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ABSTRACT: The extraction of curvilinear features of road networks in digital images from Remote Sensing
(RS) is very important for Cartography, because this extraction contributes to updating cartographic products.
As different curvilinear features of a road network present in the same image usually have distinct
characteristics, a single method or technique can extract features precisely in one area of the image, but only
partially in another area of the same image. Consequently, features extraction methods usually present results
with failures, compromising the quality of the extraction of the curvilinear features of the road network in the
image as a whole. Aiming at presenting an alternative to improve the results from the extraction of road network
in digital images, this paper proposes a semiautomatic method for post-processing digital images from remote
sensing in order to reconstruct curvilinear features of road network extracted with flaws. The method uses
techniques such as active contour, regression, and cubic splines for the reconstruction of curvilinear features in
road networks, which were only partially extracted in previous processing. According to the proposed method,
each technique is applied alone or jointly to parts of an image that have flaws, since each type of flaw is better
reconstructed by one or another reconstruction technique. The results achieved by this work, which were
validated by an increase of almost 10% in the completeness, correctness, and quality metrics of the extraction
after its reconstruction, allowing cartographic products to be updated with higher accuracy.
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I. INTRODUCTION

The extraction of road network features present in digital images from Remote Sensing (RS) has
attracted the attention of the scientific community for decades. The processes of extracting features of road
network from aerial or orbital digital images have been widely used and are important for many applications,
such as urban planning, geographic database updating, and change detection (WANG et al. al., 2016). These
processes aim at identifying targets present on the terrestrial surface to provide cartographic updates. However,
despite the variability and quantity of studies already published by the scientific community, such processes are
still subject to failures in cartographic features extraction.

The development of automatic and semiautomatic methodologies that perform the extraction of spatial
features has increased, especially the extraction of road networks, which among the anthropic features, has
significant importance in everyday human activities (MABOUDI et al., 2017). Among the activities that demand
updated and accurate road network data are traffic management, navigation, tourism, emergency and rescue
services, etc. (Mayer et al., 2006; RAVANBAKHSH et al., 2008).

Approaches for extracting road networks have been found in the literature for more than 40 years, and
among the various methods published, most use neural networks (BARSI et al., 2002), mathematical
morphology (COURTRAI and SEBASTIEN, 2016; CARDIM et al, 2017), graphs (UNSALAN and
SIRMACEK, 2012), snakes and dynamic programming (GRUEN et al., 1999), and object-based methods
(MABOUDI et al., 2017). In addition, methods that integrate other sources of data have also been developed,
such as using Laser data (SOILAN et al., 2018).

Although a number of solutions have been proposed, depending on the approach and type of data
employed, the result of the extraction may have only partially extracted features. This is because road network
extraction is a problem in the scope of object recognition from images, aggravated by factors such as the
characteristics of the image itself (spatial and spectral resolution, lighting conditions and soil characteristics);
the complexity of the scene; and the variability of the objects present in the image (WANG et al., 2016). For
example, there are methods targeted for extraction of road networks in low and medium spatial resolution
images, which are prone to failure when applied to high resolution images since the volume of information to be
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processed (pixels) is larger and therefore unsuitable for large areas. The result is the incomplete identification of
the contours of the targets of interest, which reduces the quality of the extraction produced.

For the cases in which the extraction of features presents flaws, increasing quality depends on the use
of techniques for reconstruction of these features. Among the techniques used for feature reconstruction of road
networks, three deserve to be highlighted for their high performance: active contours snakes (PETERI et al.,
2003), regression (SIRONI et al., 2016), and cubic splines (WU et al., 2009).

Active contours are based on borders, so it detects the border and separates the image into region and
border. Snakes are deformable active contours (Kass et al., 1987), and are intended to approximate the locations
and shapes at the borders since it is assumed that the borders are continuous and smooth (BERTUOL, 2007).
The technique consists of adapting the initial curve drawn around or inside the object by means of subsequent
iterations that adapt the curve to the edge of the object, minimizing a given energy (JUNIOR SILVA, 2010).
The parametric representation of a snake is v (S) = (x (s), ¥ (S)), where x and y are functions that represent
coordinates and s € [0,1] is the domain. The application of active contours snakes for the reconstruction of
curvilinear features of road network extracted with flaws can be found in Peteri et al., 2003. In that study, the
active contours were combined with multi-resolution analysis based on wavelet transform for edge detection at
multiple resolutions and reconstruction of road networks, which had already been extracted by a preprocessing
phase.

