnels Ground surface O Nodes

N s A /S

o—— F4.5m

Original Corrected
Figure 6. The detailed process for the tunnel correction process.

Though tunnel correction may exaggerate the structure of tunnel sections and sacrifice
some accuracy, this workflow reconstructs various tunnel patterns in the 3D road network,
fixes the problem of missing tunnel sections in the original dataset and improves the
completeness of the entire network.

3.2.3. Grade Correction

Despite completing the terrain correction and tunnel correction, minimal noise remains
in the 3D road network. We find that a small number of edges connected by these noisy
nodes still have the characteristics of excessive grades. According to the requirements of
road grades mentioned in the highway design manual from CA (Table 1) [57] and JTG 2112-
2021 (Table 2), the grade standards relate to the road design speed and terrain situations.
Our method mainly focuses on tertiary and higher-level roads. Most cities with tertiary
roads are generally distributed in the plain or rolling areas [48], which means the roads are
not very steep. Additionally, according to standards of CA and JTG 2112-2021, the design
speed of tertiary roads is between 30-60 km/h and high-level roads have greater designed
speed, so we take 0.07 as the maximum grade.
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Table 1. Maximum grades for types of highway and terrain conditions.

Freeways and

Type of Terrain Expressways Rural Highways Urban Highways
Level 3% 4% 6%
ROllil’lg 4% 5% 7%
Mountainous 6% 7% 9%

Table 2. Maximum grades for types of roads in JTG 2112-2021.

Designed Speed (km/h) Maximum Grades (%)
120 3
100 3
80 4
60 5
50 55
40 6
30 7
20 8

For the entire urban 3D road network, if the grade of one edge is greater than the value
of 0.07, then this edge is not credible and should be corrected. To solve it, we reduce the
elevation value of the untrustworthy node to the value of the other node in an edge and
repeat the previous operation until all the untrustworthy edges are traversed.

In the whole correction step, we realise simplification and terrain correction to reduce
the influence of the systematic error of AW3D30 DSM data on the elevation. On this
basis, we develop a series of rules through the expert knowledge from American road
construction standards and Chinese road engineering specifications. As a result, masses
of the noise are removed from the urban 3D road network. Some road segments, such as
interchanges, tunnels and approach roads that are reconstructed, so that the overall road
network is more in line with road engineering specifications.

3.3. Validation with Reference Data

Three cities in three continents, namely, Nanjing of China, Aalborg of Denmark and
Los Angeles of the USA, are selected for validation. In the validation process, we use
random sampling of some nodes to calculate the bias. Root-mean-square error (RMSE) and
mean absolute error (MAE) are widely applied to measure deviations between predicted
and reference values, which are also used to evaluate the model performance by the
following equations.

As a supplement, we further combine remote sensing images to sample three classical
interchanges to check the 3D topological correctness. In the topology assessment of the road
network, we plan to verify the relative location of ramps and main roads in the interchanges
by visual interpretation.

" (hei— Iy i)?
RMSE = \/ Lis - ri) 1)
o\ —h,
MAE = EZizilltei = Il ” v )

where i, ; corresponds to the elevation value of the corrected node i, h, ; corresponds to the
elevation value of the reference node i, and n represents the total number of nodes.

4. Result
4.1. Accuracy Assessment of Road Network Elevation

Three sample areas distributed across three continents with different data sources are
used to evaluate the accuracy of the 3D road network elevations. These three cities have
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different levels of population and diverse patterns of road networks. Based on previous
classifications, their road network patterns are mixed, sphere and grid, respectively [58],
which make our validation more representative. A high-resolution DSM has been processed
in our previous work, and the spatial resolution is about 0.03 m in Nanjing from UAVs.
Considering that these high-resolution data still contain much noise, including trees and
streetlamps, the DSM data was repaired by comparing them with remote sensing images.
For Aalborg, we refer to the LIDAR data published by Aarhus University, which have a
nominal accuracy of plus or minus 20 cm [20]. Google Earth is known to provide accurate
3D models and elevation data in most parts of the world, so our study samples 200 points
in Los Angeles to compare and verify with it. These areas comprise tunnels, interchanges
and other 3D traffic projects, which are very representative in complex urban environment.

