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Abstract—This study proposes a labelling method that provides
resources for machine learning studies for 3D road modelling
from satellite images assuming 2D polygonal road paths are
provided in available online sources such as OpenStreetMap
(OSM). In such sources, the roads are roughly known as line
segments without actual size information, i.e., the width of
the road. Therefore, efforts are made to extract the missing
information accurately. We propose a simple interactive user
interface for quickly labelling the roads over satellite images.
Using our approach, regions with different road characteristics
can be possibly generated after quickly training a subset of the
road segments.

Index Terms—City Modelling, Satellite images, Open-
StreetMap, Labeling, Machine Learning

I. INTRODUCTION

In this study, using the rough 2D information provided, it is
aimed to label the boundaries of the roads, in which the width
information will be extracted, to automatically determine the
boundaries of the roads on satellite images using machine
learning methods. This approach allows precise modelling of
roads in a reconstructed 3D city model.

Recently, 3D city modelling and simulation studies have
gained more interest following the technological advances for
capturing and processing data. It is possible to access 2D
road networks from online sources such as OpenStreetMap
(OSM). In such networks, roads are defined as polygonal path
chains. This information can be used in various studies to
reconstruct cities or traffic [1], [2]. One shortcoming of these
sources is the lack of precise road widths. However, they
are still useful by providing prior information for automatic
extraction of roads from satellite images. In this study, we
present a quick labelling method to feed machine learning
studies. With the proposed study, satellite images of road
segments are presented to the user such that they are always
directed upwards and the user can easily specify road width.
The labelled data will facilitate generating precise 3D road
modelling later. After obtaining the roads, it is also possible
to extract the parked or moving vehicles over the roads for an
accurate traffic simulation.

We used Unity 3D game engine to show satellite images to
the user in an intended manner. Linear line segments extracted
from OSM data directs the camera to move over the roads and
the system presents the roads to the user who can pick either
side of a road segment before moving to another segment. In

the remaining part of the paper, first, we present the related
works before explaining the details of the proposed approach.

II. RELATED WORK

Recently, road segmentation, 3D modelling and smart cities
have attracted great interest. In this study, we aim to provide
a labelling method for facilitating automatic segmentation of
roads which forms our longer-term aim. Therefore, this section
also includes road extraction and generation studies.

Dai et al. [3] propose the method of high-resolution optical
satellite image strip levelling for road extraction. The proposed
method not only ensures the accuracy of the lane level guid-
ance but also greatly increases the automation of the guidance.
Azimi and Fischer [4] proposed a study where the elaboration
of public transport is based on the creation of smooth road
maps and lane-based models. It contributed to overcoming
the difficulties associated with the semantic strip marking
segmentation of aerial imagery. The first high-quality data set
used in experiments involving a wide range of situations and
lane marking classes representing today’s transport systems is
presented. On the other hand, there is a productive system
[5] that can be operated to any planned or unpaired location
region that produces a street labelling solution. An algorithm
is created that generates meaningful addresses for locations
that do not have street names or addresses and do not match.
An automated algorithm is provided to perform this task using
machine learning and computer vision approaches from satel-
lite images. Also in a study to find solutions to the problem
of city travel with artificial intelligence, OpenStreetMap was
used as a source and information and results about the map
were examined [6].

To achieve their goals, and addressing system [7] is provided
to generate addresses compatible with the routeing topology.
They provided an approach for developing world maps with
aerial imagery. Contextual models utilizing maps are very
effective for many recognition and localization tasks. It is
recommended to use aerial images to develop existing world
maps. OpenStreetMap is used, parameterized in terms of
the location and width of the path segment centerlines, and
formulated as an inference problem in random space. Bacher
and Mayer [8] offer an automatic road extraction approach.
The areas where water makes agriculture possible and the
areas dominated by desert and dried mountain areas are



modelled. The results of the study demonstrate the validity of
the approach. Kocaman and Zhang et al. [9] 3D city modelling
with high-resolution satellite images was studied. It shows
that different software and approaches are available for the
creation of 3D city models. 3D city models can be created
with CyberCity ModelerTM software package. The ability to
provide multi-image terrain coverage in a flight mission or
satellite orbit, the multi-image matching approach, has been
reported to cause reduced problems due to occlusions, multiple
solutions, surface discontinuities, and higher measurement
accuracy.

