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Abstract 

This paper presents a novel fast optical flow estimation 
algorithm and its application to real-time obstacle 
avoidance of a guide-dog robot. The function of the 
laboratory-developed robot is to help blind or visually 
impaired pedestrians to move safely among obstacles. 
The proposed algorithm features a combination of the 
conventional correlation-based principle and the 
differential-based method for optical flow estimation. 
Employing image intensity gradients as features for 
pattern matching, we set up a brightness constraint to 
configure the search area. The merit of this scheme is 
that the computation load can be greatly reduced and in 
the mean time the possibility of estimation error is 
decreased. The vision system has been established on 
board the robot to provide depth information of the 
immediate environment. The depth data are transformed 
to a safety distribution histogram and used for real-time 
obstacle avoidance. Experimental results demonstrate 
that the proposed method is effective for a guidance 
robot i n  a dynamic environment. 

1 Introduction 

White-cane is still the most frequent used travel aid for 
blind or visually impaired pedestrians. Guide dogs 
provide much more help, but they are not easy to be 
trained and are quite expensive [6]. Therefore, it has 
been an active research area to develop a sort of guide 
machine to assist blind people. The exist guide machines 
can be categorized into four types: (1) electronic travel 
aids (ETAS) [8][12], (2) mobile robots [lO][ll], (3) 
wearable travel aids, e.g. NavBelt [12], and (4) guide 
canes, e.g. Guide-cane [8], Robotic-cane [ l ] .  The 
advantage of guide-cane type structures is their 
portability. On the other hand, a mobile robot can scan 
actively and gain large amounts of environment 
information. A combination of guide cane and mobile 
robot will be very favorable for the blind pedestrians. 
Moreover, comparing with the wearable devices such as 
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NavBelt, a robotic guide cane can provide more secure 
feeling psychologically. Based on the idea of an artifact 
guide dog, we constructed a guide robot in this study. 
The main considerations involved here are the 
requirements of safety, practicability, portability and 
convenience. 

Safety is the fundamental requirement to judge whether a 
guide robot is practical or not. A guide robot must be 
able to avoid unexpected static or moving obstacles. 
Vision-based obstacle-avoidance algorithms have been 
reported widely in the literatures. The methods 
employing pattern recognition techniques are too 
complex for a portable guide robot[5]. The use of stereo 
vision requires two CCD cameras. Most single-camera 
systems make use of optical flow vectors to estimate 
depth of the scene or time-to-contact(TTC) [3][4]. The 
drawback of optical flow approach is the large 
computation cost. In this study, we developed an 
improved optical flow estimation algorithm. This new 
algorithm is fast and accurate enough to be applied to 
real-time obstacle avoidance of a guide robot. 

The developed vision system has been integrated into a 
self-constructed guide robot. Fig. 1 illustrates the robot 
in use. It has two drive wheels and two casters for 
balance. The total weight is about 15Kg, including the 
batteries. For human interface, a special designed 
trombone-action cane was added to mimic the tension of 
a guide dog. At the handle joint, a vibration motor 
provides the tactile stimulation to the user. When the 
speed difference between the robot and the user is too 
large, the cane will touch either the upper or lower limit 
switch. The robot will adapt its speed automatically to 
the speed of the blind user. Also, the user can feel 
direction change of the robot by horizontal rotation of 
the cane. For commanding the guide robot, a speech 
recognition system has been developed such that the 
blind user can set function of the guide robot using oral 
commands. Also, the robot can warn or inform the blind 



Fig. 1 The guide robot 

pedestrian its current situation using speech synthesis 
through the voice control card. The guide robot is 
equipped with a CCD camera for environment detection. 
A Biscuit PC (Pentium 233MMX:i from Advantech was 
put on board for image processing and motion control. 
The robot uses shaft encoders to estimation its velocity 
and position over short range and reserves an interface to 
GPS receiver for outdoor navigati’m. 

