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Abstract
We make use of the Volunteered Geographic Information (VGI) data to extract the total extent of the roads
using remote sensing images. VGI data is often provided only as vector data represented by lines and not as full
extent. Also, high geolocation accuracy is not guaranteed and it is common to observe misalignment with the
target road segments by several pixels on the images. In thiswork, we use the prior information provided by the
VGI and extract the full road extent even if there is significant mis-registration between the VGI and the image.
The method consists of image segmentation and traversal of multiple agents along available VGI information.
First, we perform image segmentation, and then we traverse through the fragmented road segments using
autonomous agents to obtain a complete road map in a semi-automatic way once the seed-points are defined.
The road center-line in the VGI guides the process and allows us to discover and extract the full extent of the
road network based on the image data. The results demonstrate the validity and good performance of the
proposed method for road extraction that reflects the actual road width despite the presence of disturbances
such as shadows, cars and trees which shows the efficiency of the fusion of the VGI and satellite images.
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1. Introduction
The work on extraction of topographic objects like roads from satellite imagery started from
late 1970s [43,37]. Yet, road extraction is a challenging research topic in the field of remote
sensing especially with the advent of high spatial resolution satellite images. Since the past
few decades, remote sensing has been an important data source for geographic information.
Nowadays, with the availability of multiple earth observation satellite imagery for the same
site/region, the problem of mapping registration between those available imagery and/or
even between Volunteered Geographic Information (VGI) and the image arises. Thus, there is
a need to represent these imagery data from multiple sources accurately.

Moreover, having an accurate and latest up-to-date road infrastructure database is
important formany applications such as topographicmapping andmap updating, alongwith
disaster monitoring and safety analysis [65]. Practical urban applications such as automated
road navigation [32], updating geographic information systems [7,38], and geometric
correction of urban remote sensing images [3] require accurate and up-to-date road
information. But the high complexity of remote sensing information of the road and other
limitations such as lagging-behind of modern computer automation in catching up with the
level of the corresponding demand, road extraction has still remain an active research topic in
remote sensing.

The general characteristics of roads include relatively a slight width difference and
changes in its direction, along with relatively uniform color but contrasting with its adjacent
area being interlinked to form a road network [51]. Because of the variations ofmaterials used
in road and road widths that usually occur in an image and because of the presence of
disturbance such as nearby buildings, trees and shadows cast by them, extraction of the
actual shape of the road is an inherently difficult task. The presence of vehicles and lane
marks on the road creates an arbitrary spatial and spectral texture that hinders the road
extraction process. Furthermore, composition of objects which are similar to road pavement
(such as roadside rooftops and parking areas) add unwanted noise to the extraction process.
These additional disturbances make separation of the road from its surrounding objects even
more difficult [12]. The information of road width is important in several applications. For
example, a fully extracted road network can be used as one of the inputs to perform accurate
geometric correction between images acquired at different times. As another example, in the
context of urban micro-climate studies, it is very important to get the exact extent of the road
as the thermal properties of the roads significantly affect the urban heat island effect. An
accurate representation of the urban land cover whichmainly consists of roads and buildings
is very important for urban thermal modeling [1].

Previous works such as Jin and Davis [22,13,20,56] proposed the use of various modern
techniques and methods to deal with the problems in road extraction. But these existing
methods still could not satisfactorily address the problem of separability stated above.
Because of the presence of many unavoidable disturbances in the road extraction process, a
accurate extraction becomes difficult, especially when the relation between roads and other
background objects (such as vehicles, trees, buildings, or shadows) is ignored. In fact, in aerial
imagery these background context objects often tend to have powerful influences on the
occurrence of roads in aerial imagery as tall objects tend to cast shadows on the road which
may cause to be a disturbance. Therefore, additional data like context information (e.g., noise)
is used in dealing with complex scenarios to steer the extraction process. For example, Strat
[54] and Bordes, Giraudon, and Jamet [8] made use of neighboring objects to achieve better
extraction.