Y. Wang et. al. Y. Wang et. al. [10] use urban roads.
This article focuses on the automatic extraction of ways in
urban areas from high-resolution satellite imagery. For road
detection, several methods have developed in recent years.
Redmon et. al. [11] studied on an application of Convolutional
Neural Network (CNN) to detect with YOLO. As mentioned
in this study, the algorithm and method are thought to be
shaped around CNN. This study, it is directed to object
recognition, not road detection. in the master thesis of Sirefelt
[12] implementing this using NVIDIAs compute unified device
architecture with CUDA. 416 × 416 used the pictures. It used
a maximum of 640 × 640 image size from Google Maps.
Deepan et. al. [13] studied on this The process of dividing
the RGB image into four blocks of 250x250 pixels in a
similar studied. YOLO or TensorFlow used. Lane detection
is important for the development of smart vehicles. Problems
such as low detection of traditional methods and real-time
poor performance of deep learning-based methods have been
addressed. A lane detection algorithm has been proposed for
intelligent vehicles in complex road conditions and dynamic
environments. Cao and Song et al. [14]. Besides, Malladi
used object detection in his study to detect objects in satellite
imagery with supervised and unsupervised learning methods
[15].

Xu and Zhang et. al. [16] [17] studied on it took results
using Incremental Learning, Machine learning and deep learn-
ing. These studies use some state-of-the-art improving the
performance segmentation of semantic comparisons Qualita-
tive methods for semantic segmentation of remote sensing,
eg a fully curved network (FCN). Taşpınar [18] used CNN
in his study. He also used R-CNN, Fast R-CNN and Faster
R-CNN neural networks. These neural networks detected the
presence of objects in the images and returned the bounding
boxes of the object. There are neural networks that can perform
segmentation tasks, which determine which object the pixel in
the image belongs to. J. Wang et. al. [19] studied on use deep
convolutional neural networks (DCNN). This algorithm used
has been examined. Also Xia et. al. [20] studied. It shows that
the proposed solution successfully identifies road networks
from complex situations with an overall accuracy of more than
80 per cent in distinguishable areas. W. Wang et. al. [21] this
article focuses on the automatic way in urban areas from high-
resolution satellite imagery. It focuses on features that reflect
the proportion of bright areas, the directional consistency
of the edges, and the road characteristics of local binary

patterns. AdaBoost is adopted to select the most effective
features from these features. Paths are detected with a sliding
window with learning results and the path link is validated by
merging. Experimental results on real Quickbird images show
the effectiveness and robustness of the method used.

III. OVERVIEW

We are proposing a quick road labelling method as part of
a larger aim of auto-generation of roads from satellite images.
We are also planning to generate 3D roads that are usable for
traffic simulation. The steps of the whole pipeline are shown
in Figure 1. In this study, we are demonstrating the first two
steps highlighted with red borders in the figure.

Fig. 1. Overview of the general aim, red bordered part is presented in this
study.

In this study, given the geo-coordinates of a region, available
data is acquired from online available sources as the initial
step. This data includes OpenStreetMap data: providing textual
descriptions of 2D plans of buildings, roads, and additional
information; and satellite images of the same region which is
acquired from Google Maps in our case. Using the available
sources we provide a quick user interface for the users to
specify borders of road segments. The acquired information
is kept to be used as labelled data to train neural networks in
the later steps.

Later steps, which are currently ongoing and have not
been presented here include using machine learning with
the labelled data for automatic extraction of the roads from
satellite images. After segmenting out the roads in a detailed
manner, this information can be used to generate detailed 3D



roads by also employing the elevation information. The last
step is to use the generated roads for traffic simulation or other
similar applications such as games. An additional planned
study is detecting the vehicles in the extracted road segments
and utilizing that information in the simulation application.

