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ABSTRACT. Road detection on aerial and remote sensing vague images is a hard task. In
this study, an automatic road detection algorithm is proposed. The algorithm utilizes the
multi-directional edge detection operators to obtain a gradient magnitude image, in which,
an eight-neighborhood template is considered as a processing unit in that a threshold based
on entropy is used for all the pizels in all directions to obtain the final gradient magnitude
image; then, the gradient magnitude image is roughly segmented on the principle of
Watershed algorithm; and finally, a number of morphological functions are utilized to
finalize the roads. In experiments, a number of aerial and remote sensing road images in
a public dataset were selected for testing, by comparing to several traditional algorithms
and semantic segmentation methods, the testing results show that the studied algorithm
is satisfactory for rural road images, and the road detection accuracy can be up to 93.2%,
and the recall rate is up to 89.3%.

Keywords: Remote sensing image, Road detection, Gradient magnitude, Watershed,
Adaptive thresholding

1. Introduction. It is important to retrieve the earth surface information from aerial
images. High spatial resolution aerial images provide the more accurate information, which
offers the advantages over urban planning, geometrics, military monitoring, object extrac-
tion, changes monitoring and GIS data updating. The fast and accurate useful information
extraction from aerial images has become a hot research topic, and the road detection in
vague aerial images is one of the hardest tasks in this research field.
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In the past three decades, a lot of efforts have been made for developing road detection
algorithms. Many research institutions have done a lot of research work in this area, and
the research content includes the traditional image processing and segmentation algo-
rithms [1] and the recent semantic segmentation methods such as deep learning method.
No matter what kind of algorithms and methods is applied, the automatic road detection
is still difficult for aerial and remote sensing images. A road is a linear object which is
similar to the pavement crack in the road construction, since the pavement surface is
rough and illumination is uneven sometimes, the studied algorithms for crack detection
are similar to that for road detection. For the road construction, a lot of new algorithms,
such as the algorithms based on level set and hydrodynamics, have been studied [2-4],
which can also be applied for road detection.

In general, the surface of the road is uniform with similar colors in certain length of road
segment, which is good for road detection in some environments. As traditional classifi-
cation, the road detection algorithms can be divided into two types: semi-automatic and
full-automatic algorithms. At present, there is no breakthrough with the full-automatic
algorithms for aerial and remote sensing images, but some successes on the semi-automatic
ones have been achieved [5,6]. In 2010, [7] presented an algorithm for road-tracing, it is
valuable for normal road detection, but it might fail in some road images. After then, many
algorithms were studied based on spectral or textures [8,9], such as the algorithm for image
segmentation based on a multi-resolution application of a wavelet transform and feature
distribution [10]; and a number of the recent road detection algorithms based on color
information [11], but not for the images under extreme environment that make image
vague much [12,13]. In addition to the above various image information, [14] preliminar-
ily used road shape features and other road features to detect road. It is good for the
binary images in some cases, but it is lacking of versatility.

For a complex aerial or remote sensing image, before road detection, an image should be
enhanced for sharpening roads and smoothing image for reducing noise, which is needed
indeed. Onme of examples for road detection in a vague aerial image is to use fractional
differential to sharpen the road edges [15], which is useful for the image with many textures
in a blur image, but it might be not effective for very dark and vague road images. For the
poor quality remote sensing images, some defog and dehaze algorithms may be useful, but
this kind of algorithms [16,17] is not discussed in this paper. Anyhow, the new method/
algorithm study for automatic road detection in a vaguer aerial image is important.

In recent years, different semantic segmentation methods have been applied into road
detection. Abdollahi et al. made a review for deep learning used into remote sensing
datasets of road detection [18]. They did a systematic survey for deep learning techniques
utilized in remote sensing benchmarks for road extraction. The review mainly includes
four kinds of deep learning methods, namely, the FCNs, deconvolutional networks, the
GANs model and patch-based CNNs models. They also compared different deep learning
models for remote sensing datasets to show which one performs satisfactorily in detecting
roads from high-resolution images. Moreover, they described the future research directions
and research contents.

