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Abstract - This paper proposes a method to detect road surface 
using intensity histogram. The key idea is to determine the 
intensity range of road surface for three different channels. Then 
this range of intensity is used to find the surface in an image. The 
testing image is splitted into RGB channel. If the pixel’s intensity 
is in determined range then it is replaced by zero, otherwise by 
one. So, a binary image is created for every channel. After some 
processing these images are merged. The merged image containing 
large number of zeros is regarded as road surface. This method is 
computationally efficient and easy to implement. The overall 
system has approximately 78.6% accuracy with 65% precision 
which made this applicable for use. 

Keyword – Road Surface; Intensity Histogram; Image 
Processing; Histogram Analysis; Path Detection. 

I.� INTRODUCTION 

Detecting road surface accurately is one of most important 
requisites for the successful implementation of blind assistance, 
autonomous car, intelligent vision system, driver assistance. 
For most recent couple of years, vision-based road surface 
detection has attracted the scientists and different techniques 
have been introduced to resolve this issue. The most important 
obligation of any road surface detection procedure is to 
differentiate image pixels whether they belong to the road or 
they are the part of non-road. 

Road surface detection algorithms can be grouped as 
feature-based techniques and model-based techniques. Feature-
based road surface detection procedures [1], [2] use such as 
color, vanishing points detection combined with texture 
orientations extraction, texture or lane identification symbols as 
optical clues to distinguish pixels that belong to the road 
surface. The road surface detection is done by testing image 
characteristics. However, using only low-level characteristics 
makes them subordinate to the precondition of structured roads, 
uniform road surface and illumination status. Hence, they are 
very much vulnerable to shadows, occlusions or noisy 
environment. Model-based methods [3], [4] create a model of 
road surface in the feature space for which they are trained. 
They are more strong and progressive than feature-based 
techniques. However, this comes at the price of adding a wide 
variety of situations when training and successive re-training to 
adjust to the continual changing environment. That is why a 
model-based technique are computationally expensive. 

This proposed methodology is based on the intensity of the 
pixels. The range is determined for each channel individually. 
So pixels belong to road surface can be identified individually 
if they are in range. So the difference between road and non-

road can be done here. The concept of image-based road surface 
detection is based on simple image processing techniques like 
intensity histogram and morphological processing. Simple 
image processing algorithms are used on still images thereby 
minimizing time and computational complexity and cost of the 
imaging system. It avoids the training procedures given in [3] 
as decisions are given out instantly. 

The rest of this paper is organized as follows: Section II 
describes the related works. Section III illustrate the proposed 
technique. Section IV explains the experimental analysis and 
finally, Section V concludes the paper. 

II.�RELATED WORK

Several approaches are made to detect road surface. A 
pioneer system in outdoor navigation was created in MATLAB 
program [5]. This navigation system unites hue and surface 
information to perform vision-based road surface tracking. It 
considered a series of images and assembled color information 
with the structure of the road surface detected in previous 
frames [6]. Texture based road detection was also used [7]. 

Color appearance data has been utilized widely as the main 
clue for road surface detection, as data from color helps to 
provide strong information about the road surface to be detected 
in the absence of reliable data about shape of the road. Color 
does not confine the system to physical properties, which make 
this system unique. The two familiar color spaces, that have 
proved to be strong to small illumination changes, are HSV and 
normalized RGB. However, algorithms which are basically 
dependent to color spaces failed under acute variations of 
lighting like dark shadows or highlights. These algorithms show 
reliability on highly structured roads, road homogeneity and 
simple road structure. 

In vanishing point road detection, the place where vanishing 
point is located is needed. This system takes vanishing point 
location as an input. Generally, the methods of vanishing point 
road detection can be grouped into two categories. The 
structured road vanishing point is considered as first category. 
Hou et al. [8] and Dai et al. used markings of the roads in order 
to locate the vanishing point. The intersection of gradient 
directions was calculated to obtain vanishing point. The most 
preferable and popular approach to detecting road is to do a 
labelling of bottom-up pixel, or super-pixel. Since creating, 
learning and training a generally appearing model for non-road 
pixels is ineffective, most strategies focus on single-class 
classifiers and only road pixels are tried to be model as 
appearance distribution. 
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In [9], the illuminant invariant characteristics space is 
utilized as a part of a model-based classifier, where the model 
is constructed online to enhance the adjustment of the 
calculation to the present brightening and the existence of 
different vehicles in the scene. The precondition of illuminant 
invariant element is to accept that the surface which will be 
imaged is a Lambertian surface. Thus, it failed under the state 
of specular reflection of daylight from the street surface or 
oversaturated area. That is how it faced the failure to identify 
the lane markers as they are ignored while modelling the street. 

In [9], Alvarez et al. utilized an invariant component for the 
training of the SVM classifier to group the street geometries  

III. METHODOLOGY TO DETECT ROAD SURFACE

To detect road surface, few images are taken as sample. The 
road portion of the image is extracted. We have done histogram 
analysis to get some intensity values for specific type of road. 
These values are then used for the whole process. The overall 
flowchart of the proposed system is depicted in Fig. 1.   

 

End 

Fig. 1 Flow diagram for the proposed road surface detection�technique. 

A. Sampling 

Few sample images containing bituminous or asphalt 
concrete road are taken. The portion of the road are taken out 
manually from every image. So, we ended up getting images 
which have only road. Fig. 2 is showing the road. This road 
image is then splitted into blue, green and red channel. Fig. 3 
shows the output of three channel. So, we got three new images 
containing blue channel, green channel and red channel portion 
of the road image. 

