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Abstract 
Color image processing is widely used in Intelligent Transport System, but seldom used in 

recognition of roads and slopes collapse. The application can reduce time and efforts. And 
the roads and slopes segmentation is the first and key step of the recognition system, which is 
a challenging and difficult problem. One of the problems is the presence of different types of 
roads and slopes. In this paper, we propose a novel framework for segmenting road images in 
a hierarchical manner that can separate the following objects: road and slopes with or 
without collapse, sky, road signs, cars, buildings and vegetation from the images. Then the 
Region of Interests (ROIs), i.e. the roads and slopes, are obtained with the geometrical, 
location of the objects and statistical color features which are extracted based on L*a*b 
color space and Gabor filter. According to combination K-means clustering with region 
merging, connected-component algorithm and morphological operation, the roads and slopes 
are segmented. The hierarchical approach does not assume the roads are present in the same 
type and assume the road images can be captured from arbitrary angles. The experiments 
show that the approach in this paper can achieve a satisfied result on various road images.  
 

Keywords: Road image segmentation; Gabor filter; color feature; K-means clustering; 
roads and slopes collapse 
 

1. Introduction 
Research into intelligent transportation systems (ITSs) has seen considerable development 

over the last few decades. ITSs are various: including driving-assistance systems [1], 
detection of obstacles [2-4], road scene understanding [5], road signs detection [6] and roads 
disease detection in which the color image processing plays an important role. This paper is 
focus on the field of the roads disease detection based on color image processing. Most of the 
previous works for road diseases are about road crack detection [7, 8]. However, few people 
utilize color image processing to recognize roads and slopes collapse.  

Recently, increasing accidents have happened because of the collapse. So the roads and 
slopes must be monitored to discover collapse, and prevent accidents. However, it is 
time-consuming and inefficient to inspect the roads and slopes by human. So cameras can be 
installed beside the roads for acquisition images of roads and slopes automatically. Then the 
images are sent to the data processing center and collapse will be recognized base on colorful 
image processing, which is a new type of ITSs. In the collapse recognition system, image 
segmentation is a critical and essential component. The roads and slopes are the ROIs in this 
system. 

Roads images segmentation is a process of dividing a natural image including roads into 
different regions such that each region is, but the union of any two adjacent regions is not, 
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homogeneous. Various segmentation methods of road images have been proposed [9-11]. 
Some papers put forward approaches to detect lane and then segment the road based on the 
lane markings [12-14]. In [15-17] various methods are been proposed to segment the road in 
the urban environment. However, there are some shortcomings in the methods mentioned in 
[9-17]: (1) the methods cannot get the roads and slopes at the same time; (2) the algorithms 
cannot segment the roads or the slopes with collapse exactly; (3) the algorithms always 
assume that the road is present in the same type, and just suitable for one certain type road; 
(4) the road images are always taken in a fixed angle, and if the pictures are taken from 
different angles, the methods will become worse; (5) the algorithms are complex and 
time-consuming.  

Focused on these problems, this paper proposed a novel and effective method to segment 
the interest regions, i.e., roads and slopes. As we can see in Figure 1 and Figure 2 (positive 
samples mean roads or slopes with collapse, otherwise the images are negative samples), the 
images mainly includes buildings, sky, cars, vegetation, which are noise and will be removed. 
Besides, the road image includes roads and slopes, which are ROIs. The hierarchical approach 
proposed by this paper does not assume the roads are present in the same type and assume the 
road images can be captured from arbitrary angles. 

This paper is organized as follows. In Section 2, an overview of the proposed segmentation 
framework is provided. In Section 3, the proposed method is described in details. In Section 
4, experimental results and performance of the proposed algorithm are discussed. Section 5 
concludes the paper. 
 