2 Fast Estimation Algorithm 

Relative motion of an object to a CCD camera(the 
viewer) gives us successive image intensity variation and 
generates spatiotemporal apparent velocities. The 
distribution of apparent velocitiea due to movement of 
brightness patterns in an image i s  termed optical flow 
field. Suppose the image intensity of a pixel is denoted 
by E(x,y,t), at instant ( t+€_t) ,  the pixel, whose image 
intensity is invariant, moves a distance €2 in the x 
direction and €2 in the y direction respectively. The 
relation can be represented by the following equation[2]: 

E ( x ,  y ,  t )  = E ( x  + 6 x ,  y + 6 y , t  + st) ( 1 )  

Several methods have been reported to estimate optical 
flow [7]. In differential based method, the right-hand 
side of (1) is expanded to give us ii brightness constraint. 
This constraint is combined with a smoothness constraint 
to generate an optimization problem of optical flow 
estimation[2]. In correlation-based approach [3][ 131, 
optical flow is estimated in temis of the relation of a 
pixel @.y) in one frame to its siiccessive frame. It is 
assumed that the pixel motion in two successive frames 
of instant t and (t+fA) will ret#iin in the range of - 

N<u<N and -N<v<N, where N I S  the largest possible 
displacement of U and v, and (U,.) is the optical flow 
vector. The optical flow is determined from the 

correlation match of the patch represented by 
( 2 n + 1 ) ~ ( 2 n + l )  pixels centered at (xJ), out of 
(2N+l)x(2N+1) possible displacements. The correlation 
match equation is given by[13]: 

- N < M < N , - N < v < N ,  

where SSD denotes the sum of squared difference 
between the patch and a ( 2 n + 1 ) ~ ( 2 n + l )  window around 
each pixel in (2N+l)x(2N+l) possible displacements. To 
increase the estimation accuracy, conventional 
correlation-based technique involves covariance matrix 
calculation and an iterative procedure to obtain an 
optimal solution. With an increase in the search area, 
such procedures will greatly increase the computation 
load. Consequently, this technique is not suitable for 
real-time applications. In order to reduce computation 
complexity and still hold acceptable estimation accuracy, 
we propose to include the brightness constraint [2] used 
in conventional differential-based method: 

E,u+ E,v+ E, = 0 (3)  

where E,i E,,[ Er are gradients of the image intensity at x, 
y, and t axis respectively. We present a novel optical flow 
estimation scheme that uses the principle of correlation 
match of correlation-based technique [7] as the kernel, 
and adds the brightness constraint of differential-based 
technique to condense the search area of correlation 
match, while in the meantime reduces the possibility of 
estimation errors. Fig. 2(a) shows a correlation match 
result of a patch of 3x3 pixels with 7x7 possible 

(a) 

Fig. 2 (a) The results of a patch of 3x3 pixels 
performs a correlation match to 7x7 possible 
displacements in the next image. (b) The calculation 
results of brightness constraint for 7x7 possible flow 
vectors 
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displacements i n  the next image. Fig. 2(b) depicts the 
calculation result of applying (3) to the 7x7 possible 
displacements in Fig. 2(a). We observe in Fig. 2(b) that 
there is a transition junction of positive-negative values. 
This indicates that the correct optical flow vector should 
lie in the transition area. Moreover, we note from Fig. 
2(a) that the most matched pixel just lies in this area. 
Based on this observation, we developed a fast optical 
flow estimation algorithm. The flow chart of this 
algorithm is presented in Fig. 3. After obtaining two 
successive images, we find out the area where the correct 
optical flow vector will possibly lie using (3). The next 
step is to perform correlation match in this area. These 
steps can be summarized in the following equation: 

M ( x , y ; u , v )  = C ( E , , ( x + i ; y + j )  - E , , ( x + u  + j , y + v +  i)) 

+ c (Ev,( x + i, y + j )  - E,, ( x  + U + j ,  y + v +i)) 

( U ,  v )  I U E X  + vEy + Et t 0 &(U - 1)Ex + vEy + Et < 0 

I I .  ,)e 1: 

l , , , E C  

OR UEX + VEY + Et < 0 &  ( U -  I)Ex + v E ~  + Et t 0 
OR uE,x+  vEy + Er t 0 & E x  + ( v - I ) E y  + E t  < 0 
OR UEX + v E ~  + Et < O & ( v - l ) E x +  v E ~  + Et t 0 

(U, v )  E 

(4) 

Note that the image intensity gradients are used as 
features and the brightness constraint is added to reduce 
searching area. This is more efficient than only using (2). 
Employing this method, the original 49 possible 
displacements in correlation match is reduced to 11-14 
possible displacements. Comparing with (2), equation (4) 
needs 31 5 addition (or subtraction) instruction cycles for 
N = 3 and n=l ,  while equation ( 2 )  needs 882 addition (or 
subtraction) instruction cycles for the same N and n. This 
reveals that our scheme greatly reduces the optical flow 
computation. Moreover, since the correlation match will 
not be applied to the area where correct optical flow 
vector would not lie, the possibility of matching errors is 
also decreased. 