With the introduction of geo-referenced digital road map, the accuracy and precision of
road extraction can be improved significantly. Nowadays, road network is generally
available in vector format with vertices and its corresponding edges connecting them. With
the rise of the web technology, publicly available information such as Volunteered

ACI
17,1

132



Geographic Information (VGI) has undergone fast development [33]. VGI is a crowd-sourcing
tool which allows members of the general public to create and contribute towards a global
database that contains geo-referenced facts about the Earth’s surface and its near-surface. An
example of VGI is OpenStreetMap (OSM) [44], which provides spatial, geometrical, and
attribute information about road networks. Most of the previous works use supervised
learning approaches which require large amounts of processing time and storage space to
train the system along with the demand for huge computation power. Thus, use of VGI helps
to extract such road width to the full extent in a cost effective manner especially when the
remote sensing data is growing day by day with even higher resolution.

1.1 Our contributions
The overview of our approach can be seen in the Figure 1. We use a segmentation approach
where we make autonomous agents traverse through segments in a known road direction
provided by VGI, and try to approximate the shape of the segment by its area to extract the
road width accurately. As the width of the roads is mostly fixed, the road segments appear as
rectangular objects, so the approximate width of the segment can be obtained by the
corresponding area of the image segment and its corresponding length is obtained from
VGI line.

In our proposed work, the segmentation process is performed prior to the traversal by the
agent. Then, our autonomous agent performs a local operation to extract road width by

Figure 1.
Overview of our

approach.
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getting inputs in the form of VGI and segmentation results of the satellite image in the
direction guided byVGI. Apart from these inputs, agents tend to traverse with the knowledge
of the width of previously traversed segments and also the spectral features i.e. color to verify
the existing road. Also, if there is an issue with the image registration, it becomes very
difficult to utilize the VGI, which is the reason why we used the agents approach, where we
traverse the VGI and the images in parallel. Thus, the method is also adapted to account for
problems associated with geographic mis-registration between the VGI and the image where
VGImay not necessarily overlapwith the available satellite images as shown in Figures 2 and
10. Out of many possible mis-alignments between VGI and the satellite image, our proposed
approach helps to deal with two major mis-alignment problems i.e translation and rotation.
For the case of translation, if we know the starting position from the VGI, then we would only
need to locate its neighbourhood point in the underlying image. Once we map the starting
position of the VGI in the underlying image, we are able to traverse through the route in the
direction of the VGI to extract the road network.While in case of rotation, we would need two
reference points in order to determine the angle of rotation and then, we can proceed in the
similar manner by mapping the starting position of VGI onto the underlying image, we are
able to traverse to detect the road. The process also detects the cases where the road appears
in the VGI and not in the satellite images, and thereby ignores such segments.

2. Related works
The fusion of digital image data has become essential in remote sensing for many
applications such as topographic mapping and map updating, as well as disaster monitoring
with the availability of multi-sensor, multi-temporal, multi-resolution and multi-frequency
data from different Earth observation satellites [48].

Satellite images have been mostly used for the purpose of classification of land use/cover
[49]. The presence of in-depth information content of the multi-spectral data, along with the
inputs from optical sensors are being used for various classification purpose. Thus, most of
the research work found uses the spectral aspect [2,58,9,63,13], while the temporal and spatial
aspect has not been utilized much [49]. Also, image texture provides the spatial aspect of

Figure 2.
The case of translation,
where satellite image
(Image 3) not
overlapping with VGI
information shown in
red dotted line.
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remote sensing images, which can increase accuracy of classification based on information of
local spatial structure and variation among land cover categories [17].

