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Abstract—In Robocup, the field lines provide robots with the 
most useful information to make self-locating and strategies. For 
real-time competitions, the detection must be efficient. In this 
paper, we present a novel method of line detection based on fast 
edge extraction and modified Hough Transform. In this study, 
the condition of different objects’ distances is considered 
according to the camera angle. In the first step of edge extraction, 
an image is roughly scanned. A local-precise scanning is then 
implemented in regions where there may be edge points. After all 
feature points are picked out, a modified Hough Transform is 
used to extract lines. The result demonstrates that combining 
with real-time conditions, such as the angle of the camera and the 
distances of the objects on court, plays an important role in 
object detection. 

Keywords—Field line detection, Hough Transform, adaptive 
threhold, local-precise edge extraction 

I.  INTRODUCTION 
There are two steps in line detection: the extracting of edge 

feature points and recognizing based on these feature points. A 
lot of methods have been proposed to detect edge feature points. 
According to an assumption that the values of image pixels 
change quickly between two regions at different sides of the 
boundaries [1], [2], many edge detecting operators, such as 
Sobel Operator [3], Roberts Operator [3], Previtt Operator [3] 
and Laplacian Operator[3], are presented to detect boundary 
feature points [4]. In previous researches, these operators are 
used on every pixel in images, which makes the efficiency not 
high enough for robot soccer players’ real-time competitions in 
Robocup. Weiying Ma and Manjunath [5] presented a 
boundary detection method based on edge flow to extract edge 
points. However, it still takes time for the robots to recognize 
all objects using this method because of the limit of the CPU 
brought by the robots. 

Line recognizing based on feature points is also a very 
complex work. The basic idea is Hough Transform (HT). Many 
modified Hough Transform method have been proposed to 
reduce the computation which is very large in standard Hough 
Transform [6], [7]. Randomized Hough Transform [8], [9], [10] 
picks feature points randomly and makes a progress on the 
algorithm speed. Later, a method called N-Point Hough 

transform [11], an extension of Randomized Hough Transform 
(RTH), only uses N points for line detection. Adaptive Hough 
Transform [12], Probabilistic Hough Transform [13] and 
Regularized Hough Transform [14] have also been introduced. 
Generally speaking, many modified HT methods improved the 
efficiency of Standard HT to a certain extent. However, in real-
time competitions in Robocup, these algorithms are not 
efficient enough as they failed to consider the environmental 
condition varying from second to second. 

In section II, we firstly introduce a local-precise scanning 
method to quickly capture all useful feature points for line 
recognition. In this process, we use Sobel Operator to detect the 
edge point considering the limited computing ability of the 
CPU carried by the robots. In addition, we add the limitation of 
the environment and the robot’s camera into this process, 
which greatly reduce the scanning time. In section III, we use a 
Modified Hough Transform [15] combining with the gradient 
direction of feature points. Section IV shows the results of our 
algorithm and Section V concludes this paper. 

II. EDGE POINTS EXTRACTION 

A. Adaptive threshold of white and green 
We use the gray value of every pixel for extraction. In order 

to distinguish the edge between white lines and green filed, we 
set a threshold T to classify the white pixels and green pixels. 
When the gray value of a pixel is larger than T, we consider 
this pixel as a white pixel. When the gray value of a pixel is 
smaller than T, we consider it as a green point. In our study, the 
size of images is 64 pixels.  

In real-time competitions, the threshold of white and green, 
T, is changing from time to time. Because of the shaking of the 
robot during walking, it is very hard for the camera to get a 
very clear image. In addition, a further distance will also lead 
to a larger reduction of power during the propagation of light. 
As shown in figure 1, edge points close to the robot are very 
clear, but edge points in a further distance are a little fuzzy.  

In order to find a proper standard to set the threshold of 
white and green, we scanned the region shown in figure 1(b) in 
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this image, the distance of every point on the ground, D, is 
estimated using (1). 

 
(a) A global image 

 
(b) Partial enlargement 

Figure 1. A fuzzy image captured in the competition 
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In (1), Hrob is the height of the robot, j is the vertical 
coordinate of current pixel in the image, F is the Focal Length 
of the camera and PitchAngle is the rotating angle of the 
camera in pitch direction. 