The regression technique explores the relationship between dependent variables, response values,
independent variables, and exploratory values. Regression is used as a curve fit or, in other words, an adjustment
of flaws at the edge of the images. The behavior of Y in relation to X can be presented in a variety of forms such
as cubic, linear, and exponential, among others. The application of regression for the reconstruction of
curvilinear features of road network extracted with flaws can be found in SIRONI et al., 2016. In that study,
regression was applied by reformulating the detection of multi-scale central lines to solve irregularities in the
linear structures and the difficult to distinguish central lines in relation to the neighborhood. Among several
applications found in that study, there is the regression applied to the reconstruction of features with road
networks extracted with flaws, present in high-resolution satellite images.

On the other hand, there are techniques focused on interpolation of polynomials, and when those
polynomials are of high order, it is possible to detect bad behaviors while determining the result. The Cubic
Splines technique is one of the methods that assists in eliminating these behaviors. In addition to solving the bad
behavior of polynomials with high orders, cubic splines can be used both in extraction and reconstruction of
features (GALO et al., 2001; OLIVEIRA, 2003). The application of cubic splines for the reconstruction of
curvilinear features of road network extracted with flaws can be found in WU et al., 2009. This study presents a
strategy for the extraction and reconstruction of road networks. The study focuses on the prediction of
positioning and the width of tracks of roads. In that work, cubic splines are used to reconstruct the geometry of
the roads, mainly related to curves. Images with different lighting conditions are considered.

The higher the quality in the extraction of the features and the reconstruction, the greater the final
precision obtained. Therefore, with the objective of presenting an alternative to improve the results from the
extraction of road network in digital images, this article proposes a semi-automatic method of post-processing of
remote sensing digital images for the reconstruction of curvilinear features of road network using techniques
such as active contour, regression, and cubic splines.

1. MATERIALS AND METHOD

To evaluate the proposed semi-automatic method of post-processing, this method was applied to a
dataset composed by real RS images, which allowed us to investigate curvilinear features of road network with
different characteristics. All experiments applied the method to verify if it is able to reconstruct curvilinear
features extracted with flaws, independent of the different characteristics presented by the curvilinear road
network features of the RS digital images found in the dataset. Each experiment applied, semi-automatically, the
three techniques of active contouring, regression, and cubic splines, to reconstruct curvilinear features of road
network that were only partially extracted in previous processing. The experiments aimed to verify if the
proposed method is an alternative to improve results from the extraction of road network in digital images. The
images present in the dataset of digital images used in this research present diverse scenarios. They correspond
to different stretches of road networks that range from, the Rodoanel highway in the capital of S&o Paulo, Brazil,
the Tamoios highway near the coast and mountain range, and unpaved rural roads. All images from the dataset
are from RS and were obtained by sensors aboard the QuickBird satellite, in the case of Rodoanel highway, and
WorldView2, in the case of Tamoios highway. The images were collected by sensors at different times, ranging
from March 26, 2009 to August 14, 2015.

These images were carefully chosen to be used in the experiments of this research for three different
reasons. The first reason is because they all have high spatial resolution (50 cm in the panchromatic band) and
16-bit radiometric resolution, although they originate from different sensors. The second is because they have
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curvilinear features of road networks with very different characteristics (e.g. paved and unpaved; different
textures and colorations in their pavements; different lighting conditions; the presence or absence of vehicles; or
being partially covered by different elements such as viaducts, shadows, trees, etc.). The more characteristics a
curvilinear feature presents in the same image, the greater the likelihood of finding failures in the extraction of
the feature from that image. Therefore, the use of this set of images was important because it allows evaluation
of the robustness of the method for reconstruction of curvilinear features with flaws taking in consideration a
diversity of characteristics.