 
Figure 1. Positive Samples

 

Figure 2. Negative Samples 
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2. Proposed Segmentation Frameworks 
Given a road image, the proposed segmentation algorithms work in a hierarchy as 

presented in Figure 3. Firstly, the vegetation is extracted from the given image. Then we 
segment the image with K-means clustering based on the feature extracted in L*a*b color 
space with Gabor filter. After that, the small blobs, such as road signs, cars, buildings are 
removed based on Max Connected-component Algorithm. This stage includes some 
post-processing, for example, morphology operation. Lastly, the sky region is separated based 
on binary image. After the previous processing, the image with roads and slopes can be 
achieved. We call the proposed framework hierarchical due to its inherent nature, as shown in 
Figure 3. The detail of the algorithm would be discussed in subsequent sections. 
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Figure 3. Proposed Segmentation Framework 

3. The Approach of Segmentation 
 
3.1. Vegetation Separation 

RGB color space is the most commonly used color model. A color image can be 
decomposed into three components, including Red (R), Green (G), and Blue (B). Generally 
speaking, for green regions, the value of G is greater than R and B [18]. Therefore, the 
vegetation can be removed based on the following formula Eq.1: 

 

f(i, j) = �0,      if G > 𝑅 𝑜𝑟 𝐺 > 𝐵   
1,                otherwise                             (1)                                          

Then the images without vegetation can be gotten according to the convolution of f(i, j) 
and the original image. This paper set the background color of the images to black. The 
results of this stage are shown in Figure 4 and Figure 5. 
 

 
Figure 4. Vegetation Separation Result of a Positive Sample 

a: Original Road Image; b: Non Vegetation Image; c: Vegetation Image 
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Figure 5. Vegetation Separation Result of a Negative Sample 

a: Original Road Image; b: Non vegetation Image; c: Vegetation Image 
As shown in Figure 4, when the vegetation is separated, some parts of the roads have been 

removed at the same time. In order to solve this problem, we observed the histogram of 
saturation value in HSI space. Firstly, the image is been transformed to HSI color space based 
on the following formula (Eq.2, Eq.3, Eq.4). 
 

H = �θ             ,     B ≤ G;
360 − θ,     B > G;    

Where θ = cos−1 �
1
2

[(R−G)+(R−B)]

[(R−G)2+(R−B)(G−B)]
1
2
�                (2) 

S = 1 − 3
(R+G+B) [min(R, G, B)]                   (3) 

I = 1
3

(R + G + B)                          (4) 

In the HSI color space, the histogram of roads’ saturation value can be obtained. By 
observing the value, the feature of roads is that the saturation value of the road is less than or 
equal to 0.09, as shown in Figure 6. Based on this feature, we utilize the following formula 
(Eq.5) to process the images which have been removed the green regions. As it showed in 
Figure 7. 
 

IR(i, j) = �
IO(i, j),      if SOI(i, j) ≤ 0.09            
IG(i, j),           otherwise                              (5) 

Where IO represents the original image, IG stands for the images removed green regions, 
SOI (i, j) indicates the saturation value of pixel (i, j) in IO, and IR can be obtained by 
processing the IG using Eq.5. 
 

 
Figure 6. Histogram of the Road Saturation Value 
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Figure 7. Post-processed Vegetation Separation Result of a Positive Sample 
a: Original Image; b: Post-processed Vegetation Image; c: Vegetation Image 

3.2. Color Feature Extraction with Gabor Filter 
The color feature must be measured before segmentation. To extract features, we compute the 

response of a Gabor filter oriented at the dominant direction of the neighborhood of a pixel, which is 
the same as method in[19]. We extract the color feature in the International Commission on 
Illumination (CIE) L*a*b* space because this color space can independently control color and 
intensity information. The L*a*b* space consists of a luminosity layer L*, a chromaticity 
layer a* indicating where color falls along the red–green axis, and a chromaticity layer b* 
indicating where the color falls along the blue–yellow axis. All of the color information can 
be extracted in the a* and b* layers without the disturbing of intensity. We consider the local 
energy content of the a* and b* components as features for image segmentation. Local energy 
is defined as the method in [20]. The local energy derived for the a* component can be 
expressed as 

LEa∗(x, y) = (a∗(x, y) ∗∗ Gθ
o(x, y))2 + (a∗(x, y) ∗∗ Gθ

e(x, y))2           (6) 

Where Gθ
o(x, y) and Gθ

e(x, y) are the pair of odd- and even-symmetric filters. The even- 
and odd-symmetric filters are the real and imaginary parts, respectively, of the complex 
Gabor filter Gθ(x, y). Similarly, we can obtain the local energy measurement for the color 
component b*. 