To detect roads automatically and accurately in a complex aerial and remote sensing im-
age, and to overcome the deficiencies of the previous algorithms for vaguer aerial images, a
new method is proposed in this paper. The new method includes different algorithms, and
the main algorithms are improved Watershed, multi-directional edge detection, and adap-
tive thresholding. The main procedure is that for the vague aerial image, it firstly does
image enhancement based on an oriented edge detection, then makes road detection rough-
ly on the improved Watershed, and subsequently accurately finalizes road by applying
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the road shape features. The studied method is compared to about 10 different tradition-
al image processing algorithms and several semantic segmentation methods.

2. Methodology. The method includes three main algorithms. The main algorithms
are 1) multi-directional gradient magnitude operator; 2) adaptive thresholding algorithm;
and 3) improved Watershed algorithm. The details of the algorithms are described as the
following sections respectively.

2.1. Multi-directional gradient magnitude operator. The traditional method of ob-
taining gradient image is to use the difference algorithm to obtain approximate derivative
of gray level image. The equation is shown in Equation (1).

where f(z,y) and G(z,y) are the gray level image and its gradient magnitude image,
respectively.

The process for obtaining the gradient magnitude image is to convert the color image
into gray level image, then to use Equation (1) to calculate the gradients, and finally to get
the result (gradient magnitude image). The traditional algorithm for obtaining gradient
magnitude image can only process a single gray level image but cannot directly process
the color image, which will lose some information; because the edge direction of the image
is changeable, the difference operation should be rotation invariant. Hence, the first-order
operators are generally applied to deriving images. The Sobel operator is widely utilized
because of its simple template, fast running speed and sensitive to edge information.
However, the template has only two directions, which can only make calculation in the
horizontal and vertical directions, and the center of the template cannot be aligned with
the pixel, resulting in the inaccurate position of the edge, resulting in misjudgment and
lack of information.

The depth field image is obtained to enhance the road information and part of the noise.
Therefore, in the process for getting the gradient magnitude image, the noise should be de-
noising, and the enhanced road information should not be lost. Thereby, this paper uses
the improved multi-directional Sobel operator to obtain the gradient magnitude image,
because the Sobel operator itself uses the weighted sum method to smooth the noise. By
increasing the number of templates from two to eight and changing the direction from
only two to eight, the gradient information is collected from eight directions, so that the
image information will not be lost easily and the positioning is more accurate.

1 -2 2 -1 0 10 1 [0 1 2]
0 0 0 -1 0 1 -2 0 2 -1 0 1
1 21 0 1 2 101 -2 -1 0]
0° 45° 90° 135°
121 21 0 10 -1 0 -1 2]
0O 0 0 1 0 -1 2 0 =2 1 0 -1
1 -2 -1 0 -1 -2 10 -1 21 0]
180° 225° 270° 315°

FiGURE 1. Improved direction templates
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As shown in Figure 1, the direction number of the template is increased from two
to eight, which ensures the rotation invariance during the operation, and the gradient
magnitude value obtained by convolution of the image from multiple directions is more
accurate. Assume that the gray level image is f(z,y), and the eight directional gradient

magnitude value in pixel (x,y) can be calculated respectively as F'1, F2,..., F8:
Fl=fz+lLy—-1D)+2xf(zx+1,y)+ fz+1Ly+1)— flza—1,y—1)
—2xflz—Ly) - fle—Ly+1) (2)
F2=flz+1Ly)+2f(z+1Ly+ 1)+ flz,y+1)— f(z,y — 1)
—2x flx=1y—1)— flz—1,9) (3)

Fr=fzr—Ly—-1)+2f(r,y— 1)+ flz+1Ly—1)— flr—1,y+1)

—2x f(r,y+1)— f(z+1,y+1) (4)
F8:f($,y—1)+2f(x+1,y—1)+f(x+1,y)—f(x—l,y)
2% flz—-1Ly+1) = flz,y+1) (5)

Finally, the gradient image is obtained by using Equation (6).

