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The research in the robot vision becomes more and more attractive since the demand 

for robot is growing. To detect and avoid the obstacles in the outdoor environment is an 
important task for a moving robot. In this paper, we propose a real-time detection of the 
obstacle based on the computer vision with single camera. The dense optical flow method 
is adopted to extract the training data for a classifier model using support vector machine 
(SVM). The speeded-up robust features method is used to detect the interest points to be 
verified as the obstacle points or not by a SVM classifier. Moreover, a measurement of 
the spatial weighted saliency map is proposed to highlight the pixels of the obstacle. Fi-
nally, the obstacle points and the saliency map are combined to locate the region of the 
obstacle. The experimental results show that the proposed algorithm can effectively de-
tect the obstacle in the outdoor environment.     
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1. INTRODUCTION 
 

Up to now, several kinds of the sensors were adopted to detect the obstacles in the 
natural environments, such as laser scanner [1], infrared detector [2], ultrasonic sensor 
[3], image sensor [45], etc. Besides, there are many image-based methods are proposed 
to detect the obstacles. It is found that to use the image or the video streams to detect the 
solid objects is more popular. Lueng et al. [6] used the stereo image sequences of the 
outdoor scene to evaluate several motion estimation methods. Bertozzi and Broggi [7] 
utilized a stereo vision-based method to detect the generic obstacle on the moving vehi-
cles. The stereo vision-based algorithms are able to detect the obstacle in the unknown 
environment. However, more computing power is needed than those based on the mo-
nocular images. There are two major scenarios of the obstacle detection. One is that the 
background in an image sequence is fixed, and the other is that both foreground and 
background are dynamic. In the former situation, the candidate obstacle can be detected 
by subtracting two images in the sequence [8, 9]. When the camera is set up on the mov-
ing vehicle, the foreground is difficultly segmented. Consequently, the more complex 
algorithms are needed to be developed to detect the obstacle. Zhu [10] used the Hidden 
Markov Model to describe and predict the obstacle motion. Pangyu and Nedevschi pro-
posed an obstacle detection method on the depth images [11]. Kruger et al. [12] adopted 
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the information of the estimated optical flow vectors for obstacle detection. The obstacle 
avoidance of the unmanned aerial vehicles based on the optical flow method and the Lu-
cas-Kanade algorithm is proposed by Gosiewski et al. [13]. Mori and Scherer used the 
speeded-up robust features (SURF) to detect the obstacles [14]. Jia et al. [15] used the 
motion of the local feature points to separate the obstacles from shadows and road sur-
faces. Lee et al. [16] proposed an obstacle detection method which combines the inverse 
perspective mapping and the Markov random field model for autonomous robot with a 
low-mounted camera. In recent years, the deep learning became a most popular topic. Jia 
et al. [17] also adopted the deep neural networks to detection the obstacle in the images. 

Challenges in this topic of the vision-based obstacle detection are the various noises 
in the captured images, such as the varied size of the object, the different angle of view, 
the variation of the contrast, the camera shake, and so on. These noises will influence the 
detection rate. In this paper, we propose a robust and real-time system for the obstacle 
detection in a moving bio-robot that is also a small vehicle. The single camera that is 
mounted near the floor is used to capture the image sequence in this system. This system 
is in order to imitate the vision of the smaller animals. Since the computing power of the 
hardware for a small bio-robot is always lower, the proposed method must be efficient 
and simple. The proposed approach combines the optical flow method [18], the SURF 
[19], and the support vector machines [20] to detect candidate points of the obstacle. 
Moreover, the histogram-based contrast method (HC) [21] is modified to verify the can-
didate points and to localize the region of the obstacles. There are two major contribu-
tions in this paper. One is that the original HC method is modified to the spatial weighted 
HC which improves the saliency map more useful to highlight the obstacles in the natu-
ral scene. And the other is the proposed system does not require the powerful hardware 
to detect the obstacle in the testing stage. 

The remainder of this paper is organized as follows. Section 2 roughly describes the 
optical flow, SURF, and SVM, those are combined to detect the candidate points of the 
obstacle. The modified HC algorithm is proposed in Section 3. Experiment of obstacle 
detection in illustrated in Section 4. Section 5 concludes this paper. 

2. OBSTACLE POINTS DETECTION 

In this section, the optical flow, SURF and SVM are first reviewed. Then we pro-
pose a method to combine these techniques to detect the obstacle points in the image 
sequence. For the proposed method, the dense optical flow technique is adopted to obtain 
the training data to train a SVM model. Then the SURF method is used to detect and 
estimate the motion of each interest point that is verified whether an obstacle point or not 
by the SVM. The algorithms including the optical flow method, the SURF, and the SVM 
classifier are roughly described in the follows. 

