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Abstract—A general vision approach for environment 

understanding of mobile robot is proposed, which is inspired by 
biological visual cortex. Gray level image from robot camera is 
firstly processed in the selective attention layer, and then in S and 
C layers for meaningful structure elements. With the help of the 
Sc layer designed for endpoints detection, the line segments map 
is generated to serve as the form of environment understanding 
results. Experiments on mobile robot are implemented by the 
task of avoiding obstacles with different sizes and shapes, pits, 
sharp cliffs, et al. The experimental results demonstrate the 
adaptability and versatility of the proposed approach. 

I. INTRODUCTION 
AFE moving in complex and unknown environments is 
the premise for a mobile robot to fulfill its tasks. The 

acquired information should be reliable enough to avoid 
collisions [1] and other dangers such as a pit or cliff. Although 
some distance measurement sensors such as ultrasonic, 
infrared and laser have been widely used for obstacle detection 
(for example, [2], [3], [4]), some limitations of them may 
make the robot be difficult to move without collisions or 
dangers in some complex environments. For example, the pits, 
water surface, etc in the environments are hard to be detected 
by measurements of distances. Besides, there exist some low, 
hard, sharp objects, which will be dangerous to mobile robot. 

In order to deal with so many cases, robot vision provides a 
possible solution. In some application fields, a reliable 
technique for visual based collision and danger recognition is 
needed [5], [6]. However, previous segmentation and 
registration based robotic vision techniques are hard to 
reliably recognize obstacles in real-time in complex and 
unknown environments [7]. Wahab et al. propose a method to 
estimate the distance of a target using monocular vision 
system for mobile robots [8]. In their experiment, an orange 
golf ball is assigned as the target and other objects as obstacles. 
Fidan et al. achieve the formation control of robotic swarms 
based on distance-estimation with single-view [9]. In their 
work, color markers are used. In fact, a bigger challenge lies 
in the improvement of adaptability and generalization of robot 
vision, especially for future robots, which may play an 
important role in our daily life. The scenes are uncertain, 
which makes the mobile robot be hard to extract common 
features in advance. 

In our opinion, it would be helpful by the imitation of 
biological visual cortex. Researchers have conducted some 
researches that are based on a quantitative theory of the 
ventral stream of visual cortex [10]. A representative work is 
the visual perception model H-max proposed by Riesenhuber 
and Poggio [11]. In [12], Serre Thomas et al. have applied this 
model to computer vision and proposed a four-layer network 
to extract local features stably for object recognition. The first 
layer of the network is an imitation of simple cells using 
Gabor Filters, and the second layer imitates the function of 
complex cells to realize the translation invariant of local 
features by calculating the maxi-mum value of simple cells 
within a certain scale and scope. The last two layers are used 
to simulate the neurons in high-level visual cortex for scale 
invariant and rotation invariant. This system is a good 
interpretation for the attention-based feature integration theory 
proposed by Tresiman and Gelade [13]. However, this system 
is hard to work in real time on a robot. 

Still, the problems of adaptability and generalization ability 
in visual system remain unsolved. The core idea of our 
method is to extract structure information which reflects 
spatial configuration of the environment from original images 
acquired by the robot camera. In this paper, meaningful spatial 
configuration includes ground-object borders, contours of 
obstacles, edges of pits, etc. Structure information is then 
analyzed to get the road status. 

The remainder of the paper is organized as follows. Section 
II gives the details of our approach. The experimental results 
are depicted in section III and section IV concludes the paper. 

II. THE VISION APPROACH INSPIRED BY BIOLOGICAL 
VISUAL CORTEX 

Biologists describe the visual cortex as a hierarchical 
structure in which signals are mainly processed in a 
feedforward pathway. Following this theory, we propose a 
framework for structure information perception and 
abstraction. Different from traditional bionic systems which 
concentrate on local features extraction, our perception results 
come from the interpretation of artificial cells’ group 
behaviors and status. Because the positions of the participating 
neurons may have a large spatial span, their group behaviors 
can express large scale structure information of the original 
image. In our research, we abstract the structure information 
into line segment maps. The detailed processing is as follows. 

Sa layer: A gray-value input image is first analyzed by the 
Sa layer to determine positions of interesting points. It has 
been found that vision cortex tends to process stronger outputs 
of DOG cells in retina earlier than those weaker ones so that 
some more attention are paid to important information. This 
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mechanism is called selective attention [14]. In this paper, Sa 
layer is designed to improve the processing speed. Sa units 
distributed evenly on the perception plane with a spatial 
interval being smaller than the radius of its sampling circle. A 
Sa unit first calculates differences of adjacent pixels on its 
sampling circle, as shown in Fig. 1, the position of the pixel 
where the maximum difference generated is recorded. If the 
absolute value of the maxima difference is smaller a given 
threshold T1, we think that no potential structure element 
exists, or else, it calculates gradient orientation at the recorded 
position. Base on this orientation, a chord vertical to the 
gradient orientation is generated, and it is further judged to 
determine whether an interesting point is found. If so, the 
orientation of the chord and its middle point is recorded. The 
middle point of the chord is taken as an interesting point. 