A number of works have been carried out in the area of road extraction from satellite
images. Few examples include road width extraction, road centre-line extraction and road
network detection. Road extraction can be categorized in two ways [2]. First, road extraction
methodologies can be categorized based on either road-area extraction or road-centerline
extraction. Road extraction largely depends on image classification and segmentation
[41,46,58,31]. Road-centerline extraction methods relies on detecting road-skeletons
[33,55,52,39,10]. Secondly, road extraction method can be automatic or semi-automatic. In
semi-automatic, some prior information such as user inputs such as seed points or prior
geographical information are required [33,11]; while in automatic approaches, no such prior
information is required [42,36,59,21,41]. Also, additional inputs to the classifiers have proven
to be important factors for increasing the classification accuracy [25,30,60,61]. Most of the
existing approaches use supervised learning, which requires large amounts of training time
and computational resources. Hence, there is a need for effective system to estimate the extent
of the road width.

With the availability of the VGI, it has been used in number of applications including to
map land-use patterns [23] and disaster management [19]. Even though the credibility of the
VGI has been questioned [16] because it is voluntarily collected from public and it is freely
available, it is usually reliable due to the engagement of a lot of volunteers, especially when it
comes from sources or data warehouses such as OpenStreetMap [14,28].

Zhang [64] initially used road database along with various other data sources to develop
automated system to verify whether the road exists or not. Baltsavias [6] also provided an
overview about the use of knowledge and existing geodata to develop object identification
system. The work by Liu et al. [33] integrates Mathematical Morphology (e.g., path opening/
closing) approach by adapting VGI captured in the OSM database along with shape features
(e.g., elongation and compactness) as prior knowledge to extract main road-networks from
satellite images.

Yuan and Cheriyadat [63] presented a method guided by OSM data that precisely
segments road regions and uses a factorization-based segmentation method in order to
localize boundaries for both texture and non-texture regions. Mattyus et al. [34] also
combined OSM data with aerial images to estimate road width at global scale using a
sophisticated random field probabilistic model.

[62] proposed an automatic method to align raster image to Google Maps by finding out
local translation within each image tile. The process is then followed by a method of ‘thin-
plate-spline’ warping which uses tile control point pairs along with confidence values. [53]
proposed a method to define binary road mask by using spatial length-width contextual
measure. This process was used in finding intersection and termination points. Thus,
obtained matched point pairs were used to perform rubber-sheeting transform. Then
modified snake algorithm is used to form the final binary image by taking into consideration
intermediate vector road points.

Mnih and Hinton [41] used neural network trained with a labeled datasets which were
derived from rasterized road map in order to detect road pixels. Their approach was able to
detect roads with moderate occlusions but their method seemed to have failed when the
occlusions are large. In other works, generally the road features obtained from the satellite
image, such as edge and parallel boundaries, are not always prominent enough to be
important features in all situations. Moreover, methods like the one proposed by Chen, Sun,
and Vodacek [12] needed to perform separate map registration to align road vectors to its
corresponding image road centerlines prior to extracting road segments. Recently, Kaiser
et al. [26] used deep convolutional neural networks (CNN) on online maps to detect roads and
buildings. Also, Landsiedel and Wollherr [29] used semantic knowledge from 3D metric
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environment to infer street geometry information. However, our proposed approach is more
effective than the above mentioned approaches as it is less resource demanding and we tend
to determine the total road width and also, provide the way to deal with map registration
problem through the traversal of agents.

3. Proposed method
This section covers the procedures used in our approach. Before applying our approach, we
first need prior information about the road centre-line, which can be obtained from VGI.

3.1 Preprocessing
We use WorldView-2 satellite [15] images, which consist of 8 bands. In the first step, we
extract the Normalized Difference Vegetation Index (NDVI) [18] feature to differentiate
vegetation and also to improve the contrast of other objects in the satellite image. The NDVI
feature is normalized to range of [0, 1000] to be able to use in segmentation process. In this
work, we perform Principal Component Analysis (PCA) [24] on the 8 bands of the satellite
data to reduce the dimensionality of the data. We choose the set of the first three components
which account for 99% of the variance of the original satellite data. The PCA components are
also normalized between 1 and 1000. The normalized PCA components are stacked with the
normalized NDVI layer to form the basis of our segmentation process. The main idea is to
improve the contrast between the objects and also reduce dimensionality to efficiently use the
segmentation algorithms which are mostly based on Euclidean distance between objects in
the spectral feature space.