8
Z Fi2
=1

where G(x,y) is the gradient image, and Fi (i € (1,8)) is for convolution results in
different directions. After the modular operation, the information of multiple directions
is integrated to get a complete gradient image G(x,y), which cannot only smooth the
image, but also further enhance the interested target information.

The result of obtaining the gradient magnitude image by using the improved multi-
directional gradient operator is shown in Figure 2 and the multiple directional gradient
magnitude results are shown in Figure 3, where the comparison between the images is syn-
thesized by eight directional information and the gradient magnitude images are obtained
by the traditional Sobel operator.

G(x,y) =

*g'ﬁ

(a) Sobel result mage

FIGURE 2. Gradient magnitude results by different algorithms

In Figure 2 and Figure 3, it can be seen that the gradient magnitude image obtained
by the improved multi-directional Sobel operator is clearer and the edges are more com-
plete. It shows that some information is lost in the convolution result of each direction,
but the image information is complemented by the modulus operation, so that the road
information in the image is preserved completely. Moreover, because the Sobel operator
itself is sensitive to the edge information, the edge information of the road in the gradient
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FI1GURE 3. Results by multi-directional gradient magnitude operators

magnitude image is more prominent, and the part of the noise in the image is also filtered
out, which tells us that the multi-directional gradient magnitude operator can make the
Watershed algorithm get better segmentation effect.

For the eight Sobel edge images, for each pixel, find out its maximum gradient magni-
tude value as the value in a new gradient magnitude image in the same position. In this
way, the final gradient magnitude image can be got.

2.2. Adaptive thresholding algorithm. Because the small change of the pixel gray
level in the same region of the image will be detected by the Watershed algorithm, pro-
ducing in the incomplete regions in the image, resulting in the over-segmentation phe-
nomenon, the gradient magnitude image is thresholded to remove the enhanced noise and
pseudo minimum points generated by non-road objects, to extract the foreground objects,
and to improve the image segmentation results. So the selection of the threshold is the
key, using adaptive threshold algorithm can produce different thresholds in different im-
ages, it can reduce the influence of human factors, because manual threshold setting needs
prior knowledge, the extraction results need a lot of statistics and calculation, and the
robustness of the algorithm is not good, and will produce large errors. The new adaptive
threshold algorithm is a two-dimensional maximum entropy method, and its calculation
principle is in [19,20].

Machine learning is playing a major role in understanding complex human activity
patterns related to the problems of human activity recognition (HAR). In this paper, we
propose a machine learning-based method that works in two phases. In the first phase,
the prediction probabilities are combined by soft voting. Later, the method is periodically
capable of training itself. All the simulations are performed using R machine learning and
a statistical platform. All the experiments are performed on the Dell Precision M4800
workstation with Intel Core i7, which has eight cores and 16 GB RAM. The multiple
cores are used for parallel processing to speed up the training of the models.
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Suppose that the gradient magnitude image I has L gray levels, the total number of
pixels is N, and the frequency of each gray level is expressed as f1, fa, f3,..., fL respec-
tively, in I, for the pixels with gray level i, if its neighboring pixel gray level is j, which
can be expressed as f;;, assume the histogram of I is h(i, j) = p;;, and the level range of
tand jis0<i< L—-1,0<j < L—1. Then the histogram of the two-dimensional
gradient magnitude image can be expressed by