The previous mentioned Gabor filter is employed to extract feature. The filter orients at an 
angle, which is adaptively chosen for each pixel. The Gabor filter can be defined as follows: 

Gf,θ,φ,σ(x, y) = e−
x2+y2

2σ2 ej(2πf(xcos θ+ysin θ+φ))                         (7) 

Where f is the spatial frequency of the cosine factor, θ is the orientation of the normal to 
the parallel stripes, φ is the phase offset, and the standard deviation σ of the Gaussian factor 
determines the (linear) size of the support of the Gabor function. Now, the size of the filter 
can be related to the standard deviation σ of the Gaussian factor as w =2σ +1. At each pixel, 
we choose a fixed value of size w, frequency f, and φ phase and a customized value of 
orientation θ at which the gradients in the local neighborhood possess a dominant direction. 
There we choose the optimum value of w=7, f=0.1, and φ=0 based on repeated experiments. 
Then the Gabor filter used in this paper can be expressed with those values as follows: 

Gθ(x, y) = e−
x2+y2

18 (cos�0.2π(x cos θ + y sin θ)� + j sin(0.2π(x cos θ + y sin θ)))      (8) 

The orientation of the Gabor filter is determined based on the idea of utilizing the 
information that is present in the horizontal and vertical gradients, i.e., ∇x  and∇y , 
respectively. Both gradients are derived by applying the gradient operator on the image. The 
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orientation angle at pixel (x, y) is determined by following the approach proposed by [21], 
i.e., 

θk(x, y) = 90° + 1
2

tan−1( 2gxy
gxx−gyy

)                            (9) 

Where the definitions of gxy, gxx, and gyy are 

gxy= ∑ ∑ ∇x(p, q)∇y(p, q)y+(k−1)
q=y−(k−1)

x+(k−1)
p=x−(k−1)                    (10) 

gxx = ∑ ∑ ∇x2(p, q)y+(k−1)
q=y−(k−1)

x+(k−1)
p=x−(k−1)                      (11) 

gyy = ∑ ∑ ∇y2(p, q)y+(k−1)
q=y−(k−1)

x+(k−1)
p=x−(k−1)                      (12) 

3.3. K-means Clustering 

After the pre-processing to the non vegetation images, we have a set of feature vectors, 
which extracted by the Gabor filter. To group those pixels, this paper use K-means clustering 
algorithm. In choosing the number of cluster, the trial-and-error procedure shows that the 
segmentation result is the best for K=4. For preventing the interference of the background 
pixels when clustering, a value greater than 255 can be given to the background; this paper set 
the value as 300. The results displayed in Figure 8 and Figure 9. 

 
Figure 8. The Clustered Result of a Positive Sample 

b is the Clustered Result of Non Vegetation Image based on Image a 

 
Figure 9. Clustered Result of a Negative Sample 

b is the Clustered Result of Non Vegetation Image based on Image a 
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3.4. Road Signs, Cars and Small Blobs Separation 

The road images may include some road signs, cars and other small blobs which would be 
separated based on the size of each part. After clustering, the image is segmented into four 
categories, including the background. As mentioned above, we set the value of background as 
300, so the background can be removed based on the pixel value. Outside the background, 
three parts has been remained. This paper employed connected-component algorithm to get 
the max connected-component of each part. The max connected-component is remained for 
each part. Then we consider the size of each max connected-component. As we all known, the 
size of road sign and the car is small, and the size of the road and slopes are bigger than them. 
So some limits are imposed on the size of the max connected-component. The limits for the 
size criteria are empirically derived by a trial-and-error method based on the experiments on 
the images. The thresholds for the size criterion are selected at a specific percentage with 
respect to the size of the images being analyzed. This paper set the threshold as 1/25 of the 
original image, i.e., the size of road signs, cars and other small blobs is smaller than 1/25 of 
the original image, roads’ and slopes’ size are greater than 1/25 of the original image. Based 
on the threshold, the road signs and small blobs can be separated. 
 