3.2 Segmentation
Segmentation is a process of performing partition of an image space into non-overlapping
homogeneous segmentswhich has similar spectral features.We perform segmentation at two
levels using eCognition software [57]. The first level uses multi-resolution segmentation and
the second is based on spectral difference segmentation ([5]).

3.2.1 Multi-resolution segmentation. Multi-resolution segmentation [4] is based on scale,
color and shape of an object for dealing specially with a very high resolution imagery, as it
consists of very fine details. As objects of interest typically appear at different scales in an
image in a very high resolution image, it allows the extraction of segments consisting of
different size of the image objects. This process starts with each pixel which leads to form one
image object or region. Then, a pair of image objects gets merged iteratively to form a larger
object, wheremerging is performed based on the criteria of local homogeneity, which depends
on similar spectral values of adjacent objects.

The criteria for creating image objects having relatively homogeneous pixels using the
general segmentation function is

Sfn ¼ wclr · hclr þ ð1� wclrÞ · hshp (1)

where w (user-defined weight) for spectral color (clr) versus shape is 0 ≤wclr ≤ 1:
Spectral heterogeneity (h) of an object is defined as the sum of the standard deviations of

spectral values of each band ðσkÞmultiplied by the weights for each band ðwkÞ:

h ¼
Xm
k¼1

wk$σk (2)

Difference between adjacent objects: When two image objects are similar and closer to each
other in the feature space, the degree of fitting df for d-dimensional in this feature space is
defined as:
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df ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
d

ðf1d � f2dÞ2
r

(3)

Here, the distance can be generalized in each dimension by its standard deviation over all
segments of the feature:

df ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
d

�
f1d � f2d

σfd

�2

vuut (4)

The degree of fitting of two adjacent image objects can be defined by describing the change of
heterogeneity hdiff in a virtual merge.

hdiff ¼ hm � h1 þ h2

2
(5)

The generalized equation to an arbitrary number of channels c each consisting n different
objects and each having weight wc:

hdiff ¼
X
c

wcðn1ðhmc � h1cÞ þ n2ðhmc � h2cÞÞ (6)

3.2.2 Spectral difference segmentation. On the results of multi-resolution segmentation, we
perform spectral difference segmentation. This is a merging procedure, where neighbouring
objects with a spectral mean below the defined threshold are merged to produce the final
object segments. This reduces the total number of objects and also improves the results of
multi-resolution segmentation. Figure 4 shows a sample segmentation output of a satellite
image in Figure 6(a).

3.3 Road extraction
We consider the known road centre-line information (available from VGI) as our starting
point to extract the road region in the satellite image. We utilize a traversing multi-agent
approach, where multiple agents traverse the network and perform local operations
simultaneously inmultiple directions across the segmented images along theVGI. The agents
traverse each segment utilizing the information of the segment such as segment length,
width, and the angle of the line segment.We use a semi-automatic processwherewemanually
need to specify the starting point on which our agent gets initiated both on the satellite image
and the VGI. We then extract the whole segment in which the starting point lies. Once we
extract the road segment, we obtain the end points of that segment after the thinning process
[27]. We then traverse through each end point and try to see if there is an adjacent segment
that can be connected in the direction of known road providedVGImeets the existence of road
criteria. This criteria is based on mean color variation of the traversing segment such that
threshold of the variation difference is defined at 1.5 of the previous segment. We choose this
threshold based on experiments using sample images which were manually examined. Apart
from this, we also account for exception cases of occlusions like shadow and trees, where
NDVI was found to be less than 0 for shadows and more than 0.3 for trees based on visual
observation on sample images. With this, we try to see if the pixel in neighbouring segment
along the direction of known road can be treated as road segment or not. If it is a road segment
then, at each end point, a sub-agent gets created and then it traverses through each detected
road segment, thereby determining the entire road network. This process in described in
Algorithm 1. An example is shown in Figure 3 (from (b) to (d), . . ., up until (e) and (f)).
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We illustrate the demonstration of our approach in Figure 5. With reference to Figure 5
(i,ii,iii), we demonstrate how our agent traverses to segment ‘Q’ from ‘P’. Let us consider that
we have three segments X,Y&Z as shown in (i). But due to the noise, during segmentation we