The final reason these images were selected is because they present three distinct levels of difficulty
that can be related to the reconstruction of curvilinear features of road networks: low, medium, and high
sinuosity. The higher the sinuousness of the curvilinear features, the more difficult it is to be reconstructed.
Figure 1 presents examples of images from the dataset used to evaluate the semiautomatic method of post-
processing proposed in this research. The images show the three different levels of difficulty related to
reconstruction: low sinuosity in Figure 1 (a), mean sinuosity in Figure 1 (b), and high sinuosity in Figure 1 (c).

Using this set of images was important because it allows evaluation the robustness of the application of
the techniques for reconstruction of the features (active contours, regression and cubic splines), while taking in
consideration the different levels of difficulty related to reconstruction of curvilinear features of road networks
extracted with flaws.

Based on previous descriptions, it is noted that the experiments tried to evaluate the ability of the
method to reconstruct curvilinear features extracted with flaws, taking into account different contexts and
degrees of difficulty related to road networks. Therefore, the experiments considered: (1) problems with low
complexity (for example, a single flaw related to the presence of a viaduct in a curvilinear feature with low
sinuosity, as shown in Figure 2 (a) original and (b) pre-processed for extraction of road network features); (2)
problems with medium complexity (for example, flaws related to the presence of vehicles and differences in
pavement, which result in intensity variation in the image, in a curvilinear feature with medium sinuosity, as
shown in Figure 3 (a) original and (b) pre-processed for extraction of road network features); and (3) problems
with high complexity (for example, flaws related to the absence of road paving and the presence of shadows,
trees, undergrowth, spots, etc., in a curvilinear feature with high sinuosity, as shown in Figure 4 (a) original and
(b) preprocessed for extraction of road network features).

Fig. 1 - Three different levels of difficulty related to the reconstruction of curvilinear features of road
networks extracted with flaws: (a) low sinuosity, (b) mean sinuosity, and (c) high sinuosity
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@ (b)
Fig. 2 - Example of problems with low complexity: (a) original image of curvilinear feature with low
sinuosity partially covered by a viaduct; (b) simple single flaw (highlighted by the rectangle) resulting
from the process of extraction of road network features.

@ (b)
Fig. 3 - Example of problems with medium complexity: (a) original image of curvilinear feature with
medium sinuosity partially covered by vehicles and with differences in pavement; (b) flaws (highlighted
by rectangles) resulting from the process of extraction of road network features.

O
Fig. 4 - Example of problems with high complexity: (a) original image of curvilinear feature with high
sinuosity, without paving and partially covered by shadows, trees, undergrowth, stains, etc.; (b) flaws
(highlighted by rectangles) resulting from the process of extraction of road network features.

The proposed method was applied to all contexts and degrees of difficulty mentioned in this
article, each of which was tested separately. The same method was rigorously and systematically applied for all
experiments.

The method, presented in the diagram of Figure 5 and proposed in this research, consists in firstly
opening the digital image from RS already preprocessed for extraction of road network features. Then visually
examine the image containing the road network to find any flaw. Next, for each flaw found, select the image
area around the flaws. Finally, apply one or more techniques (active contours, regression and cubic splines) as
necessary to reconstruct the flaws and according to the methodology described in following paragraphs.

International organization of Scientific Research 35 | Page



Semiautomatic Method for Reconstruction of Road Network Detected from Satellites Image

C D

Open Image

P
<«

\ 4
Check Visually

Is There Any
Reconstructable
Flaw?

Select Area With Flaw

A\ 4
Apply Technique

v \4 ‘}

Cubicas .
Snakes Splines Regression

v
Present Results

C W

Fig. 5 - Diagram of proposed method.

For the active snake contours, consider all points belonging to the edge of the user selection in the application of
the equation of energy minimization until the minimum value is reached or until it completes 400 iterations (this
value was determined empirically). The energy to be minimized is called Total Energy as follows:

Etotal (v) = Einterna(v) + Eexterna(v)- @)

The first term of Equation (1), Einterna (v) is modified at each iteration and the same is given by:
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The internal energy is a flexible deformation, since it is adequate to reach the boundary at each iteration, and it
is controlled by two positive functions that characterize stiffness and tension, wl (s) and w2 (s) at a given point s
on the curve.