In the white region, we choose the maximum gray value for 
white and the minimum gray for green. From figure 2, we 
could see that there is a liner relationship between the distance 
and the white value and the difference value. Figure 2(b) shows 
that the relationship between gray value and distance is not 
liner. The reason is that the average gray value of green in the 
image is very low. Thus the impact of the fluctuation on gray 
value of green is larger than that on white. In figure 2(c), the 
liner correlation coefficient is -0.95. In the real-time situation, 
considering the shaking and the resolution of the camera, this is 
a very good estimation of the relationship between the gray 
difference value and the distance. 

 
(a) The change of gray value of white with the distance 

 
(b) The change of gray value of green with the distance 

 
(c) The change of the gray difference value between white and 

green with the distance 

Figure 2. Relationship between the gray value and the distance 
to the camera 

As a result, in real-time competition, we put a liner 
relationship between the threshold and the distance to classify 
white pixels and green pixels.  
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B. Local-precise scanning 
For each image, the position of the horizon in the image can 

be calculated according to the rotating angle of the camera on 
the robot’s head. Thus, for every pixel in image with coordinate 
(i,j), we can know that if this pixel is on the ground. If not, 
there is no need to do any further calculation with this pixel. 
See figure 3(a). 

In the first step, the image is roughly scanned with a larger 
scanning step of Large_Scan_Step=8. For each scanned pixel 
with a coordinate (i, j), we check the value of current pixel and 
the value of its adjacent scanned pixel. If one pixel is white and 
the other is green, we make a local-precise scanning in region 
[i-Large_Scan_Step, i]×[j-Large_Scan_Step, j].  

Using rough scanning, we divided each image into 4800 
small regions and classify them into two kinds: the ones which 
have potential edges and the ones which have no edges. In the 
next step, we only deal with the regions containing potential 
edges. As the area of the white field lines is not very large, the 
scanning area in images can be greatly reduced. 

In the local-precise scanning in the smaller region [i-
Large_Scan_Step, i]×[j-Large_Scan_Step, j], we use a smaller 
scanning step, Small_Scan_Step=2. Similar with the rough 
scanning, we check each pixel and its adjacent scanned pixel.  

As shown in figure 3(b) and figure 3(c), we could see that 
in every potential small region, the number of qualified edge 
pixels is still much smaller than the number of all pixels in this 
region.  

Whenever we find a potential pair of pixels between which 
there may exists edge points, we use a Sobel Operator to 
calculate the Vertical gradient value, Horizontal gradient value 
and the gradient direction of every pixel between the two pixels. 
Vertical Soble Operator and Horizontal Soble Operator are 
shown in (2) and (3). The gradient direction is calculated using 
(4). The gradient direction is estimated within 15 degrees. Thus 
the computing time can be obviously much less than doing 
precise calculation. 
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G

θ
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� �
� �

                  (4) 

If the gradient of a pixel G is larger than the threshold of 
edge point Sob_Gra_Threshold, we consider this pixel as a 
feature edge point. As the Small_Scan_Step is 2, we deal with 
2 pixels every time. In order to get a more accurate 
accumulation, we only choose the pixel which has a larger 
gradient. The process of feature edge point extraction is shown 
in figure 3. All feature points are saved in a set Q.   

Figure 3. Feature pixels extraction 
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In this process, we use several ways to reduce the scanning 
times and the calculating times. Form figure 3(a) to figure 3(d), 
we could see that the pixels in image are reduced obviously 
from one step to the next. Finally, the feature edge pixels are 
accurately detected for the following line recognition.  

 
(a) Gradient direction angle (2D) 

 
(b) Gradient direction angle (3D) 

Figure 4 Rough estimation of gradient angle in an image 

From figure 4, we could see all pixels are classified in 
several group according to the gradient direction angle. This 
will reduce useless votes while recognizing straight lines and 
thus reduce the computing time. 

III. MODIFIED HOUGH TRANSFORM COMBINING 
WITH GRADIENT DIRECTION 

In the line recognition, we used a modified Hough 
Transform [15]. In addition, we combine this algorithm with 
the gradient direction to reduce useless votes of feature points 
and add some recalculation on some important variables. The 
algorithm is: 

1. If the number of points in Q is small than a predefined 
threshold T1, go to the end. If there are still more than 
T points in Q, pick a seed point qi (xi, yi) from Q [q1, 
q2, … , qn]. When a point is selected, it is removed 
from Q. The rest of the points in Q are defined as set 

Qrest. For each seed point qi, a two-dimensional 
accumulator array Theta is used to save the needed 
information. Theta(i,2) is the number of points in this 
group and Theta(i,1) is the average angle of  �ik 
(k=1,2, … , Theta(i,2)). GroupNum is the number of 
existed groups. 