2.1 Optical Flow 

The concept of the optical flow was proposed by Gibson in 1950 [18]. The optical 
flow can be used to estimate the motion of the object in the image sequence. This method 
is also called image flow or optical velocity field. Assume that the intensity of an image 
frame at position (x, y) and at time t is I(x, y, t). The optical flow can be represented as 
following equation: 
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Ixu + Iyv + It = 0    (1) 

where Ix, Iy, and It are the derivatives of the image at (x, y, t) in the corresponding direc-
tion and u and v are the optical flow of I(x, y, t) in x and y directions, respectively. 

There are two types of the optical flow: dense [22] and sparse [23] methods. For the 
dense technique, the velocity (optical flow) of each pixel need be calculated, hence it is 
more accurate but slower. In contrast, the sparse optical flow can be estimated by using 
some particular points in the image, and therefore it is more suitable for the real-time 
detection. However, the object with less texture is hard to detect by the sparse method. In 
this paper, we adopted the dense method to extract the optical flow of each pixel. And 
then, four information of each optical flow including the moving length (d), the orienta-
tion (), and the position (x, y) are normalized to [0, 1] as the training data (x,y,d,). 

2.2 Speeded-Up Robust Features 

Bay et al. proposed the speeded-up robust features (SURF) [19] which is inspired 
by the scale-invariant feature transform (SIFT) [24]. The SURF algorithm includes a 
local feature detector and a feature descriptor. Since the SURF adopts the Hessian matrix 
and the integral image method to detect the interest points in an image, it is always faster 
than the SIFT. The details of the SURF algorithm can refer to original literature. In our 
system, the SURF method is used to detect the feature points in each frame. Then the 
detected points in the current frame are matched with those in the previous image. Final-
ly, each matching pair of the feature points can be used to calculate the moving distance, 
the shift angle, and the position of the matched point. These four elements are normal-
ized to form a 4-D feature vector that is the test data of the classifier. 

2.3 Classifier of Obstacle Points 

In this paper, we utilize the SVM as the classifier to judge whether the interest 
points are on the obstacles in an image. The SVM is the supervised learning algorithm 
used for classification and it is a popular research in the machine learning area. The 
SVMs are successfully applied to many vision-based applications, such as the character 
recognition, the shape classification, the image retrieval, and the biometrics. In our ex-
periments, the non-linear SVM with RBF kernel is adopted to verify the points of the 
obstacles. 

In the training stage, the dense optical flow method is used to collect a lot of the 
training data as described in Section 2.1. Each training sample is composed of a training 
vector (x,y,d,) and its labeled category (obstacle or non-obstacle). As shown in Fig. 1, 
the training data is then used to train the non-linear SVM model. 
 

Training Data SVM Training Model

Obstacles

Grounds

 
Fig. 1. Illustration of training SVM classifier. 
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2.4 Real-time Detection of Obstacle Points 
 
As described in section 2.3, the SVM model with non-linear kernel is trained by 

using the training data that are extracted by the dense optical flow method. When the 
mobile robot moves in the outdoor environment, the computing time is too long for the 
dense optical flow. So that, the SURF is adopted to detect the interest points and the in-
terest points of two different frames are matched to estimate the motions of these points. 
The interest points of the image can be quickly detected by SURF method. And the 
moving information and the position of the points which are matched between two image 
frames can form the test data. After that, each test vector is judged whether it indicates 
an obstacle point by the SVM. We note that each element of the test vector should also 
be normalized to [0, 1]. 

3. SPATIAL WEIGHTED HC 

The saliency map is combined with the detection of the obstacle points to locate the 
region of the obstacle in the proposed system. We first describe how the original HC 
method does estimate the saliency map in this section. Then the proposed measurement 
for the saliency image with the spatial weighting is presented. 

 
3.1 Original Histogram-based Contrast 

 
In order to estimate the salient regions in an image without a priori knowledge, 

Cheng et al. [21] proposed a histogram-based contrast method using the color statistics 
of the input image to measure the saliency map. In the image I, the salient value of a pix-
el (Ik) is measured by using its color contrast to each other pixel: 
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where D(Ik, Ii) indicates the color distance between pixels Ik and Ii in the Lab color 
space [24]. Eq. (2) can be rewritten as following form: 
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where cl indicates the color of the pixel Ik, m is the number of colors in the image, and fj 
is the frequency of the color cj appearing in I. 