S layer: This layer is a multidimensional array of S units 
inspired by biological simple cells found by Hubel and Wiesel 
in the primary visual cortex (V1) [15].  

The S layer samples at each pixel of the input image, and 
there are 18 S units Sk(k=0,1,…,17) at each sampling point 
with corresponding orientations of k×10°. In biology visual 
cortex, simple cells with different kinds of receptive fields are 
found. They are usually described as Gabor functions [16]. In 
our research, meaningful structure information may be 
boundaries of different objects, e.g. the border lines of 
obstacle and ground or edges of pits. General features of these 
structure information are continuous gray differences. 
Receptive field is then re-designed and the mathematical 
model is expressed by the following equation: 
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where φ  indicates the scope of receptive field. Fig. 2 shows 
the receptive field obtained by equation 1. The output of the 
designed artificial simple cell is as follows. 
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 cos sinx x yθ θ= −   and    sin cosy x yθ θ= + .            (4) 

I is the image on the perception plane, (u, v) is the position of 
receptive field’s center and θ is its orientation angle. 

 
Fig. 2. Receptive field of the S unit. 

For any an interesting point, only if the S unit whose 
orientation nearest to that of the chord is strong enough, the 
interesting point is taken as effective, which means the outputs 
of the corresponding Sa unit and S unit will be sent to the next 
layer. 

C layer: This layer corresponds to biological complex cells 
which are tolerant to the positions of patterns in their receptive 
fields and they are often imitated to design feature detectors 
with translation invariant.  

The outputs of S units are sent to C layer and each C unit 
concerns those with the specific orientations within a 
rectangular area, which is call sensing field in this paper. In 
our experiment, the area is designed to be LA in width and 5LA 
in length, where LA is the spatial interval of Sa units in Sa 
layer. Therefore, for each C unit, there are 5 Sa units locating 
in its sensing field, and its inputs come from the S units which 
are activated by 5 Sa units. C unit is designed to integrate 
outputs of Sa units and S units into structure elements which is 
described by a five-dimensional vector Ld=(ls, Gl, β, upm, vqm), 
where ls is a measurement of its value and the larger it is, the 
more meaningful the structure element may be; Gl is the 
average gray level in the sensing field; β is its orientation 
angle and (upm, vqm) is its position. 

The C unit with orientation βi is first designed to sum up the 
outputs of all S units with three different orientations 
respectively, which are activated by the Sa units locate in its 
sensing field, denoted by sum(βi), sum(β(i-1+m)%m), 
sum(β(i+1+m)%m) (m is 18 in experiments). If sum(βi) is smaller 
than any of the others, the artificial complex cell outputs zero, 
or else, Ld is calculated as follows. ls is set to be the maximum 
output of Os(up, vq, βi) that is the output of a S unit locating at 
(up, vq) with the orientation of βi, where (up, vq)∈Фc, Фc is the 
sensing field; (upm, vqm)=argmaxOs(up, vq, βi); β is modified on 
the basis of βi and βa, where βa is average orientation of chords 
generated by the Sa units in the sensing field. More details are 
given in Algorithm 1. 
 
Algorithm 1. STRUCTURE ELEMENT DETECTOR 

input: output Os of the S layer, output Oa of the Sa layer, 
the C unit with orientation βi and sensing field Фc.  

output: A five dimensional vector (ls, Gl, β, upm, vqm). 
1  S1←0;  
2  S2←0; 
3  S3←0; 
4  t←0; 
5  for each position (up, vq) in Фc do 

Difference 
between two 

adjecent pixels  
on the sampling 

circle is 
calculated

The position 
where the 
maximum 
difference 

generated is 
recorded Orientation of 

gradient at the pixel

A chord is 
generated

The pixel with a larger gradient at 
the end of the chord is 

concerned, and we think there 
exists a potential structure 

element and the middle point of 
the chord is taken as the 

interesting point.  
Fig. 1. Details of the Sa unit. 
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6      if (t<Os(up, vq, βi)) then 
7          t←Os(up, vq, βi); 
8          upm←up; 
9          vqm←vq; 