IV. OBTAINING AVAILABLE DATA

Relevant resources are explored to find path widths in 3D
road modelling. The OpenStreetMap image of the selected
place is taken as the source as in Figure 3. OpenStreetMap
is used for 2D city data, where each building and other closed
areas are expressed with polygons. It is also possible to access
geographic coordinates for each corner of these polygons.
Although two dimensions of buildings can be created with
OpenStreetMap, more information is needed to create their
height and visual texture. To obtain a 2-dimensional plan of the
area to be modelled, data is downloaded from Openstreetmap,
where each building, roads and similar areas are created by
users in the form of 2-dimensional polygons and lines. This
data consists of an XML file with the extension .osm. An
example field definition is shown in Figure 2. In the example,
the way includes the polygon that forms the 2D boundaries of
the relevant building and optional information such as name,
address, number of floors. Each vertex of the polygon consists
of a node (nd) and these nodes contain coordinate information.
2D polygons created by reading the .osm file containing the
modelled region can be raised from the ground and converted
into simple 3D models [22].

Fig. 2. An example from the osm file

Then Unity real map roads are created as shown in Figure
4. Unity was used as an application. Unity Satellite image
example is created as shown in Figure 5.

It focuses on how the data set is used in practice and how
to choose roads. The codes will be reviewed and developed.

Existing pictures are used in the figures below, but new ones
are needed. If possible, it is desired to use free resources such
as OSM. Google Maps, on the other hand, allows semi-free
or paid use. If required, this can be preferred.

Fig. 3. OpenStreetMap view of Ankara Yıldırım Beyazıt University

Fig. 4. Unity real city roads

In practice, a city is created in Unity using OSM data. In the
created city, the marked paths will be removed. Afterwards,
to improve the city’s roads, the user is made to select the
paths from the images to tag them. The selected paths are
saved and labelled data is provided for machine learning to be
trained later.

By reorienting the satellite images, road segmentation prob-
lem is reduced to find the width of the road. The main problem
is understanding the size of the paths at hand. Then, by using
the labelled resources of the desired city, the dimensions of
the roads are found with machine learning. In this way, the
final result is the automatic creation of the city’s roads.

V. QUICK LABELING METHOD

Several tasks have been undertaken to clarify the study by
using several OSM and Unity tools, libraries, and frameworks.
The tasks in this study include the following steps:

1) Creation of virtual city with Unity Video game engine
and analysis for labelling management.

2) Loading of the city using the high-resolution map im-
ages provided.

3) The camera focuses on the roads on the map.
4) The camera’s view through all the roads on the map, the

bird’s eye view and the way the road is centred on the
screen.

5) Move through on the map with the left/right arrow keys
on the computer keyboard. S key is used for saving and
R key is used for reset.



Fig. 5. Google Satellite image example

Fig. 6. Unity real city model

6) With the help of the mouse paths is selected. A line is
drawn between two selected points.

7) Saving the selected path with a screenshot. Also, the
coordinates of the selected path are saved in the text file.
Labelling image and text file names are unique way IDs.

8) In addition to the x1, x2 coordinate, two separate outputs
are taken as bounding box labels x1, y1, x2 and y2 for
use as needed. Here y1 is assigned the upper left corner
0 value, and y2 the lower right 1 value.

These steps were followed sequentially in our tagging
management. Let’s detail all the steps taken, starting with the
definition of OpenStreetMaps.

OpenStreetMap (OSM) is a joint mapping project that
provides data for thousands of websites, mobile applications
and hardware devices built on geographic data in the world
where a free editable map is created. OpenStreetMap rep-
resents physical properties on the ground, such as roads or
buildings, using tags attached to its data structures. This tag
describes a geographic attribute of the feature represented by
the particular node, path, way id, tag, or relationship. Here the

node represents a specific point on the earth’s surface defined
by its latitude and longitude. The way is used to represent
linear features of roads. And it has a unique id. A relation is
a multi-purpose data structure that documents a relationship
between two or more data items, such as nodes, ways, and/or
other relationships. Tags that each type of data item has, define
the meaning of that item to which they are attached. [23].

During the creation of the virtual city with the Unity Video
game engine, analyzes were made to examine and integrate the
OSM infrastructure and data. In line with these data, the city
was created where high-resolution satellite images are used as
textures. The satellite images are obtained from Google Maps
API. Therefore, we use two different sources of data where
OSM related road geometry is rendered onto Google’s satellite
images. Having an accurate alignment of those two sources
are crucial for the proposed method. Figure 7 visualizes the
alignment of the roads and satellite images. As seen from this
figure, the two sources are sufficiently well aligned while only
for a minority of regions there are misalignments.