The above algorithm provides a quantized optical flow 
calculation. [t is desirable to obtain more accurate sub- 

LBTt plrel " lnterpolrtlon 4+-- 
t 

Optical flow 
lield 

Fig. 3 Flow chart of optical flow estimation 

pixel optical flow vectors employing interpolation. We 
propose in this paper a method exploiting a parabolic 
function [4]. For image frame I,+,, since the most 
matched pixel for the current pixel Po on image frame I, 
would be the local minimum, as shown in Fig. 4(a), we 
can use the parabola equation (5) to interpolate the 
values in x and y axis respectively: 

The parabola: 

ux2 +bx+c ( 5 )  

Y1- yo - 4 ( X 1 Y  -(xo)2) b= 
XI - xo 

c = yo - a(xJ -.bx, 

As shown in Fig. 4(b), the horizontal coordinate 
corresponding to the parabola minimum is the desired 
more accurate x or y component of optical flow vector. 

Y (p ixe l )  

Fig. 4 Sub-pixel optical flow velocity calculation 
using parabolic interpolation 

3 Obstacle Avoidance Algorithm 

Using the obtained optical flow field, we can calculate 
the scene depth and time-to-collision (TTC). This depth 
information of objects is then input to an obstacle 
avoidance algorithm. As shown in Fig. 5 ,  the camera 
focuses to the positive Z-axis direction. Let the origin of 
the world coordinate 0, locate at the camera center. For  
both the cases that the camera moves toward the object 
with a velocity (0, 0, W,) or the object moves toward the 
camera with a velocity (0, 0, -Wc), the TTC or depth can 
be calculated using the equation below [9]: 

where d is distance between focus of expansion (FOE) 
and the point p in the image plane (see Fig. 5) ,  f is 
focal length, D is the distance between an interest point P 
and the Z-axis, Z is the depth. Differentiating with 
respect to time and dividing by d, we can get: 
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where Vis the flow velocity and z is TTC. If the object is 
static and the camera is moving, we can calculate depth 
because velocity W, of camera is estimable. But for the 
case that the object is moving with a static camera or 
both of them are moving, the velocity of object is usually 
unknown and only TTC can be calculated. In this study, 
both of the depth and the TTC can be used as input 
information for obstacle avoidance. 

3.1 Safety Distribution Histogram 

In order to establish a representation of the environment 
configuration, we transformed the calculated depth to a 
safety distribution histogram. This histogram was 
established from a mapping from a 3D space to 2D ZX- 
plane using the depth inforniation to represent the 
obstacles in the environment. For an environment 
depicted in Fig. 6, we generated a histogram as shown in 
Fig. 7. In this histogram, the distribution represents the 
immediate surroundings to the robot. Thus it is termed 
safety distribution histogram. 

3.2 Real-time Obstacle Avoidance Algorithm 
In our current design, a free roving navigation algorithm 
is provided for the guide robot. 'There is no path planning 
module involved. The robot is free moving around, only 
not to collide into any obstacle. Fig. 8 presents the flow 
chart of real-time obstacle avoidance algorithm. In order 
to implement the method described in the previous 
sections, we programmed the robot to acquire images 
and perform image pre-processing, including smoothing 
and edge detection. Notably, the images were taken 
while velocities of the two wheels of robot were almost 
equal. There are two reasons for such consideration: one 
is to avoid influence of ground flow. Ground flow will 
cause our algorithm to generate a histogram with the 
many identical depths. This will cause the robot to 
mistakenly believe that everywhere is dangerous. The 
other reason is to get more useful pixels for estimating 
optical flow. At the motion edge or at the area where 
pattern features are obvious ancl irregular, the pixel flow 
is sensed easily and the correlation match is more 
accurate. Moreover, it is more efficient for the system to 
calculate optical flow of edge pixels. 

Before starting the calculation of optical flow and safety 
distribution histogram, we lirst determine whether 

distance between the robot and the object is dangerous 
enough to start obstacle avoidance behavior. In this 
manner, 'the system will not perform unnecessary 
calculation cyclically and will not miss the time to take 
action when obstacle avoidance is required. 