10      end 
11      S1←S1+Os(up, vq, βi); 
12      S2←S2+Os(up, vq, β(i-1+m)%m); 
13      S3←S3+Os(up, vq, β(i+1+m)%m); 
14  end 
15  if (S1>S2 and S1>S3) then 
16      Ls←S1; 
17      βa←AVERAGE_ANGLE(Oa1, Oa2,…); 
18     β←AVERAGE_ANGLE(βa, βi+π/m×(S3-S2)/(S1+S2+S3))  
19  end 
20  Gl←AVERAGE_GRAYLEVEL(Фc); 
 

The sensing fields with the same orientation connect to each 
other to form up an array and thus there are total 18 arrays 
Ack(k=0, 1,…, 17). In visual cortex, horizontal connections 
between neurons in the same layer are widely found and 
outputs of the neurons can adjust dynamically through a self-
organization mechanism. Inspired by this, some self-
organization rules are set for adjustments of ls outputted by C 
units and the rules take effects in each array independently 
after all C units give their original outputs. For a C unit 
denoted by Cac, considering that it has a specific orientation, 
and the layout of sensing fields is regular, we investigate 4-
adjacent C units of Cac. Fig. 3 illustrates three rules. 

Lateral competition rule: For Cac and those sharing a long 
side with it, lateral competition is introduced to disable Cac if 
the corresponding ls is not the largest one.  

Acnode eliminating rule: For Cac and those sharing a short 
side with it, when ls of Cac is obviously largest, it is updated by 
the larger one corresponding to the other two C units. 

Gap repairing rule: Similar to the previous rule, if ls of Cac 
is obviously smallest, it is updated by the smaller one. It is 
noted that this only takes effects if Gl outputted by its two 
adjacent units are close enough. 

Sc layer: It is designed based on the biological hypothesis 
of hypercomplex cells whose outputs are believed to be a 
further processing of signals from complex cells. 

Sc units are designed for line segment endpoints detection. 
In images, an endpoint of line segment may be a sudden 
change of gray level, texture or even local orientation. 
However, not all sudden changes are related to a valuable 
endpoint e.g. those caused by noise, clutter or some 
meaningless gaps etc. So there is not a common feature to 

judge an endpoint. In this task, a meaningful endpoint 
corresponds to a sudden change of structure element. Under 
this idea, a Sc unit is designed to receive the signals from two 
connecting C units, and a switch is introduced to check 
whether an endpoint is found: Switch On: if |ls1-ls2|>T3 or |Gl1-
Gl2|>T4; Switch Off: else. More details of endpoint searching 
procedure are shown in Fig. 4. 

In the following, the line segments are generated using a 
growing algorithm in each of 18 arrays in C layer. For each 
array, the growing algorithm starts from the structure element 
with the largest ls. After a line segment is generated, all related 
structure elements will be removed. When there is no effective 
structure element, the algorithm finishes. Fig. 5 illustrates the 
procedure starting from the structure element denoted by Ld. 
There are two growing directions and we take the right 
growing as an example. 

Firstly, we check the three sensing fields on the right side of 
Ld. Obviously there is no more than one effective structure 
element due to lateral competition rule. When an effective 
structure element exists in the three sensing fields, it is stored 
as the present one, and we denote it as Ld1. A directed line 
with its starting point at the position of Ld is generated and its 
direction is the average of Ld and Ld1. Extend the line segment 
to the right border of the three yellow sensing fields shown in 
Fig. 5, and the one the extension line reaches is taken as the 
new base for the next step. Then, three right-adjacent sensing 
fields related to the new base are checked, as the blue ones 
show, and the similar procedure takes effort.  
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ls=0.2

ls=0.8Cac

0

0

0.8

ls=0.3

ls=0.1

ls=0.8
Cac 0.3

0.3
0.1

ls=0.5

ls=0.7

ls=0.1
Cac 0.5

0.5
0.7

 
(a) Lateral competition   (b) Acnode eliminating   (c) Gap repairing  
Fig. 3. Adjusting rules of C units 

Three right-adjacent C units are 
checked and a directed line with its 
starting point at the position of Ld is 
generated and its direction is the 

average of the Ld and Ld1Position of line element Ld

Ld
Ld1

Ld2
Similar to the former step, 
three C units adjacent to 
the one locating at the 

head of the directed line 
segment are checked.

……

 
Fig. 5. Growing procedure to generate a line segment. 

Step 1: the sensing field is divided evenly 
and acquire Gi(i=1,2,...) denoting average 
gray level of the ith subfield. Search for a 
larger sudden change of Gi. We label the 
two subfields causing the sudden change 
as Sm and Sn, respectively.