The second term of Equation (1), represents the external energy, as follows:

Eexterna(v) = J.Ol P(v(s))ds, (3)

where P (X, y) is the function that indicates the edge. This function presents values close to '0' when the points in
question belong to the neighborhood of the edges of the image, and larger values as the points move away from
the edges. Therefore, the total energy is minimized when the snake reaches the edges of the image, and thus
there are no more iterations and the total energy is no longer diminished. This is the point at which the
application of the active snake contours has been reached to reconstruct the failure in the extraction. If the flaw
has not yet been completely rebuilt, another technique must be applied to continue trying to rebuild the same
fault.

For regression, apply the method in accordance with the equation given below:

M = (Y2-Y1) / (X2-X1). (4)

Equation (4) describes the ordinate and slope of the regression. For Equation (4), X1, X2, Y1 and Y2 are the
coordinates of the upper left and lower right corners of the selected area. After applying Equation (4) the
application of the regression has been reached to reconstruct the failure in the extraction. If the flaw has not yet
been completely rebuilt, another technique must be applied to continue trying to rebuild the same fault.

For cubic splines, apply the curvature function on the set of points that represent the missing area in the image.
It is expected that the flaw will be filled. This function determines the cubic polynomials closest to the curve
between two given points, which are called breakpoints. Since between two points there are infinite cubic
polynomials, some constraints must be applied in order to find a unique polynomial that solves the bad behavior.
For the correct application of the method, it is necessary to consider the following restrictions:

1) the first and second derivatives of each cubic polynomial must match on all breakpoints;

2) all internal cubic polynomials must be well defined.

3) the inclination and curvature of the polynomials that approach the curve must be continuous in the
breakpoints;

4) the first and last cubic polynomials do not have adjacent polynomials;

5) the first and last breakpoints are adjacent and

6) force the third derivative of the first and second polynomials and the last and penultimate to be equal,

respectively.

Given n breakpoints, we find n-1 cubic polynomials with 4 unknown coefficients, so the system of
equations will have 4(n-1) unknowns. However, after applying the constraints described above, the system is
reduced to n equations and n unknowns, easily solved by sparse matrices, which are matrices in which most
cells are filled with zero. This is the point at which the application of the cubic splines to reconstruct the failure
of the extraction is reached. If the flaw has not yet been completely rebuilt, another technique must be applied to
continue trying to rebuild the same flaw.

The application of the techniques active contouring, regression, and cubic splines must be empirical for
each of the flaws encountered until all curvilinear features of the road network are reconstructed in an image.
Later, repeat all steps for each image to be treated for the reconstruction of curvilinear features of road networks
extracted with flaws.

Additionally, the experiments reconstructed curvilinear features of road networks extracted with flaws
by applying active snakes contours, in a manner similar to that described in (PETERI et al. 2003); regression, as
discussed by (SIRONI et al., 2016); and cubic splines, in accordance with concepts presented by (WU et al.,
2009).

Despite the efforts to perform experiments considering different images involving different contexts
and levels of difficulty for reconstructing features of road network, the dataset of images used in this research
still represents only a subset of all the possible contexts and difficulties that can be found in images from RS. In
continuing this research, it is intended to add even more images to the existing image dataset, thus incorporating
new contexts and difficulties that will help to continue evaluating the robustness of the method proposed by this
research.
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I1l. RESULTS AND DISCUSSION
To evaluate the robustness of the semiautomatic method of post-processing, these methods were
applied to a dataset of images containing real images from RS. This set of images provides different contexts
and levels of difficulty, so it was possible to perform the experiments for each of the various situations involving
the reconstruction of curvilinear features of road networks extracted with flaws found in the whole dataset of
image. Each of the experiments was carried out to evaluate if the proposed method is capable of reconstructing
curvilinear features of road networks.
To evaluate the proposed method quantitatively and qualitatively, three statistical values were calculated:
correction, completeness, and quality (WIEDEMANN et al., 1998). The correction represents the percentage of
the number of points that were correctly extracted, as shown in Equation (5):

matched pixels of extracted image comparison (5)
total number of pixels of extracted image

Correctness =

where total of extracted pixels means the total reconstituted pixels for evaluation of the images after
reconstitution.