(a) 
I 7- 
-7- 

A L  

Fig. 5 (a) The camera moves toward the object. 
(b) The object moves toward the camera. 

Fig. 6 The environment for testing obstacle 
avoidance 

X (pixel) 

Fig. 7 The safety distribution histogram 
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Fig. 8 Flow chart of obstacle avoidance algorithm 

The basic idea of the obstacle avoidance algorithm is to 
let the guide robot to rove freely and to determine where 
is wider for it to go. We thus divided the safety 
distribution histogram into seven sections. Each section 
represents an angle of avoidance. The method to 
determine the safest section is to add the depth values in 
each section and compare their sum. The larger the sum 
is, the safer that section is. The robot will then change its 
direction accordingly. When the robot turn to the 
selected direction, it keeps moving ahead and acquiring 
images. Fig. 8 illustrates the flow chart of the real-time 
obstacle avoidance algorithm using the optical flow 
estimation. 

4 Experimental Results 
4.1 Performance of Optical Flow Estimation 
We first examined the proposed optical flow estimation 
algorithm using a synthesized image and compared the 
results with the first iteration solutions of conventional 
correlation-based and differential-based techniques. The 
synthesized image was the Diverging tree [7] with flow 
velocity between I .29 and 1.86 pixeldframe diverging 
from center of the image. Table 1 presents the average 
errors of three estimation schemes. Both the average 
angular error ' and magnitude error of optical flow 
estimation were listed for comparison, From Table 1, we 
see that our scheme has better performance than the 
other two for the first iteration. Even though the average 
angular error is not perfect, the result of flow field 
estimation is satisfactory. We will show later that the 
flow field can show the image motion and the average 
error is tolerable considering the time-space trade off. 

Table 1 Comparison of average errors of optical flow 
estimation using respectively, the proposed, differential- 
based and correlation-based techniques for the first 
iteration on the Diverging tree 

Proposed Differential- Correlation- 
method I based 1 based 

I Angle (o )  I 27.9764 I 47.9256 1 29.3969 I 

4.2 Experiments on Real-time Obstacle Avoidance 
We present two experiments to examine the performance 
of real-time obstacle avoidance capacity of the guide 
robot. In experiment #1, the robot traveled around a 
narrow corner and passed a doorway in our lab. Fig. 9(a) 
illustrates the tested scene obtained from vision system 
on-board the guide robot. Fig. 9(b) indicates that there 
was more space on the right side of the robot. In the 
experiment, the robot performed obstacle avoidance 
based on the acquired images from the CCD camera. The 
summations of depth values in each section were listed 
in Table 2 .  It is clear that the robot should select the 
section #7, which has maximal safety area and indicates 
a -2.5" rotation angle. It took 0.9 second to perform one 
calculation of obstacle avoidance for the on board 
computer (Pentium 233 MMX). The robot navigated 
with a speed of 33.2cmis. Fig. 10 shows the recorded 
trajectory. In this test run, the robot made three turns to 
go around the corner and passed the doorway. 

In experiment #2 the guide robot was roving in an open 
space. There was a person to appear in front of the robot 
randomly to test its reactive behavior. It was observed 
from Fig. 11 that the robot successfully avoided the 
person and behaved quite responsive. 

5 Conclusions 

A novel fast optical flow estimation algorithm has been 

U 
CCD Camera 

Fig. 9 (a) Experiment environment for testing the 
obstacle avoidance (b) Top view of (a). 



developed in this work. The calculation time for this new 
scheme is only 25% of that using conventional 
correlation-based technique for the first iteration. 
Although more accurate results can be obtained using 
conventional methods after much more iteration, our 
method achieves acceptable optical flow estimation in 
the first iteration. Based on thi:: algorithm, a safety 
distribution histogram has been generated and used for 
real-time obstacle avoidance. Experimental results reveal 
that the developed guide robot has satisfactory reactive 
behavior in a dynamic environmeni:. 

’ Table 2 Sum of deoth values in each section 

values (m) 

Xlml 

Fig. 10 Experimental results of obstacle 
avoidance 

I - 
P- 

t =  I .  

.....’ t = 3.35 s 

3 .2 1 0 I 2 3 

X i m l  

Fig. 11 Recorded trajectory of free roving 
experiment 
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