Figure 3.
Illustration of our
approach. Starting
from the road centre-
line information from
VGI in subfigure (a),
autonomous multiple
sub-agents discover
the road segments
incrementally in
subfigures (b), (c),
(d), . . ., (e), and (f).
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yield segments such as P, Q & R as shown in (ii). We also consider its corresponding VGI
centre-line segment as shown by dotted line in the figure. Suppose segment ‘P’ has end points
‘a’ and ‘b’; segment ‘Q’ has end points ‘c’ and ‘d’. Then our agent starts with segment ‘P’ and
traverses through points ‘a’ and ‘b’. Now, the agent searches for the neighbouring pixels of ‘b’
belonging to the different segment, which happens to be ‘c’ as it belongs to different segment
‘Q’. Then, agent extracts the segment ‘Q’, keep record of its segment area and performs the

Figure 4.
Example of image

segmentation.

Figure 5.
Illustration of

Traversing Agent and
Road-width

Determination.
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thinning process on segment ‘Q’ and determines end points (‘c’,‘f’, ‘g’ & ‘d’), which includes
joint points (‘f’& ‘g’) as well apart from end points (‘c’& ‘d’). Then we determine the angle of
the segment by considering the median of the angles between two points lying in that
particular segment. This allows us to approximate the angle of that segment. In Figure 5 (iv),
we illustrate our road-width determination process. Then, we take its corresponding VGI
centre-line and grow its area in the direction of the determined angle. The resultant segment
outcome will be driven by the shape of VGI. Then, we start to grow the size of VGI centre-line
in segment ‘Q’ such that the grown segment ‘q’, as shown in (iv) has an area pertaining to that
of segment ‘Q’, provided it meets the criteria of the width-ratio; which we will describe in next
section. Thus, our agent traverses to segment ‘R’ from segment ‘Q’ in the similar manner.

3.3.1 Determination of road width.The width of the road tends to be more or less constant
over the region defined by the extracted road segment. The width tends to change from
segment to segment, but consistency of the width ismaintained somewhat in the region of the
change where the segment gets changed. Thus, by getting the underlying segmented area
directed by VGI, we try to approximate the width of that corresponding VGI segment with its

Figure 6.
Results for Image 3. (a)
Original RGB image,
(b) Ground truth, (c)
Detected road network
by our method, and (d)
Overlapping of
detected road with
ground truth. Pink
indicates over
detection (false
positives) and green
under detection (false
negatives).
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corresponding area obtained from segmentation. But the segmentation process may not
always provide a perfect segment that overlays with existing roads, as there may be noises
(such as vehicles, trees, street paints, etc.) which could prove to be hindrances in this process.
In order to address this, we keep track of the width of the road by defining the width ratio
based on the area of that particular road segment to the length of road within that segment.

For each detected segment, we start with growing the region of the known road centre-line
such that it covers the maximum region of the road segment. Here, the centre road line of the
VGI segment is grown in a rectangular way from its initial skeleton until the area of the
rectangular region matches the area of the segment detected. We take this region area into
consideration and define the width of the road. This process is illustrated in Algorithm 2.
Since the segmented area is vulnerable to the outliers (because of the presence of noises), we
maintain the width of the road for each traversed segment and perform analysis based on its
previous segment width before defining the current width of the road. We keep the ratio of
width to length of the road constant, and this allows us to deal with the noises present in the
direction of the road. For example, a few trees can be a part of a road and hence can lead to a
greater extension of the segment when the areas of trees expand outside the road region.
Thus, this could lead to defining more width of the road than the actual one. Hence, by
keeping track of the ratio, we would be able to deal with the noises while defining the width of
the road. In order to make this road-width ratio more consistent, apart from initial 5 traversed
segments; we use each time median value of the determined ratio from the last 5 traversed
segments. Thus, making our road-width ratio more robust to width changes.