Completeness represents the percentage of points that actually belongs to the area of interest of the image, as
shown in Equation (6).

matched pixels of reference image comparison (6)

Completeness = - -
total number of pixels of reference image

Quality represents the percentage of accuracy of the extraction and/or reconstitution method, as shown in
Equation (7).

Completeness *Correctness (7)
Completeness —(Completeness *Correctness) + Correctness

Quality =

In order to apply the statistical metrics described above and to verify if there was actually an
improvement in the image of interest, this research made use of the CARTOMORPH software, proposed and
developed by Cardim and Silva (2014). CARTOMORPH has an analysis algorithm that creates a buffer around
the area of interest in an image and compares that buffer with another image. During the comparison the
algorithm checks the number of points that coincide and differ in the images to be used later in the calculation of
the statistical analysis.

CARTOMORPH requires four procedures. First, it is necessary to select three different images: the
image of interest (image from the satellite) converted to grayscale; the image with features partially detected in
binary; and the ground truth (GT) of the binary image, which represents the ideal result for the area of interest.
The second procedure uses the software to calculate the metrics for these images. The third is similar to the first,
but one should select the image with the reconstructed features, in binary, in place of the image with partially
detected features. The fourth procedure subtracts the results of the second procedure by the results of the first
and checks if there is improvement in the quality, completeness, and correction of the images.

Some examples of the application of the proposed method to the dataset of images are shown in
Figures 6, 7, and 8. In these figures, letter (a) refers to the original image but converted to gray scale; letter (b)
refers to the image obtained by the extraction of road network with features partially detected; and letter (c)
refers to the final images after the reconstruction process proposed by this research. The main flaws, present in
the curvilinear features before being reconstructed by the application of the method proposed by this research,
are highlighted by rectangles in (b).

From a visual analysis of the obtained results, it is possible to notice that the application of the method
provided the reconstruction of the main curvilinear features with flaws. This efficiency was also showed by the
statistical metrics adopted with the objective of evaluating the detection before and after the reconstruction of
the features in each image.
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(b) (©

Fig. 6 - An example of the application of the method in a solution of problems with low complexity: (a)
original image converted to gray scale; (b) image obtained by the extraction of road network with
features partially detected and flaw highlighted by rectangle; (c) reconstructed image by the proposed
method

The statistical analysis of the results was entirely based on the method implemented in
CARTOMORPH and as described in CARDIM and SILVA, 2014. Thus, the original image was considered as a
reference in the manual generation of the GT. With the GT as reference, the values for correction, completeness,
and quality were obtained for both the results obtained in the extraction process, containing partially detected
features, as well as the results obtained in the feature reconstruction process. The results achieved are presented
in Tables 1, 2, and 3, and refer respectively to completeness, correctness, and quality.
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(b) (©
Fig. 7 - an example of the application of the proposed method in the solution of problems with medium
complexity: (a) original image converted to gray scale; (b) image obtained by the extraction of road
network with features partially detected and flaws highlighted by rectangles; (c) reconstructed image by
the proposed method

Fig. 8 - an example of the application of the proposed method in the solution of problems with high
complexity: (a) original image converted to gray scale; (b) image obtained by the extraction of road
network with features partially detected and flaws highlighted by rectangles; (c) reconstructed image by
the proposed method

TABLE 1 - INDEX OF COMPLETUDE FOR EXTRACTED AND RECONSTRUCTED IMAGES.

Complexm_/ of the Extracted Reconstructed
Problem in the
: (%) (%)
mage
Low 95.36 98.42
Medium 87.43 88.36
High 82.25 94.57

TABLE 2 - INDEX OF CORRECTION FOR EXTRACTED AND RECONSTRUCTED IMAGES.

Complexity of the Problem| Extracted |Reconstructed
in the Image (%) (%)
Low 9451 97.98
Medium 84.88 88.09
High 92.74 94.81
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TABLE 3 - INDEX OF QUALITY FOR EXTRACTED AND RECONSTRUCTED IMAGES.

Complexity of Extracted |Reconstructed
the Problem (%) (%)
in the Image 0 °
Low 90.44 96.50
Medium 75.67 78.97
High 77.41 90.04

As can be seen, the image related to the problem with low complexity (Figure 6) presented a flaw in the
lower left corner of the image, caused by the overlap of overpass on the highway. The image concerning the
problem with medium complexity (Figure 7) was affected by vehicle-caused failures. The image of the problem
with high complexity (Figure 8) contained many flaws caused by shadows projected by the vegetation, absence
of paving, etc.