In Nanjing, 279 sampling points are selected; the calculated RMSE is 2.99 m, and
the MAE is 2.11 m. In North Jutland, 1352 sampling points are used for validation, and
the validation result presents an RMSE of 3.85 m and an MAE of 1.73 m. In Los Angeles,
200 sampling points are validated with an RMSE of 4.43 m and an MAE of 3.17 m. The
three regions represent different dimensions, population densities, road network densities
and road network topology characteristics. Therefore, our results are quite consistent with
the reference road elevations for different regions with various road network characteristics.
Overall, the RMSE between the estimated road node elevation and reference road node
elevation is 3.80 m, and the MAE is 1.94 m. The estimated road elevation is consistent
with the reference road elevation, and the slope of the regression line is close to 1. Figure 7
confirms the high reliability of our 3D road network dataset.
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Figure 7. Road elevation validation with multi-source data (reference road elevation) in three regions.
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4.2. Topology Assessment of Road Network

We also sample three interchanges of different scales and types in the three cities to
check the correctness of their 3D topology (Figure 8). The types include cloverleaf, mixed
and parclo. And the radii of the three 3D traffic projects are about 500, 200 and 100 m. We
use remote sensing images and 3D visualization of the road network for comparison and
validation. The three sample areas are located in a suburban area, a suburban junction and
an inner-city area, which makes our assessment representative.

RS Image Corrected network

O
SI[PSuy S0

Figure 8. Road Topology validation with RS images in three interchanges of different radii. (a) Nanjing,
radius about 500 m; (b) North Jutland, radius about 200 m; (c) Los Angeles, radius about 100 m.

The topology assessment is divided into two parts: the up-down relationship between
the major roads and the up-down interconnection relationship of the approach roads. By
visual interpretation, we find that the results have impressive performance on multiple
radius scales. Specifically, the lower roads of interchanges are all in the correct spatial
location in that they are below the upper roads, rather than intersecting as originally.
Because the nodes between the main road and ramps were also preserved in the previous
simplification steps, these nodes are corrected by multiple steps and the ramps link the
upper and lower roads in the interchanges with the changes in end-node elevation.
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Overall, the topological relationships between the upper and lower levels of the main
roads and that of the upper and lower interconnections of the approach roads are correct,
though some road nodes still contain noise and unnecessary undulations.

5. Discussion
5.1. Spatial Distribution of Road Edge Elevation and Absolute Grades

The spatial distribution of road edge average elevation in the three different regions is
displayed in Figure 8. Unsurprisingly, most of the high average elevation of edges occurs in
areas with higher elevations, in comparison with the FABDEM. Figure 9 also shows that the
spatial pattern of average elevation presents consistency within the urban basement terrain,
which indicates that our novel 3D road networks are valuable for large-scale urban studies.

Urban Road Network

N
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Qi o
i o
=
g
Average elevation(m)
Min- 10
-8
19-26
]
—
=2
=
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g
=
7]
=
(4]
[
—
(972
7]
Average elevation(m)
Min-79
fgﬂ = Elevation(m)
- f?' 0 SKm

Figure 9. The average elevation of edges and DEM in three different areas.
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Figure 10 shows the distribution of absolute grade differences between the uncorrected
network and the correct network in Nanjing. The red line in the legend indicates that
the absolute grades of edges are greater than 0.07, the maximum of grades in the road
construction standards, whilst the blue line is the opposite. The result shows that the
majority of edges with excessive absolute grades are corrected to less than 0.07.

Absolute Grade(%)
—0-7

— 7-Max

0 2Km

| S—

S

Absolute Grade(%)
- —0-7

I / — 7-Max /

Legend
Corrected network
= Original network

(a) ’ (b)

Figure 10. The spatial distribution of absolute grade (a) in the uncorrected road network; (b) in the
corrected road network.

From a microscopic perspective, Figure 11 indicates our corrected result, compared to
the original networks. The overestimated nodes near the high-rise buildings were corrected
to appropriate values using surrounding building heights as references. It successfully
demonstrates that our method eliminates most noise in the original result and corrects
parts with untrustworthy nodes and edges at the centre of the city.

Figure 11. A comparison of corrected road network (green line) and original road (red line) in

urban areas.