2. If Qrest is empty, go to step 5. If Qrest is not empty, pick 
a point qj (xj, yj) from Qrest. If the gradient direction of 
qi and the gradient direction of qj are roughly close to 
each other as shown in (5), go to step 3, else go back to 
step 2, remove qj from Qrest and pick another point.  

1( ) ( )direc i direc jq qθ θ δ− <                (5) 

3. Calculate the angle of line qiqj using (6). If �ij is close 
to both �direc(qi) and �direc(qj), see (7), go to step 4, else 
go back to step 2 , remove qj from Qrest and pick 
another point. 

arctan i j
ij

i j

y y
x x

θ
� �−

= � �� �−� �
                      (6) 

2 3( ) ( )ij direc i ij direc jq and qθ θ δ θ θ δ− < − < (7) 

4. If the difference of �ij (j=i+1,i+2, … , m) and any 
existed �ik (k=i+1, i+2, …, j) is smaller than a tolerance 
�4 as shown in (8), put Qj into group as shown in (9). If 
not, create a new group as shown in (10). Then go back 
to step 2, remove qj from Qrest and pick another point. 

4ij ikθ θ δ− <                                (8) 

( ) ( ) ( )
( )

( ) ( )

ij Theta k,1 *  Theta k, 2  
Theta k,1

Theta k, 2 1

Theta k, 2 Theta k, 2 1

θ� +
=� +�

� = +�

   (9) 

ij

1
( ,1)

( , 2) 1

GroupNum GroupNum
Theta GroupNum
Theta GroupNum

θ
� = +
� =�
� =�

              (10) 

5. Detect the accounts of Theta, select the group which 
has the largest points number Theta(imax,2). If the 
number is lager than a predefined threshold T2, the 
straight line defined by qi (xi, yi) and Theta(imax,1) is 
then extracted as a potential straight line in the image. 
Go to step 6. If not, go back to step 1. 

6. Calculate the parameter of the extracted straight line 
using (11). 

, max maxcos( ( ,1)) sin( ( ,1))i j i ix Theta i y Theta iρ = + (11) 

7. Remove feature points on extracted straight lines. 
ColineNum is the number of feature points which have 
a close gradient direction angle to Theta(imax,1) and are 
collinear with the extracted straight line as shown in 
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(12). If ColineNum is larger than a predefined 
threshold T3, then go to step 8. If not, go back to step 1 
and start from the beginning with a difference seed 
point. 

max 4

max max

, 5

,
,

( ( ) ( ,1) )

{

cos( ( ,1)) sin( ( ,1))

( )

{

1
1

}
}

direc j

current

j j

current i j

i j current
i j

if q Theta i

x Theta i y Theta i

if

PtNum
PtNum

PtNum PtNum

θ δ

ρ

ρ ρ δ

ρ ρ
ρ

− <

= +

− <

• +
=

+
= +

(12) 

8. Re-initialize all parameter spaces. Go back to step 1 
and start the next searching. 

9. End. 

In this modified Hough Transform, we added the limitation 
of the gradient direction in several steps. As the gradient 
direction angles are roughly calculated and have errors within 
15 degrees, this limit is not very accurate. However, it is 
accurate enough for the robot to clearly classify points on two 
lines with a gradient direction angles of 90 degree and 180 
degree. In (5), (7) and (12), because of the rough estimation of 
gradient direction, the tolerance is 25 degrees in our study. As a 
result, most useless votes for Theta(k,2) can be quickly 
excluded without calculation in (6).  

In iteration, we could see that in (9) and (12), Theta(k,1) 
and �i,j is recalculated every time when a new qualified point 
is detected. As a result, the initial error generated by the initial 
value can be effectively reduced.  

  
(a) 14                                 (b) 16  

  
(c) 23                                 (d) 32  

        
(e) 40                                     (f) 53  

        
(g) 62                                     (h) 70  

Figure 5. The results of straight line detection 

IV. RESULTS AND DISCUSSION 
Figure 5 shows the detection result of straight lines in 

different images. From the results, we could see that the 
straight lines are accurately detected.  