3.5. Sky Separation 

Once the clustering process and small blobs separation are completed, we obtain several 
regions including ROIs (roads and slops) and maybe the sky. To get the ROIs, the sky region 
should be removed. We transform the segmented images to binary images by automatic 
histogram thresholding segmentation algorithms [22]. The binary images are shown as image 
b in Figure 11 and Figure 12. We can see that the sky region in the binary images is white, 
i.e., the value is 1 and it is on the top of the images. In other words, there are adjacent pixels 
in the first row whose values are all 1. However if the number of the adjacent pixels is small, 
we will not view it as the sky region. Therefore we set a threshold value for the number of 
adjacent pixels. We get the threshold value by a trial-and-error method based on the 
experiments. The limit for the number is chosen as 1/13 of the images’ width. According to 
the features of the sky previously mentioned, the blobs from the clustering stage will be 
checked. If one of the blobs fit the feature, it is declared as sky. The sky images are shown as 
image c in the Figure 11and Figure 12. And the process of sky separation is shown in 
Figure10. 
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Figure 10. The Process of Sky Separation 

 
Figure 11. The Binary Images of Positive Samples 

a is the Original Image, b is the Binary Image of a, c is Sky Segmented from a 

 
Figure 12. The Binary Images of Negative Samples 

a is the Original Image, b is the Binary Image of a, c is Sky Segmented from a 

3.6. Road and Slopes 

After removing the vegetation, sky, cars, road signs and other small blobs which are noises 
of the images, the reaming image is declared as road and slope image. We got this conclusion 
based on the analysis of the road images. To get rid of small scattered colored portions in 
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images, the noise filtering and close operation are applied to the road and slope image which 
can be seen the results in Figure 13. 

 
Figure 13. b is the ROIs Segmented from Image a, d is the ROIs Segmented from 

Image c 

4. Experiment Analyses 

 
Figure 14. The Segmentation Results of Representative Positive Road Images 

 
Figure 15. The Segmentation Results of Representative Negative Road Images 

To evaluate the proposed approach, we have performed experiments on a large collection 
of images, where some test images are obtained from LabelMe database and Google Image, 
the other images provided by the project team, and the rest are captured by us. Because the 
segmentation method would be applied in recognition of roads and slopes collapse system, so 
the experiment must be done on various images containing roads and slopes that with and 
without collapse. Figure 14 and Figure 15 showed the results of representative positive and 
negative samples. These figures show that our method can achieve very good result. In Figure 
14, the images are roads and slopes with collapse, and the road images are complex. The 
roads are unstructured, which are more complex than the structured roads. The segmented 
results show our approach is suitable for both unstructured and structured road images. In 
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Figure 15 we can see samples without collapse, and those photos were taken from different 
angles, such as b is different from others; and (a) and (d) are with a bad quality because of the 
light. However most of the results are satisfied and can get the ROIs accurately. All in all, the 
approach is suitable for the segmentation of various roads and slopes, and the results are 
excellent. It is worth noting that the proposed approach is efficient, which runs once for 2.08 
seconds on the image that is 320k bits. 

All in all, the hierarchical approach proposed by this paper is efficient and can segment the 
roads and slopes in the same time. Besides, it is suitable for various road images, no matter 
the roads are structured or unstructured, the roads and slopes are with or without collapse, the 
images are with good quality or not, and the images are taken from which angle. Most 
importantly, the method can get a satisfied result. 

Above all, some criterions are introduced to compare the segment results. 1270 images 
selected from LableMe database [23], Google images and from other sources.  

(1) Correctly segment the ROI (CSR): a segmented region that contains ROIs and little 
background. 

(2) Falsely segmented the ROI (FSR): a segmented region that does not contain ROIs or 
complete ROIs, or the background holds a large proportion in the segmented region. 

(3) Precision rate (PR): PR= CDR/ (CDR+FDR). 
The results are showed in Table 1.The precision rate proved that the method proposed in 

this paper can get a satisfied result. And the results show that the algorithm is more suitable 
for suburbs roads detection without buildings. 

Table 1. Results of the Method in this Paper 

 Total number of 
road images 

CSR FSR PR 

The Hierarchical 
Segmentation Approach 

1270 1135 135 89.37% 

5. Conclusions 
This paper has presented a new way to segmentation roads and slopes, which is the first 

and key step for the recognition of collapse. Different from previous approaches, our method 
is suitable for the segmentation of various roads and slopes images and can get a satisfied 
result. Besides, it is efficient so that it can be used in the real-time system. The application of 
our methods is novel which is a new type of ITS. Experimental results show a superior ability 
of our method to improve the segmentation quality with a low computational cost. In future 
research on this topic, we will consider the following issues. First, we will incorporate more 
image attributes as features. Second, more post-processing algorithms will be used to improve 
the quality of the segmented image. 
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