I L-1L-1
Pij = ﬁ, Pij — ZZPU =1 (7)
i=0 j=0

For the thresholding range (s, t), s is the threshold of 7, and ¢ is the threshold of j. Object
and background accumulative probabilities p; and p, are respectively

s t L-1 L-1
P1 = E E Dij, P2 = E E Dij
i=0 j=0 i=s+1 j=t+1

The two-dimensional entropy of object and background of image [ is defined as

s t
H, Z—Zzpijlgpij (8)

i=0 j=0

-1 -1
Hy = — Z Z Ppij 18 pij (9)

i=s+1j=t+1
The total entropy of the gradient magnitude image is defined as

H H,—H
H(s,t)=H, +Hy,=1g (p1(1 —p1)+—1+#)

P L—=p
where Hy, = — 31 Zf:o pijlg pij. The final threshold H (x_s, *_t) satisfies the following
conditions:

(10)

H(x_s,x_t) = max{H(s,t)} (11)

Based on the above threshold, the gradient magnitude image is thresholded, and the
pixel’s value less than the threshold will be set as 0.

2.3. Improved Watershed algorithm.

2.3.1. Traditional Watershed. Watershed is a segmentation method based on topological
theory and mathematical morphology, and many researchers have made the modification
and improvement for this kind of algorithms [21-24]. Its idea is to treat the gray level
of each point on the image as height to form terrain. The minimum value and the area
effects are called catchment basin. Image segmentation is realized by simulating immersion
process [21,22]. The immersion process is simulated, that is, if there is water pushing in or
out, the image will be divided into different areas, and the water will flow to the catchment
basin. When the basin is full of water, the edge of each basin can be clearly seen, which
is called Watershed.

According to the simulated immersion process, the Watershed formation model can be
divided into two types: top-down, and the simulated precipitation model. The simulated
precipitation model is that when the rain falls on the surface of the terrain, although it
passes through different paths, it will eventually flow into the same place. Combining all
the paths together is a complete catchment basin, and the boundary formed at this time
is the Watershed line, which may be the dam of a pool [23].
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Whether it is to simulate precipitation or flood, it highlights an important property of
the Watershed algorithm, that is, the Watershed lines obtained by the Watershed algo-
rithm are connected, and the boundaries between regions are continuous. Finally, the set
of closed segmentation regions is obtained. The purpose of the Watershed segmentation
algorithm is to segment and extract the pixels in the image according to the nature of
similarity. The pixels in each region are similar, and there is a minimum point in each
region. The Watershed segmentation algorithm is very sensitive to the subtle gray level
changes in the image; therefore, the edges of the objects can be accurately located in the
image [22]. The results of the traditional Watershed algorithm are shown in Figure 4.

&

(a) Original image (b) Watershed (¢) Smooth + Watershed

FIGURE 4. Effect of traditional Watershed method

Although Watershed segmentation algorithm has many advantages, the effect of tradi-
tional Watershed segmentation algorithm for road detection is not ideal. Because it has
the strong sensitivity to small gray level changes, it usually acts on the gradient image,
but there are gray level changes in the flat area of the gradient image, which will also be
responded to produce the over segmentation phenomenon. A 3D road image simulated
by gray levels is shown in Figure 5.

FIGURE 5. Road image and its pixel relief map

In Figure 5, the image topology and geomorphology map formed after the height rep-
resented by gray levels can be seen that there are many catchment basins in the image.
After image segmentation with the Watershed algorithm, many segmented areas will be
generated, and the target cannot be effectively extracted. The result of Figure 4 shows
that there are too many minima to extract the effective road area, which may result in
over segmentation. Therefore, many researchers have put forward many solutions to solve
the problem of image segmentation by Watershed, which can be roughly divided into
image filtering, modified gradient image and region merging.
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2.3.2. Improved Watershed. Based on the above analysis and consideration, we improved
the Watershed algorithm in the following procedure:

1) Firstly, the original image is enhanced by using a Gaussian filter;

2) The gradient magnitude image is obtained by using the multi-directional gradient
magnitude operator to enhance the road information and filter out the image noise;

3) Adaptive thresholding based on maximum entropy is applied on the gradient mag-
nitude image to removing un-necessary pixels;

4) Watershed is operated on the thresholded gradient magnitude image to get the
output.