Step 2:  Sm and Sn are further 
divided evenly similar to Step 1 
but vertical in orientation.  
Similar to Step 1, search for the 
sharpest change of gray level, 
which is corresponding to the 
position of an endpoint.

Switch
+

-

……

……

G1

C unit 1

C unit 2

G2

Sm Sn

 Fig. 4. Details of the Sc unit. 
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The process mentioned above continues until an endpoint or 
the image boundary is met, and the resulting endpoint or the 
intersection of extension line and the image boundary is taken 
as the result the algorithm. In addition, if there is no effective 
structure element in two continuous growing steps, the 
intersection of extension line and the boundary of sensing field 
corresponding to the last effective structure element will be 
recorded. Similarly, we obtain the result of left growing. 
Therefore, two effective line segments are generated, and each 
of them connects a result point and the starting one. Especially, 
when the directions of these two line segments are near 
enough, we combine them into one line segment that connects 
two result points.  

Although some line segments have been generated, the 
results may be unsatisfactory. Firstly, some trivial or small 
line segments may be generated. In addition, there are also 
some unclosed contours or false crosses. Therefore, an 
additional adjustment procedure is applied. After that, a map 
of line segments is outputted. The map may be considered as 
the result of robot visual understanding. And how to use them 
for robot control and decision making depends on specific 
tasks. 

III. EXPERIMENTS 
In this paper, the danger avoidance task is adopted to testify 

the proposed environment understanding approach. Our robot 
is only equipped with a monocular camera, which is fixed 
downward sloping at the front of the robot. When the 
obstacles are detected with a farther distance, the robot slows 
down, and if the robot feels big threats from the obstacles, it 
turns to the direction which is judged as safer, or else, it 
moves forward. 

 In this task, meaningful structures are borders of different 
areas with notable gray level differences on both sides of them. 
So we further simplify line segment map according to this task, 
and some of them are deleted. Because of this, the line 
segments corresponding to the fractures on the ground, 
borders of two tiles, some textures, et al. are ignored. In 
addition, gray levels on both sides should change sharply near 
the line segment, or else, it is considered to be generated due 
to some shadows et al., and it should also be ignored.  

After calibrations of the camera, position of a point on 
ground plane can be easily calculated using the position of its 
corresponding pixel in the image. In this task, the robot only 
cares about line segments generated at ground-obstacle 
borders, and at each direction, only the nearest obstacle is 
concerned. Guided by this idea, the line segment map is 
transformed into an obstacle map in which the nearest obstacle 
points corresponding to each direction are marked, as shown 
in Fig. 6. 
Experiment I: collision avoidance in office environment. In 
this experiment, some randomly chosen objects with different 
sizes, heights, colors and textures are put on the marble floors. 
Fig. 7 shows the video sequences of the robot’s collision-free 
motion, and Fig. 8 gives two line segments maps acquired by 
the robot. 

 
Experiment II: basement environment. Ground of the 

basement is cement court with some splotches, and there are 
also stairs. Fig. 9 demonstrates the video sequences. It is seen 
that the robot firstly turns left to avoid the two objects, and 
when it realizes that there is a potential danger from the 
borderline between the stairs and corridor, it turns right to 
avoid downward stairs. 

  
Fig. 8 Two line segments maps obtained by robot vision. 

 

Our of 
View

Our of 
View

Position 
of  robot 
camera

-
0.74m

0.74m

2m

 
Fig. 6. Line segment map and obstacle map. For the images acquired by 
the robot with the size of 640×512, numbers of line segments is usually 
less than 200. And the processing time on a Lenovo PowerBook is about 
60 ms per frame. Line segment map is then transformed into the obstacle 
map.  
 

  

  

  
Fig. 7. Video sequences of experiment I. 
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Experiment III: moving toward a cliff. In this scenario, the 
robot starts toward a sharp cliff. After it successfully detects 
the danger, it turns right and moves along the boundary of the 
cliff to search for safe paths. Fig. 10 shows the corresponding 
video sequences. 

 

IV. CONCLUSION 
In this paper, a visual cortex inspired approach for 

environment understanding of mobile robot is proposed. In 
this framework, the structures of the environment are 
estimated in the form of line segments map. Experiments on 
mobile robot demonstrate its effectiveness with some 
satisfactory results. The robot has successfully avoided 
different kinds of obstacles including objects, pits and sharp 
cliffs. In the near future, we are going to further use 
information hinted in the line segments for better 
understanding of environments. 
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Fig. 10. video sequences of experiment III 

  

  
(a)  Video sequences of experiment II.  

 
(b) The line segments map acquired by the robot. 

Fig. 9. Experiment in basement environment. 
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