It is time-consuming to calculate the saliency by using Eq. (2) which is pixel- 
based measurement. Since the number of colors is always fewer than the number of pix-
els in an image, Eq. (3) is adopted to estimate the salient value. However, the number of 
colors is still large in the color space, e.g. the number is 2563 in the RGB space. Thus, to 
reduce the number of colors is an important task of a real-time system. In the original 
literature of the HC method, each color channel is quantized into 12 bins by using the 
histogram method. Thus, the number of colors is reduced to 123. Moreover, the colors 
those rarely appear in an image are merged into the similar colors. By preserving the 
significant colors, the number of colors is dramatically decreased to reduce the compu-
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ting time. The salient values that are represented by the quantized color histogram are 
than smoothed to reduce the noise caused by the quantization. The smoothing procedure 
of the salient value of color c is shown in Eq. (4). 
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where n is the number of selected colors those near the color c and 1 ( , ).n
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3.2 Spatial Weighted Saliency Image 

 
When the obstacle is far from the camera, the frequency of the colors on the obsta-

cle is lower. Thereby, the obstacle is not significant in the saliency map and it is diffi-
cultly detected in the image. To enhance the saliency of the obstacle, the higher fre-
quency of pixel color should be adjusted. In our experiment, if the ranking of color is in 
front of 35%, its frequency is decreased. Moreover, the camera of our system is put on a 
robot to detect the obstacles in the outdoors. In this scenario, the obstacle should be de-
tected in the middle zone of the image in the vertical direction and so we can partition 
the image into three regions. As shown in Fig. 2, the upper region and the lower region 
are always covered by sky and ground, respectively. According to this observation, we 
set the middle zone of the image in the y direction to be the region of interest (ROI) and 
proposed a spatial weighted HC method (SWHC) to improve the saliency map for easily 
detecting the obstacles. 

In the proposed SWHC, three additional tasks are involved in the original HC 
method. First, the spatial weight of each pixel is calculated to generate a weighting map. 
Then, the smoothing histogram of the salient values need be mapped to the image space, 
which is so-called the saliency image. Finally, the salient value of each pixel is multi-
plied by the spatial weight according to the pixel’s position. 

 

 
Fig. 2. The partitioned regions of an image. 

 

When we calculate the saliency map by using Eq. (3), we can also count the number 
of colors occurring in the upper and lower regions and count the number of pixels that 

ROI 

Upper Region 

Lower Region 
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belongs to each color in both regions. Suppose there are s and t colors in the upper re-
gion and the lower region, respectively. Let np

UR denote the number of pixels of pth color 
in the upper region and np

LR be the number of pixels of qth color in the lower region. 
Then the spatial weight of each pixel can be composed of four components according to 
location of the pixel. The weights corresponding to the different regions are defined as 
follows: 
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In addition, as shown in Fig. 3, we defined the fuzzy-based weights related to the y 
position of the pixels: 
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where H indicates the height of the image. The fuzzy-based weighting is used to adjust 
the influence of the region-based weighting that defined in Eq. (5). 
 

 
Fig. 3. Illustration of the fuzzy-based weighting. 

 

In order to simplify the represent of the spatial weighting, the redundant region is 
used to indicate both the upper and lower regions. Assume that the coordinate of a pixel 
of the image is (x, y) and the color of this pixel is c, the spatial weight of the salient value 
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of this pixel can be represented as follows: 
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As mentioned early, the smoothing histogram of the salient values should be mapp- 
ed to the image space (S(c) = S(x, y)). Then the saliency map of the SWHC can be de-
fine as the following formula: 

       ,, , ,    , .sw
x yS x y w S x y I I x y     (11) 

where I(x, y) is the pixel of the image at (x, y). The procedure of the SWHC can refer to 
Fig. 4. 

4. EXPERIMENTS 

In this paper, we propose an obstacle detection for the robot in the outdoor envi-
ronment. This scheme is composed of the optical flow method, the SURF algorithm, the 
SVM classifier, and the spatial weighted saliency map. In this section, the experimental 
results are presented and discussed. The procedure of the obstacle detection is shown in 
Fig. 4. 

 
Fig. 4. Flowchart of obstacle detection in outdoor environment. 
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In our experiments, the image sequence is captured by the camera on the robot. 
The frame per second (FPS) is generally set to 30, and it is time-consuming to detect the 
obstacles by using every frames. Therefore, the interval between the selected frames is 
15. In other words, the system is set to detect obstacle every half a second. The selected 
frame is the input image that is used to estimate the saliency map and to detect the obsta-
cle points. 

 

 
(a) 

 
(b) 

 
(c) 

Fig. 5. The saliency maps: (a) Original HC method; (b) Enhanced by adjusting frequency; (c) 
Spatial weighting. 
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We first present and compare the experimental results of the proposed SWHC 
method step by step. As shown in Fig. 5 (a), it is the saliency map of Fig. 2 which is es-
timated by the original HC method. The nearest obstacle is a basketball in this image, 
however, the saliency of the ball is not significant. In Fig. 5 (b), after the enhancement of 
the saliency, the salient values of the obstacle are raised. As described in section 3, the 
method of the enhancement is to adjust the frequency of the color. Finally, the saliency 
map is multiplied by the spatial weights. As shown in Fig. 5 (c), we can observe that the 
obstacle is more significant to the surrounds. 