In order to analyze the impact of the limits of gradient 
direction on the efficiency of our new algorithm, we design an 
experiment. In group A, we process the same images using our 
new algorithm. In group B, we remove this limit in a control 
test in group B. The results of calculating time are shown in 
table I.  

TABLE I. Calculating time of the controlling experiment 

Image Calculating time(A) Calculating time(B) 
(a) 0.369s 0.397s 
(b) 0.328s 0.415s 
(c) 0.325s 0.641s 
(d) 0.195s 0.344s 

From table 1 we could see that using the limit of gradient 
direction, the efficiency of straight line detection is enhanced. 
We could also see that the extent of the efficiency’s increasing 
various in different situations.  

 
(a) Beginning of line recognition 
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(b) The first line detected   (c) The second line detected 

  
(d) The third line detected   (e) The fourth line detected 

Figure 6. The removing process of feature points. 

Figure 6 shows the detection process of straight lines one 
after another. During this process, collinear feature points are 
successively removed from the set of feature points Q. 
Meanwhile, some noise, such as the edge points extracted from 
the edge of the orange ball and the green field, remains in Q 
until the end of the detection. This shows that our method is 
able to exclude noise in images. 

Analysis of the algorithm 
Suppose that N feature points are captured in the edge point 

extraction. On assumption that there are N0 noise points of all 
N feature points, the other points belong to k lines, bearing N1

N2 N3 N4…Nk points respectively. In general, we 
suppose k is even and k is smaller than 10. Obviously, 

0 1 2 kN N N N N= + + + +…                      (13) 

For each white line in images, there exist two edges and the 
amounts of the points in the two lines are similar. As a result 
we assume that  

 1 2 3 4 1, ,..., k kN N N N N N−= = =                 (14) 
1. The running time of Randomized Hough Transform 

without Gradient Direction 

In the worst case, the first N0 seed points are all noise 
points, thus formula (6) need to be calculated for N times 
for each noise point, which is N0 N times for all noise 
points. After the ith(i=1,2,3,…,k-1) line is detected, the 
next seed point is in the (i+1)th line. So formula (6) would 
be calculated for (N0+Ni+1+Ni+2+…+Nk) times. Altogether, 
formula (6) are calculated for T times, in which, 
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T N N N N N N
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�

�
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As shown in formula (15), the running time of 
Randomized Hough Transform without Gradient Direction 
is O(N2). 

2. The running time of Randomized Hough Transform with 
Gradient Direction 

In Local-precise scanning, we calculate Gradient Direction 
of all N feature points using a table look-up scheme which 
has a running time of O(N).  

In the process of Randomized Hough Transform with 
Gradient Direction, since each white line has two edges, 
the k lines are divided into k/2 pairs. If the picked seed 
point is a noise point, �ij would not be calculated. If the 
picked seed point is in the ith line, �ij would be calculated. 
For each pair of two lines (the ith line and the i+1th line), 
the running time is 

1 1( )i i i iT N N N+ += + +                              (16) 

As a result, the running time of our new algorithm is 

1

1 1
1

3(( ) )
2

k

i i i
i

T N N N N
−

+ +
=

= + + ≈�     (17) 

In summary, the running time of Randomized Hough 
Transform with Gradient Direction is 

 
3( O( ) ( )
2

O N N O N+ =                  (18) 

V. CONLUSION 
This study presents a novel method to extract edge points 

and detect straight lines in football field in Robocup. In the 
edge point extraction, a local-precise scanning is used to reduce 
the scanning time. In addition, an adaptive threshold of gray 
value, based on the change of gray value along the edge 
between white and green in images, is proposed to improve the 
accuracy of the edge extraction. 

When detect straight lines using feature points, we used a 
novel Hough Transform. We add a limitation of the gradient 
direction to reduce the calculating time and the algorithm 
complexity is decreased from O(N2) to O(N). Besides, we 
recalculate some important parameters to improve the accuracy. 
Generally speaking, this method greatly improves the 
efficiency compared with existed methods.  

However, some questions still remain, such as the impact of 
the white circle field lines on the detection of straight lines. 
Whenever the center circle is in the image, its complex shape 
will bring a lot of computation and interference to the detection. 
In addition, how to use the detected straight lines needs more 
discussion in our future researches. 
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