B. Histogram Analysis 

We’ll get three images for every road sample. Now we need 
to build the histogram of these images. We’ll get a Gaussian 
shaped histogram for every channel. For example, 

Fig. 5 shows the histogram for sample of blue channel. It 
shows that the range of intensity is mostly on the left side of the 
histogram. This gives the initial assumption of the range of the 
expected intensity. For three channel, there will be three range 
of intensity values for every channel. We used a trial and error 
method later to determine the actual range. This gives the 
accurate road surface. 

C. Surface Detection 
To test the method, we first take an image containing road. 

The image is splitted into three channels. The Blue, Green and 
Red channel. Then we scan every pixel of all images. From 
Histogram analysis we determined range for every channel 
image. If the pixel’s intensity is within the range for respective 
channel, then it will be replaced with zero, otherwise one. So, a 
binary image will be formed for every channel. The road 
surface will be marked as black. So, we got this black pattern 
for three channel images. 

Fig. 2 Road Segment. 

Fig. 3 Three Images after Splitting. 

Start

Take some sample images with specific road surface 

Extract the road surface and split it into RGB channel 

Draw the histogram for three channel road surface 
image to get the intensity value. 

Replace intensity value with 0 

The range of the intensity of road surface for Red, Green and Blue 
channel is determined from the bell shaped histogram individually 

Take the image for road surface detection, split the 
image into RGB channel  

Scan through every pixel of three image (Red, Blue and Green 
channel) 

Is any pixel within 
range? 

Replace intensity value with 1

Remove noise

Combined Red, Green and Blue channel images to one RGB color 

Yes 

No
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Fig. 4 Histogram for BLUE Channel. 

To remove noise, first we performed dilation and then 
erosion. This operation is known as Closing. In the time of 
experimentation, while combining we found that if we take blue 
or red channel pixels and green channel pixels and combined 
them, we can detect a better road surface. 

IV. EXPERIMENTAL RESULTS

Experiments have been done on bituminous road, asphalt 
concrete road. The range of intensity for blue channel is from 
50 to 92. For green channel image the road surface intensity 
range is from 36 to 95. For red channel image, the range is from 
39 to 105. ( , )g x y is intensity blue, green or red channel image 
and output binary image channel intensity is ( , )f x y . 

For Blue channel image 
( , ) 1f x y =  if 50 ( , ) 92g x y< < else ( , ) 0f x y =  (1)      

For Green channel image  
( , ) 1f x y = if 36 ( , ) 95g x y< < else ( , ) 0f x y =   (2)  

For Red channel image 
( , ) 1f x y = if 39 ( , ) 105g x y< < else ( , ) 0f x y =   (3)  

For testing we’ve collected images from different websites 
[10], [11]. We’ve chosen 28 images to test the method. All the 
sample of input and output images are represented here. The 
input images are color images. The output images are binary 
images. The output images containing black color is considered 
as road surface pattern. So, the street surface containing the 
specific intensity can be determined. The overall input and 
output images shows that the method can specify which pixels 
belong to road and which are not. 

The step by step process is illustrated with a sample image 
here. First take a sample image. First, we take the image and 
split it into three channels. Here Fig. 5 representing the input 
color image. The three image represents the Blue, Green, Red 
channel intensity of the image. The Fig. 6 is representing the 
condition of the image after splitting them into three channels. 

If we split the color image every channel contains the 
corresponding intensity of that channel. For example, red 
channel image will contain the red channel intensity. Then from 

the histogram analysis we determined a range of intensity. We 
generated a binary image for each channel. If the pixels are in 
range, we replace them with one, otherwise zero. Then we 
performed the closing operation. Fig. 7 represents pattern after 
the operation. So, we find the pattern after replacing the range 
and closing operation. Now the images are combined. We 
combined them by taking the common pixels of Green and Blue 
or Red channel pixels. This form a pattern of the road surface. 
Here Fig. 8 represents the final road surface pattern. The final 
image is compared with the ground truth created by us. Fig. 9 
showing the ground truth. 

The sample of input and output images is given in Fig. 11. 
There are 28 individual figures. In every row there are four 
images. The output is shown correspondingly with every image. 
To compare the experimental result, a table is constructed 
showing all the parameters considered for experimentation. 

Fig. 5 Input Image. 

Fig. 6 Images after Splitting. 

Fig. 7 Images after Splitting 
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Fig. 8 Road Surface. 

Fig. 9 Ground Truth 

Fig. 10 Measurement of Accuracy by Varying Image number. 

Fig. 11 Sample Input/output images. 
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TABLE I. Summary of the Experimental Results 

Fig. 10 is showing the accuracy of road surface detection for 
every input and output images.  
     To evaluate the performance of the proposed method, 
several experiments were performed. The experimental results 
are shown in Table I. This table contains the values of True 
Negative (TN), False Positive (FP), False Negative (FN), True 
Positive (TP), Accuracy, Precision, Recall and 
Misclassification Rate (Misclass. Rate) of the images that are 
shown in Fig. 10. From Table I, it can be derived that the 
average accuracy is 78.6% with the average precision is 65% 
which is a symbol of a significant achievement for road surface 
detection.  

V.� CONCLUSIONS 
By applying the proposed method, road surface is detected 

for asphalt concrete and bituminous road. The experimental 
result is shown by image and table. The table works as 
confusion matrix and summary. It shows that how many pixels 
have been identified as road and how many pixels are non-road. 
The accuracy is more here and measured with respect to the 
ground truth created by us. Two important parameters precision 
and recall are considered here. The percentage of precision and 
recall are both good here. So, it is obvious that the method 
works correctly for certain types of road. But for some images, 
it is not working so well. If the environment contains the 

intensity of road surface, it is determining that as road surface 
too. It can’t determine all type of road surfaces. So, it is not a 
universal approach for now. This method can also be combined 
with CNN for further extension. 
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