While the city is being loaded, the Camera is focused on
the roads on the map. The camera has a bird’s-eye view of all
the roads on the map and the path is centred on the screen.
Roads have always been considered as linear line segments.
Bezier curves or b-spline algorithms can be applied in case of
problems for curvy sections of the road.

For labelling, the user is asked to select the path with the
mouse. A line is drawn between the two selected points. The
user uses the left / right arrow keys to move on the map and
uses S to save, and R to reset. The coordinates of the selected
path are saved in the screenshot and text file with the same
unique way id name.

In the text file, in addition to the x1, x2 coordinate, the
bounding box labels x1, y1, x2 and y2 are saved as two
separate outputs with their images to be used when needed.
Here, as seen in figure 11, Where x1 and x2 are the selected
line coordinates, y1 is assigned the upper left corner 0 value
and y2 is assigned the lower right 1 value.

Fig. 7. Alignment of the OSM Roads and Google Maps Satellite images

VI. RESULT & DISCUSSION

In this study, we have presented our quick road labelling
method for a given geo-location. In our experiments, Ankara’s
Etlik district is integrated as a virtual city and we have
performed road labelling on this region. The results are as
follows. The roads were pre-drawn with texture. The screen



Fig. 8. Road texture drawn

Fig. 9. Road non-textured

for the user to choose is in Figure 9. Here comes the unselected
and non-textured roads.

To improve the paths, the later path textures were made
invisible from Figure 8. In Figure 10, you can see the line
drawn after selecting it. When the user labels and saves, the
line is drawn on the screen disappears and becomes the same
as in Figure 9, so the screenshot is saved.

Users choose the path on this screen. If necessary, reset and

Fig. 10. Path selection and line for output

Fig. 11. Content of the saved file for road border specification.

the selected image with the new selection. And the following
results are obtained;

1) Coordinates with the name way id are saved as a text
file.

2) It was saved with the same name as the screenshot in
the image.

The screen image of the road without the tags on it and
the coordinates as follows will be taken as output. It is shown
in Figure 11. As explained and detailed in step 8 in the V.
Method section, the file name is given according to the way
id and node. only selected points x1, x2 in the first label. On
the second label, y1 is assigned the upper left corner 0 and y2
is assigned the lower right 1 value, and the x1, x2, y1 and y2
points are specified. These outputs can be shaped according
to the machine learning algorithm to be used.

With the proposed approach, a user can quickly specify
road borders. In order to test the efficiency of the proposed
labelling method, we have observed four subjects while they
perform labelling. According to our observations, it takes 10-
15 minutes for an average user to specify the borders of 100
road segments. Also, the subjects choose to label 74% of
the presented road segments while skipping the rest of them.
The reasons for skipping several cases include not having
well defined borders of the road segment, e.g., a junction;
invisible road segments due to occlusion and shadows from
tall buildings or trees; or misalignment of the two sources
of data (OSM and Google Maps). In general, the provided
method allows users to label road segments in a simple and
efficient manner.

The broad goal of our study is to create the roads of any city.
To achieve that, using the proposed labelling method, users can
label a small portion of the road segments by defining their
widths. This labelled data can be used by machine learning
methods to automatically extract the rest of the road segments.
This approach enables separately training road segmentation
methods for cities with different visual characteristics.

VII. CONCLUSION & FUTURE WORK

This study was used to select paths and find widths for data
provided for the 3D road model. The project aims to model
the path with road width data on the map. To do this, it is
necessary to create a data set and learn machine with these
data. As a result, data is provided for intelligent city simulation
and roads in the city are improved. The aim is to model the



roads in the city close to the actual width as in Figure 12
below.

Fig. 12. Road Building

In the future, many different adaptations, tests and exper-
iments will be carried out and the application will continue
to be developed. Deeper analysis will be made and more
meaningful data will be provided to the machine learning
work. Using the same application on different roads and
extracting appropriate data to find the correct path widths as
a result of machine learning.
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