5.2. Potential Developing Directions

Our data sources have potential to be more reliable or replaced with other excellent
data sources. Our generated 3D road network contains a small number of nonroad nodes
because the position of nodes comes from various sources and presents uncertainty in
OSM [59]. We fused multiple data for the correction work but incompletely ensured the
reliability and consistent availability of data. For example, FABDEM is a new elevation data
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source that has good performance in natural surfaces but has not been applied or verified
in urban studies worldwide. Thus, obtaining a 2D road network with higher positioning
accuracy and evaluating the accuracy of FABDEM data in urban areas are the next major
problems to be solved. To fill data voids, AW3D30 DSM complements missing tiles in land
areas with existing DEMs [47]. However, different data sources are produced using diverse
instruments with their own elevation references, which leads to deviations within a city.
In response, we are searching for some novel DSMs and DEMs from stereo images and
interferometric SAR that have good performance in urban areas.

Our result has potential to be reconstructed more accurately. Some bridges over rivers
were unable to be reconstructed in our result because most nodes of bridges were simplified
and the elevation samples of bridges were ignored, which made us underestimate the
elevation of bridges. Therefore, we plan to use the intersections of rivers and roads to
identify the segments of bridges and reserve the nodes on the surface of bridges. This will
help us reconstruct the bridges but will take considerable time. We also overestimated the
height of tunnels in some road segments due to the inaccurate location marking in OSM,
which caused a portion of the error.

Large-scale 3D road networks have the potential to be applied to 3D urban analysis.
3D road networks have elevation information and include 3D transportation facilities,
such as viaducts and interchanges, especially, the roads in mountainous cities which may
exhibit a height difference close to 10 m in a length of 100 m. Thus, the 3D characteristics
of road networks should not be ignored and are worth further attention owing to their
significance in 3D urban analysis. (1) As an indicator, the height difference of 3D road
networks can be integrated with 2D topological factors to identify the urban functional
zones [60], reveal the urban expansion phase [61] and indicate the spatial intercity and
intracity heterogeneity [62]; (2) As data bases, 3D road networks can be applied to estimate
the solar and wind energy potential [63,64], simulate the process of urban flood [65] and
calculate the impact range of urban noise field [66] from a vertical perspective; (3) As a
kind of unique urban facility, 3D road networks enrich the urban landscape [67], promote
the quantitative study of urban morphology [68] and provide auxiliary information for
urban landscape design and urban planning. For our data structures, the generated results
including nodes and edges can be converted into directed graph structures. Compared
with the format of shapefiles, they are not restricted to GIS software and meet the demands
of other related analyses by deep learning or physical modelling.

6. Conclusions

In this study, we propose a 3D road network extraction method considering terrain and
road engineering construction standards for large-scale projects, which fixes the nodes and
edges with excessive grades in the original result, breaks through the shade of the upper
road to the lower road in the interchanges and makes the 3D topological transportation
features, such as tunnels and interchanges, more complete and in line with engineering
standards. Furthermore, this method takes advantage of the complementary characteristics
of multi-source datasets to deliver a complete, accurate and reliable road elevation dataset.
Compared with existing methods, the 3D road network extraction method is applicable to
large-scale studies and efficient without high hardware requirements. The final results of
the extracted 3D road networks are compared with those of UAV DSM, LiDAR point cloud
and Google Earth in three cities of different scales and development stages. The overall
RMSE is 3.80 m, and the MAE is 1.94 m. Moreover, several interchanges with different radii
are selected to test the reliability of the topology in this study, which proves that the 3D
topology of the road network is generally correct.

There are still some deviations in the statistics of road elevations caused by rugged
terrain and the uncertainty of the original data. Overall, this approach to extracting large-
scale 3D road networks provides a new dimension for urban study. This is an essential
supplement to the content of 3D cities. This model can be used for traffic congestion
prediction, fuel consumption estimation and related 3D urban analysis.



Remote Sens. 2022, 14, 5746 15 0f 17

We mainly use the OSMnx, NetworkX and GeoPandas [69] tools in our process, and
the data structure is fully compliant with the OSM standard, which can be widely used in
3D road network-related research. The code is publicly available at https://github.com/
CubicsYang/Road_Elevation_DSM (accessed on 2 November 2022).
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