Figure 6(a) shows the original image of rural road; Figures 6(b)-6(d) show the Sobel,
Canny edge detector with low thresholds and Canny edge detector with high thresholds,
respectively; Figure 6(e) presents the new edge detection result; and Figure 6(f) shows
the binarization result of 6(e).

(a) Original image (b) Sobel (¢) Canny-low thresholds

el

s

L
- 5"

et ' .

(d) Canny-high thresholds (e) New gradient (f) Binarizing

FIGURE 6. Comparison results by different edge detection algorithms: (a)
Original image; (b) Sobel; (¢) Canny-low thresholds; (d) Canny-high thresh-
olds; (e) new algorithm; and (f) binarizing for (e)

In Figure 6, by comparing different edge detectors, it can be seen that the edge infor-
mation of the enhanced gradient magnitude image f(x,y) by the new algorithm is more
obvious, and the image is brighter and richer in detail. However, the pseudo minimum
value in the gradient magnitude image needs to be removed. Therefore, the adaptive
threshold algorithm is used to obtain the gradient magnitude image threshold H. The
regions larger than the threshold are retained and marked, and the parts smaller than
the threshold are discarded to obtain the marked image mark(x,y). After labeling the
gradient magnitude image f(z,y) by mark(z,y), fmar(z,y) is obtained. In fo,0k(z,v),
only the pixels whose gray level is not 0 in mark(z,y) have the minimum value, and the
pixels in other positions no longer have the minimum value. One of the modified gradient
magnitude images is shown in Figure 6(e).
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For the post-processing of segmentation results, it can be seen in Figure 7 that the
improved Watershed algorithm has extracted the road main body information, but there
are still non road areas in the road. After analysis, it is found that the reason for this
part of the area is that the characteristics of the open space in the non-road area in the
rural road scene are similar to those of the road area, and are enhanced by the depth field
image; some of the houses on both sides of the road are mistakenly identified as the road
area after enhanced. Although most of the noise is removed when the adaptive threshold
is applied, this part of the regions is also enhanced. Because the intensity of this part of
the regions is greater than that in most of the regions, when the threshold is utilized, it
will be classified as the road region, resulting in the segmentation error.

= 5 A
Py e -
AP R

o

(a) Binary image (b) Edges on (a) (c) Original + (a) (d) Original + (b)

FIGURE 7. Optimization results on the images Figure 6(a) and Figure 6(f)

Hence, this part of the region can be removed by a morphological algorithm, because
the region itself is not connected, the algorithm uses the template of 3 x 3 structure
operator for morphological reconstruction to make the edge more smooth, de-burring,
de-adhesion, and then calculates the area of each region to remove these separated small
areas of non-road regions.

3. Results and Analyses.

3.1. Source of experimental dataset. The dataset of this experiment uses the Mas-
sachusetts dataset, and selects the images which are divided into rural road scenes for
processing. The selected images are identified as road scenes, and the standard is whether
the manually labeled images in the dataset contain road information.

3.2. Evaluation criteria. In the field of image processing, there are two kinds of image
evaluation criteria. One is the qualitative analysis of visual contrast; and the second type
is the quantitative analysis of indicators based on standards [25,26].

The visual contrast qualitative analysis is to compare the results of test image accord-
ing to different processing algorithms. The algorithm used in this study is visual contrast
qualitative analysis. The quantitative analysis is to evaluate the performance of the image
processing results by applying the computer-aided detection system. The calculation algo-
rithm for comparison is based on the similarity between the image extraction results and
the truth map, to evaluate whether the algorithm model is effective or not. According
to this standard, the area where the road is located is set as positive, and the back-
ground area is set as negative. Hence, there are the following situations in the evaluation
indicators.