4. Results and discussion
4.1 Dataset
We have used two datasets in this experiment which are Abu Dhabi Dataset and
Massachusetts Dataset.
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4.1.1 Abu Dhabi Dataset. The test data includes images acquired in 2014 over Abu Dhabi,
United Arab Emirates by the WorldView-2 satellite with 0.46 meters ground sampling
distance for panchromatic and 1.84 meters for multispectral images. All the images are
composed of eight multispectral bands (Coastal, Blue, Green, Yellow, Red, Red Edge, NIR 1,
and NIR 2) with a radiometric resolution of 11 bits per pixel. All the multi-spectral images are
pan-sharpened with Gram-Schmidt approach [35] using Panchromatic images to create
higher resolution images which helps to enhance the shape of the objects in color images. The
VGI data is manually created by four volunteers by drawing vector lines overlaid on Google
Earth [47]. This forms a nice case to validate our method on incorrectly registered data, as we
observed significant misregistration between Google Earth images and the WorldView-2
data used in this study. The assessment of our proposed approach is performed over 7 test
images (each image has a size of 12003 1200 pixels) which differ in the width of the road and
the noises present on the road. The ground truth of the actual road network in each test image
is manually traced by the authors in a very careful manner before applying our method to the
image in order to avoid any bias.

4.1.2 Massachusetts dataset. This data set consist of 1171 aerial images of the
Massachusetts state which was made public by Mnih [40]. Each image has a size of 1500
3 1500 pixels which covers an area of 2.25 square kilometers consisting of urban,
suburban and rural areas. We have randomly selected over 50 contrasting images to perform
comparison analysis. And the VGI data is developed in a similar way to Abu Dhabi dataset.

4.2 Detection performance
Pixel-based performance measures such as accuracy, precision, recall, and F1-score are
determined to assess the quality of the results of the road extraction. A false positive (FP) is
defined as an “over detection” where an actual non-road pixel is detected as a road pixel by

Figure 7.
RGB images for (a)
Image 1, (b) Image 2, (c)
Image 4, (d) Image 5, (e)
Image 6, (f) Image 7.
Each test images are of
size 1200 by 1200
pixels.
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our method. A false negative (FN) is defined as an “under detection” where an actual road
pixel is left out as a non-road one by our method. A true positive (TP) (true negative (TN)
respectively) means that an actual road (non-road respectively) pixel is correctly identified as
such.

Precision ðCorrectnessÞ ¼ TP

TP þ FP
(7)

Recall ðCompletenessÞ ¼ TP

TP þ FN
(8)

Quality ¼ TP

TP þ FP þ FN
(9)

F1� score ¼ 2TP

2TP þ FP þ FN
(10)

We can visualize the results in Figure 8 and Table 1. The results demonstrate that our
proposed framework is effective for the extraction of existing roads. We are able to achieve

Measure Img1 Img2 Img3 Img4 Img5 Img6 Img7

Precision 0.76 0.82 0.74 0.86 0.76 0.81 0.82
Recall 0.94 0.91 0.98 0.98 0.94 0.96 0.91
Quality 0.79 0.81 0.79 0.78 0.81 0.82 0.82
F1-score 0.82 0.86 0.83 0.80 0.84 0.88 0.86

Figure 8.
Superimpose of

detected road with
ground truth for (a)

Image 1, (b) Image 2, (c)
Image 4, (d) Image 5, (e)
Image 6 and (f) Image 7.

Pink indicates over
detection (false

positives) and green
under detection (false

negatives).

Table 1.
Performance

evaluation in different
images (for tile size

300 3 300).
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average accuracy of above 93% in all the seven test images with the maximum being 96% in
Image 6 and minimum being 88% in Image 2. The pixel-based overall computed mean
precision is about 80% which shows correctness, mean recall about 94% which shows
completeness of the road-width detection, and mean F1-score around 83% for the 7 test
images.