From the analysis of the results in Tables 1, 2 and 3, it can be seen that the method proposed in this
research reached the objective of reconstructing partially detected features and, therefore, the results of the
indices calculated after the reconstruction process were improved on average by approximately 6.4% for
completeness, 3.2% for correction and around 9.1% for quality.

This research presents results based on the application of the proposed method for a set of satellite
images containing different contexts and levels of difficulty related to the reconstruction of features of road
networks. The method proposed by Sironi et al. (2016) was applied to a dataset containing images of road
networks with simple topologies, the method proposed by Peteri et al. (2003) was applied to a single image and
the method proposed by Wu et al. (2009) was not applied to aerial or satellite images. In addition, the results
found by the present research were validated by three different validation metrics, while only one metric, limited
to the validation of simple topologies, was used by Sironi et al. (2016) and no validation values were presented
for the results found by Peteri et al. (2003). Peteri et al. (2003) suggested the use of more images as well as
validation metrics to evaluate results, which shows that this was not done in that study, unlike what was done in
the present research. Therefore, the results of this research outperforms those presented by Peteri et al. (2003)
and extends the work presented by Sironi et al. (2016) and Wu et al. (2009).1t is noted that the results achieved
by the present research are quantitative and qualitatively consistent with results found in the scientific literature.

It is also possible to notice that the correctness, completeness, and quality of the reconstruction of
curvilinear features of road networks extracted with faults vary according to the context and level of difficulty
presented by the feature present in the image. However, when the values presented by the different metrics are
compared to each other for the same image, the differences were not significant for all the results found. Future
work should investigate whether image filtering applied prior to preprocessing can further reduce these
differences.

IV. CONCLUSIONS

The extraction of features of road networks present in digital images from Remote Sensing has
attracted the attention of the scientific community for decades, yet this activity is still subject to the occurrence
of failures. There is still a need for research on new strategies for reconstruction of features which have only
been partially extracted. This article proposes an alternative to improve the results from the extraction of road
networks in digital images from remote sensing. The present research developed a semiautomatic method for
post-processing digital images from remote sensing in order to reconstruct curvilinear features of road networks
extracted with flaws.

The method proposed in this article applied three techniques (active contouring, regression, and cubic
splines) to reconstruct features in different experiments. The research presented in this article innovates by
proposing the joint and parallel use of these three techniques for the reconstruction of curvilinear features of
road network.

The present research is in the state-of-art, since it applied: active contours snakes, in a similar way to
that described in Peteri et al. (2003); regression, as discussed by Sironi et al. (2016); and cubic splines in
accordance with concepts presented by Wu et al. (2009). However, the work presented by this article
outperforms the work presented by Peteri et al. (2003) and expands the works presented by Sironi et al. (2016)
and Wu et al. (2009) because it presents results of experiments based on the proposed application for a set of
images containing different contexts and levels of difficulty related to the reconstruction of features of road
networks.
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The results obtained with these experiments show that this research increases the completeness,
correctness, and quality of the extraction of curvilinear features of road networks in digital images from remote
sensing, even when these images present problems related to different contexts and levels of difficulty for the
reconstruction of features. This implies that the method is robust against different adverse conditions captured
by the images, including different intensities of sinuosity and different luminosity on given features, the absence
of paving, or the presence of shadows, trees, undergrowth, spots, etc.

Although robust, the proposed method still presents results with small differences in levels of
completeness, correction, and quality for the extraction of curvilinear features after the reconstruction of the
same. The different levels presented by the results are related to the different contexts and levels of difficulty for
the reconstruction of features. Future research may investigate whether applying filters to remote sensing images
before extracting features may further reduce these differences.

It is hoped that this semiautomatic method for post-processing digital images from remote sensing to
reconstruct curvilinear features of road network will continue to stimulate further research on reconstruction of
features, within and beyond the Cartography area, as well as allowing the updating of cartographic products
with greater completeness, correctness, and quality.
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