In this study, the performance of the algorithm is evaluated quantitatively by three
indexes: Precision (P), Recall (R) and F1-Score (F1). They are defined as

P = TP/(TP + FP) (12)
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R=TP/(TP + FN) (13)

F1=[(1+a") PR] /[a*(P+ R)] (14)

P represents how many pixels in the detected road area are accurate, and R is recall,

which represents how many pixels of road are detected in the original image. F'1 is the

harmonic mean value of P and R, which is used to evaluate the overall performance of

the algorithm. Generally, the value of a is set to 1, that is F'1, and its maximum value is
also 1, the larger the result is, the better the performance of the algorithm model is.

3.3. Result analysis by comparing traditional image processing algorithms.
There are two kinds of reference algorithms in the comparative experiments in this study.
One is the improved Watershed algorithm combined with region growing proposed in
[27]. The other is the object-oriented method suggested in [28] to optimize the Watershed
algorithm. Figure 8 shows the image processing results of different algorithms. In order
to better compare with manual marking and traditional methods/algorithms obviously,
the following examples are presented.

(a) Original image (b) Ground truth ¢) Threhsolding

W

\

(d) Watershed-1 (e) Watershed-2 ) New algorithm

FIGURE 8. Image #1 segmentation results of different algorithms: (a)
Original image; (b) ground truth; (c) threhsolding; (d) Watershed-1; (e)
Watershed-2; and (f) new algorithm

In Figure 8(a), the image includes three main roads and three small roads as marked
in Figure 8(b), the colors are different in different regions, so the thresholding algorithm
is difficult to use for extracting the roads as shown in Figure 8(c). The Watershed-1
(Watershed + Region Growing) can extract two main roads compared to the ground truth,
as shown in Figure 8(d). If the Watershed is applied and a number of post functions are
added (Watershed-2), the three main roads and a small road can be detected in Figure
8(e). The new algorithm in this study can get the better result in Figure 8(f) than that
in Figure 8(d) and Figure 8(e).
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Figure 9(a) shows a remote sensing image including the roads in a building region, the
simple thresholding algorithm makes image result mesh by comparing the ground truth in
Figure 9(b), and the roads cannot be seen clearly, as shown in Figure 9(c). The improved
Watershed algorithm can extract a part of roads (Figure 9(d)), after a number of post
processing, the roads can be seen clearly, and by removing all the spot regions, the final
result is obtained satisfactorily.

(b) Ground truth

R

(d) Improved Watershed (e) Watershed 4+ Post pro- (f) New algorithm
cessing

FIGURE 9. Image #2 segmentation results of different algorithms: (a) Ori-

ginal image; (b) ground truth; (c) threhsolding; (d) improved Watershed;
(e) Watershed + Post processing; and (f) new algorithm

TABLE 1. Evaluation results of different algorithms in Figure 8 and Figure 9

Image Algorithm Recall Precision F1l-score
Thresholding based 65.1%  25.2% 38.3%
_ Improved Watershed + Region Growing 71.3%  81.4% 76.0%
Figure 8(a) Watershed + Post functions 803%  85.6%  82.9%
Algorithm in this study 81.3%  86.7% 83.9%
Thresholding based 64.3%  20.4% 36.1%
) Improved Watershed + Region Growing 88.3%  79.8% 83.8%
Figure 9(a) Watershed + Post functions 92.1%  88.8% 90.4%
Algorithm in this study 89.3%  93.2% 91.2%

Because the image will be scaled when it is displayed in the text, the effect is as shown in
Figure 10, in order to better highlight the extracted edges, the extracted edge information
is enhanced, with the edge, one pixel is added to the left and right, so that the edges in
the image can be seen clearly after being scaled, and the edge position does not change.
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FIGURE 10. Road extraction results of rural scene 1

For the road extraction of other rural road scenes in the dataset, the enhanced results are
shown in Figure 10.