The fuzzy-based weighting is designed to the adverse effects of the region-based 
weighting. Briefly, if the color of the obstacle also occurs in the upper or lower region, 
the obstacle may disappear in the saliency map. Observing the results shown in Fig. 6, 
the fuzzy-based weighting effectively compensate the influence of the region-based 
weighting. 
 

  
 (a) (b) 

  
 (c) (d) 
Fig. 6. Comparison with saliency maps: (a) is the original image; (b) is the saliency map of (a) 

using HC method; (c) is the region-based weighted saliency map; (d) is the saliency image 
based on the SWHC. 

 

The saliency map that is estimated by the proposed SWHC method can make the 
obstacle prominent. However, the region that is not the obstacle may still own higher 
salient values. In order to detection the obstacle precisely, we proposed a detection of the 
obstacle points that is described in section 2. This algorithm contains the dense optical 
flow, the SURF method, and the SVM classifier. The training stage of the SVM is men-
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tioned in section 2.3. In the test stage, SURF method is used to detect the interest points 
in the ROI of the current frame. These points of the current frame and the previously 
selected frame are then compared to find the matching points. Each pair of the matching 
point can be used to estimate the optical flow. Finally, the trained SVM model is utilized 
to verify whether each matching point is obstacle point or not. As show in Fig. 7 (a), the 
green and red points are the matching points those are detected and matched by the SURF 
and the white line represents the motion (optical flow) of each matching point in the 
current frame. Moreover, the green points are the obstacle points and the red points are 
non-barriers which are verified by the SVM model. It can be observed that the obstacle 
points verified by SVM may occur on the far objects or produce the false results. There-
fore, the proposed detection of the obstacle points is combined with the SWHC algo-
rithm. If the salient value of an obstacle point verified by SVM is lower than a pre-define 
threshold is discarded. In our experiments, the threshold is set to 0.7 and an example is 
shown in Fig. 7 (b) where the blue points indicate the preserved obstacle points. 

This combined method can find the obstacle points with higher salient values. The 
centroid of these points is calculated. And then, a rectangular region near the centroid 
with higher salient value is defined as the region of the obstacle. Figs. 7 (c) and (d) rep-
resent the region of an obstacle which is drawn as a yellow rectangle. In our experiments, 
the system is set to detect one obstacle. The simple clustering method can be used to 
category the obstacle points to detect more obstacles. Furthermore, the center of the ob-
stacle region that is estimated on the previous selected frame can be used to predict and 
detect the obstacle region when there is no obstacle point. Since the obstacle cannot dis 
appear suddenly, the center of the previous region of the obstacle can be used to search  

 

  
 (a) (b) 

  
 (c) (d) 
Fig. 7. The procedure for detecting the obstacle region; (a) illustrates the detection and classifica-

tion of the interest points; (b) represents the obstacle points with higher salient value; (c) 
and (d) display the detected obstacle region on saliency map and original image, respec-
tively. 
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Fig. 8. Examples of the obstacle detection on the sequence. The blue points and a red point repre-

sent the obstacle points and the centroid of these points. The yellow rectangle and point in-
dicate the obstacle region and the center of this region. Moreover, the purple circle is the 
center of the obstacle region detected on the previous selected frames. 

 

the current region around the center. If there is no obstacle point has been detected, the 
system will search the saliency map near the center of previous region to find whether 
existing the higher saliency. Fig. 8 represents the detection results of an image sequence. 
According to the experimental results, the proposed system can effectively and correctly 
detection the obstacle region in the outdoor environment. 

The proposed real-time detection of the obstacle is used by a small bio-robot in 
which the computing capability is limited. The detection performance of the popular re-
search used the deep learning could be better than our method, however, the deep learn-
ing need a powerful GPU to perform the algorithm. So the proposed method is more 
suitable for a small robot. In addition, the camera of our system is mounted near ground. 
This condition is similar to Lee et al. proposed system [16] but their experiments are 
only performed indoor. 

5. CONCLUSION 

It is a difficult task to detect the obstacle using single camera in the outdoor envi-
ronment. In order to assist a robot to avoid the obstacle, we proposed a vision-based ob-
stacle detection. The detection system is composed of two major schemes. One is the 
extraction of the obstacle points in the image sequence, and the other is the generation of 
a saliency map in which the obstacle region is significant. The dense optical flow tech-
nique is used to extract the training data of the SVM. In the test stage, the trained SVM 
model is utilized to verify the obstacle points that are detect by the SURF method. 
Moreover, we proposed the SWHC to generate a saliency map that is combined with the 
detection of the obstacle point to locate the region of the obstacle. Our experimental re-
sults show that the proposed system can quickly and effectively detect the obstacle posi-
tion in the outdoor environment. 
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