In Figure 8, the white color portion of road shows the overlap of detected road regionswith
ground truth, pink color shows the overly detected road regions (false positives), and green
shows the undetected road regions (false negatives). The results show that most of the times,
we extract more width than the ground truth as indicated by pink color. Since we tend to
approximate the areas of traversed segment, we tend to overestimate the width of the road
resulting in the lower mean precision value. This is also because a clear distinction cannot be
made between road and non-road regions while identifying the ground truth because of
presence of disturbances such as shadows, trees, and parking vehicles, etc. Our approach
sometimes tends to miss when the actual width of the road is much wider than usual. This is
becausewe take into consideration the initial width traversed and then slowly build upon that
width ratio of the road which helps to deal with the noises such as trees, vehicles and
shadows. We also observe that by growing the region, we are able to connect the disjointed
roads which are incurred because of the problem with disjoint center lines if any.

4.3 Computational complexity
FromTable 1 and Figure 9, we can analyze the execution time of our proposed road extraction
method. (We use a standard workstation using Microsoft Windows 7 with Intel Core i7-3770
with 3.40 GHz, 16 GBDDR3RAM, and 1TBSATAHDDwith 7,200 RPM.) Since the proposed
method can be easily parallelized, we experimented with tiling to handle large datasets. For
each image, by increasing the tile size from 1503 150 pixels to 3003 300 pixels tile size, the
execution time decreases. After that, the execution time tends to increase with the increase of
the tile size. Thus, we can say that the execution time for the running of the road network
extraction generally decreases with the decrease of tile size. However, if the tile size becomes
too small, our method tends to divide the object segments into multiple tiles, and then the
execution time is observed to have increased (as in case of 150 3 150 pixels tile size).

Figure 9.
Comparison of
execution time in
seconds for different
tile sizes (pixels).

ACI
17,1

144



So, we found 300 3 300 pixels tile size to be the most effective size for road extraction in a
parallel scheme. Figure 9 shows that the image 4 (shown in Figure 7 (c)) has higher execution
time in comparison to the other images. This is because the image 4 consists of the shadow
which falls across the entire road width and beyond. Therefore, much finer segmentation of
the image is performed. The traversal of one big segment takes lot lesser time than the
traversal of smaller segments within the same big segment because of repetitive traversal
function calls and other checks that need to be performed. Thus, the traversing agent took
more time in image 4 than the other images.

In terms of the four performance metrics (accuracy, precision, recall, and F1-score), the
change in tile size only affects them by a very small order of magnitude resulting in very
minor changes like 0.01, which are statistically negligible.

4.4 Non-overlapping VGI
For the cases where the road information from VGI does not overlap with the underlying
satellite image, by using the starting point and the direction of the existing roads, our
approach has proven robust to traverse through the route in the direction of the known road
to extract the complete road network with same performance measures as with overlapping
case. A sample case is demonstrated in the image shown in Figure 2. Figure 10 shows case of
rotation, where we manually rotated the image. With the help of two reference points, we
determine the angle of rotation. Then, we use initial mapping reference seed in order to apply

Figure 10.
A case of rotation: (a)

Test image in RGB, (b)
A part of test image,
which is rotated, (c)
Corresponding VGI

road centre-line for test
image, and (d) Detected
road for rotated image.
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our algorithm in the direction of angle of rotation. The result (i.e., detected road) of the process
is shown in Figure 10(d).