In Figures 10(a) and 10(b), the original image seems to be simple, just including three
long roads and some short roads, 9 different basic algorithms are tested for road detection,
but none of them is successful for the detection. Otsu thresholding can output the regions
including the main roads, but non-road regions are intersected to the roads, and the roads
are difficult to extract completely, as shown in Figure 10(c). Since the image includes a lot
of grass and forests, the edge based algorithms such as Canny edge detector will produce a
lot of noise edges, see Figure 10(d). The multiple thresholding in Figure 10(e) and region
merging in Figure 10(f) give out the better results than that in Figure 10(c), but they still
have the same problems as that in Figure 10(c). The MST (minimum spanning tree), clus-
tering analysis and FCM (fuzzy c-means) might be not suitable for this kind of images as
shown in Figures 10(g)-10(i). The results by merging & splitting Figure 10(j) and Water-
shed Figure 10(k) are better than that by the above algorithms, but roads are segmented
into different small areas which are mixed with non-road areas, so the further image
segmentation is needed. The new algorithm studied in this paper can give a satisfactory
result referring to that in Figure 10(1); hence it is successful for this kind of images.
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3.4. Result analysis by comparing semantic segmentation methods. In addition
to comparing the traditional image processing algorithms, the new method is also com-
pared to the semantic segmentation methods [29], such as U-net [30] and SegNet [31]. In
Figure 11(a), the image may be cut into 4-6 regions by colors, and it includes 4 roads.
The similarity based algorithm only detects high gray scale areas, not roads, as shown
in Figure 11(b); the discontinuity based algorithm can detect road boundaries, but many
noise edges; hence the roads are hard extracted in the further processing, as shown in
Figure 11(c); MST and clustering algorithms can extract the main road region including
gaps and touching areas, as shown in Figures 11(d) and 11(e); FCM (Figure 11(f)) has
the similar result as shown in Figure 11(b); and when using the semantic method for the
image, the U-net [30] segmentation method only detects 10% of roads, as shown in Figure
11(g). The new algorithm can detect at least two main roads, more than 60% (Figure
11(h)).

(a) Original image (b) Merging & splitting

4

(g) U-net [30] (h) New algorithm

(e) Clustering analysis

FiGURE 11. Road extraction results in rural scene 2

In Figure 12(a), the original image includes a large part of forests and buildings, three
main roads are surrounded by the forests and buildings, and they are difficult to detect. By
using the traditional Watershed algorithm, no road can be clearly detected, if the semantic
segmentation method SegNet [31] is applied, the result image has over-segmentation and
under-segmentation phenomena, as shown in Figure 12(c), and the best result is obtained
by the new algorithm, as shown in Figure 12(d).

4. Conclusions. In this study, a road extraction algorithm in rural road scene is studied,
and the improved Watershed algorithm is researched based on the multi-directional edge
detection operators, in which, eight templates are considered to obtain the final gradient
magnitude image; then, the gradient magnitude image is roughly segmented on the princi-
ple of Watershed algorithm; and finally, a number of morphological functions are utilized
to finalize the roads. Firstly, the common image segmentation algorithm and the mor-
phological functions are applied, and then, the improved Watershed algorithm is studied.
Before the Watershed algorithm is used, the gradient magnitude image is obtained by
using multi-directional gradient magnitude operators on the enhanced image, the image
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FIGURE 12. Road extraction results in rural scene 3

noise is smoothed out, and the entropy thresholding algorithm is utilized to obtain the
threshold; then, the gradient magnitude image is modified, and the image segmentation
results are finalized. After image segmentation, the morphological functions are utilized to
remove the interference of road surrounding information without destroying the useful in-
formation, and the relatively complete road areas are obtained. The experimental results
show that the studied method can obtain ideal and meaningful road image segmentation
results.

In the future research of the method, since the image number in this study is limited,
we should test more images to validate the method. Some parameters used in this study
may be changed as image type changes. The method can be used for the post processing
after semantic segmentation.
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