4.5 Comparison with existing methods
In ZY-3 dataset (as shown in Figures 11 and 12), our approach tends to provide smoother road
detection with better handling of noises as compared to output obtained from the approach of
[33]; which also makes use of VGI. Table 3 shows the comparison of our results with other
different approaches mentioned in Alshehhi and Marpu [2], values listed are average values
over 50 contrasting images taken from Massachusetts dataset. Also other approaches like
Saito, Yamashita, and Aoki [50] and Panboonyuen et al. [45] performed experiments on
Massachusetts dataset, but are not the exact images from this study. [50] claimed to obtain
their best recall measure of 91.18% whereas we were able to obtain recall of 92.9%.
Meanwhile Panboonyuen et al. [45] used a highly resource demanding approach of the deep
CNN along with landscape metrics and conditional random fields to get completeness of
89.4%, correctness of 85.8% and F1-score of 87.6%. From the results as shown in Figure 13,
by using our approach, we can justify that the use of VGI information is able to aid in
extracting the width of the road most of the times. Moreover, some algorithms which do not
use VGI tends to detect even railway tracks as the roads [2]. However, the failure to detect
newly constructed road still remains the drawback of our method, but regularly updated VGI
will help to deal even with these situations. Figure 13 shows that our approach tend to
overestimate the width which can be explained with the over-segmented regions lying
underneath the VGI indicating road because of similar texture of neighbourhoods regions
next to roads.

Figure 11.
Examples on ZY3
dataset: (a) Test image
8, (b) VGI (red line) on
test image 1, (c) Output
of [33] (d) Output of the
proposed approach.
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Tile size Img1 Img2 Img3 Img4 Img5 Img6 Img7

150 3 150 66 57 26 159 85 50 67
300 3 300 57 52 22 162 69 43 54
600 3 600 74 83 25 233 113 55 120
1200 3 1200 158 155 50 531 174 121 141

Figure 12.
Examples on ZY3

dataset: (a) Test image
9, (b) VGI (red line) on
test image 2, (c) Output
of [33] (d) Output of the

proposed approach.

Table 2.
Comparison of running

time in seconds for
different images for
different tile sizes

(pixels).
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5. Conclusion and future works
In this paper, the extraction of the total width of a road network from a satellite image is
presented with the help of a traversing agents in the direction guided by VGI over the
segmentation results. Assessments performed on 7 test instances of Abu Dhabi selected from
WorldView-2 satellite images, 2 test images from ZY-3 dataset and over 50 images from
Massachusetts dataset demonstrate that our approach provides the ability to extract smooth
road network with generalization of the width of the road based on area of the segment
traversed using the multi-agent-based road network extraction process. Our approach is able
to deal with noises such as trees and shadows of the building casted on to the road, thus
providing a smooth road network.

The results from this work form an important input to our future work to extract the new
developments in the road network which allows us to update the global road database. For
updating the global road network, which involves adding new road regions and amending

Methods Completeness Correctness Quality F1-score

Maurya et al. [36] 82.3 ± 4.7 70.5 ± 4.3 61.2 ± 6.1 N/A
Sujatha and Selvathi [55] 83.5 ± 4.3 76.6 ± 4.5 66.5 ± 6.4 N/A
Alshehhi and Marpu [2] 92.5 ± 3.2 91.0 ± 3.0 84.7 ± 5.4 N/A
**Panboonyuen et al. [45] 89.4 85.8 N/A 87.6
**Saito et al. [50] 92.9 90.1 N/A N/A
Proposed-Method 93.4 ± 4.1 85.9 ± 2.9 82.2 ± 3.4 90.2 ± 3.1

Table 3.
Comparison with other
approaches.
(**Experiment might
have been performed in
different images of the
same dataset, N/A
means data was not
reported and all values
are reported in ‘%’).

Figure 13.
Examples on
Massachusetts dataset:
(a) Ground Truth
superimposed over test
image 10, (b) Results
obtained by proposed
method on test image
10, (c) Superimposition
of detected road with
ground truth for
Massachusetts test
image 10, (d) Ground
truth superimposed
over test image 11, (e)
Results obtained by
proposed method on
test image 11, and (f)
Superimposition of
detected road with
ground truth for
Massachusetts test
image 11 (pink color
indicates over
detection; green means
under detection).
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the regions of the existing ones, we plan to make use of a machine learning approach to
extract those additional segments.
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