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A b s t r a c t .  The study of visual navigation problems requires the integra- 
tion of visual processes with motor control. Most essential in approaching 
this integration is the study of appropriate spatio-temporal representa- 
tions which the system computes from the imagery and which serve as 
interfaces to all motor activities. Since representations resulting from 
exact quantitative reconstruction have turned out to be very hard to 
obtain, we argue here for the necessity of representations which can be 
computed easily, reliably and in real time and which recover only the in- 
formation about the 3D world which is really needed in order to solve the 
navigational problems at hand. In this paper we introduce a number of 
such representations capturing aspects of 3D motion and scene structure 
which are used for the solution of navigational problems implemented 
in visual servo systems. In particular, the following three problems are 
addressed: (a) to change the robot's direction of motion towards a fixed 
direction, (b) to pursue a moving target while keeping a certain distance 
from the target, and (c) to follow a wall-like perimeter. The importance 
of the introduced representations lies in the following: 

- They can be extracted using minimal visual information, in particu- 
lar the sign of flow measurements or the the first order spatiotempo- 
ral derivatives of the image intensity function. In that sense they are 
direct representations needing no intermediate level of computation 
such as correspondence. 

- They are global in the sense that they represent how three-dimensional 
information is globally encoded in them. Thus, they are robust rep- 
resentations since local errors do not affect them. 

- Usually, from sequences of images, three-dimensional quantities such 
as motion and shape are computed and used as input to control 
processes. The representations discussed here are given directly as 
input to the control procedures, thus resulting in a real time solution. 

1 I n t r o d u c t i o n  

A cont inuous interplay between visual processing and motor  ac t iv i ty  is a char- 
acteristic of most  existing systems tha t  in teract  with their env i ronments .  In i t i a l  
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attempts at these difficult problems followed a modular approach. The goal of 
Computational  Vision was defined as the reconstruction of an accurate descrip- 
tion of the system's spatiotemporal environment. Assuming that  this information 
can be acquired exactly, sensory feedback robotics was concerned with the plan- 
ning and execution Of the robot's activities. The problem with such separation 
of perception from action was that  both computational goals turned out to be 
intractable [1, 2, 4, 5]. Recently a number of studies have been published which 
argue for a closer coupling by means of achieving solutions to a number of spe- 
cialized visuo-motor control problems [13, 14]. We also encounter the so-called 
approach of image-based control [3, 6, 16, 18]. The principle behind this approach 
is that instead of computing intermediate representations, directly available im- 
age measurements are used as feedback for the control loop. Most commonly, a 
number of feature points extracted from the image are tracked over time. The 
idea behind this is that the chosen image features can be directly related to 
the parameters of the robot 's joints. However, image features of this kind, in 
general, are not easily extractable, nor easily tracked. Furthermore, even simple 
kinematic maps are no longer simple when it comes to inverting them. 

Here we argue that  from the viewpoint of computational perception the 
essence of understanding the coupling of perception and action will come from 
understanding the appropriate spatiotemporal representations which the sys- 
tem computes from the imagery. By considering three visuo-servo motor control 
tasks, we present representations for 3D rigid motion and shape of increasing 
levels of complexity. In all three tasks we consider a robot system consisting of 
a body and a camera which can move independently of the body. The first and 
simplest task consists of changing the robot 's direction of motion towards a fixed 
direction using visual information. For this task we need only partial egomotion 
information about the robot. In the second task the robot must pursue a moving 
target while keeping a certain distance from the target. The additional visual 
representation computed is the time to collision. In the third and last task, the 
robot has to follow a perimeter. This task requires the system to obtain partial 
depth information about the perimeter. 

2 T a s k  O n e :  M o v i n g  T o w a r d s  a F i x e d  D i r e c t i o n  

The robotic system considered in all three tasks consists, as illustrated in Fig. 1, 
of a body on wheels with a camera on top of the body. To describe the system's 
degrees of freedom we define two coordinate systems, attached to the camera 
and the robot. The robot moves on a surface and is constrained in its movement 
to a forward translation TR (along zR) and a rotation wR around the vertical 
axis, i.e., the y•-axis. The camera is positioned along a vertical axis that passes 
through the center of rotation of the robot and it has two independent rotational 
degrees of freedom. Its orientation measured with respect to the coordinate frame 
of the robot is given by its tilt, 0~, and its pan, Ou; there is no roll, i.e. 0~ = 0. 

We first consider the simple task of moving towards a new direction. Referring 
to the mobile robot illustrated in Fig. 2, the problem can be stated as follows: a 
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Fig. 1. Camera and robot local 
coordinate systems. 
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Fig. 2. The robot, currently moving for- 
ward with speed S, aims to veer towards 
p. The dotted path represents the tra- 
jectory generated in-flight by the servo 
system. 

robot, moving forward with speed S, is required to head towards a new direction, 
along which some feature p lies; p is selected beforehand by some higher level 
process. The robot first directs the camera at p, so that  the line of sight is now 
positioned along p.  We assume such gaze shifts are accomplished by fast saccadic 
movements.  

The robot must  now make a series of steering decisions so that  the forward 
motion and the direction of the heading have the same projection on the zz-plane 
of the camera coordinate system, i.e., 0y has to become zero. These steering 
movements  are controlled by a servomechanism, which derives information from 
images captured by the camera. 

2.1 G l o b a l  M o t i o n  P a t t e r n s  

Traditional studies on visual motion rely on the optical flow field, whose compu- 
tat ion requires optimization techniques to be invoked. For real-time systems, we 
have to consider t ime constraints imposed on the actions the system performs. 
Here we do not utilize the value of the optic flow but a more robust measure- 
ment,  namely the sign of the projection of the flow u along a set of directions n 
on the image. Tha t  is for a direction n on the image at a point (x, y) we measure 
the sign of un = u .  n, if it can be computed reliably there. 

In [9, 10] it has been shown that  when these measurements  are considered 
along a set of appropriately chosen directions they give rise to a global structure 
encoding 3D motion information in form of pat terns in the image plane. In 
the following sections we will make use of some of these classes of vectors and 
their corresponding patterns, namely the "copoint patterns" and the "coaxis 
patterns".  

The coaxis vectors are obtained as follows: Consider an infinite class of cones 
with apex at the nodal point of the eye and axis (A, B, C). The intersections of 
the cones with the image plane give rise to a set of conic sections. The (A, B, C) 
coaxis vectors are the vectors perpendicular to these conic sections. In order to 
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speak of positive and negative values we define an orientation on these vectors 
as shown in Fig. 3. 

Fig. 3. Field lines corresponding to an axis (A,B, C) and positive coaxis vectors 
(A, B, C). 

A camera of focal length f is undergoing a rigid motion with translation 
(U, V, W) (and thus Focus of Expansion or FOE = (x0, Y0)) and rotation (c~, fl, 7). 
If we consider for a class of (A, B, C) coaxis vectors the orientation of the transla- 
tional components, we find that  a second order curve h(A, B, C, xo, Y0; x, y) = 0 
through the FOE separates the positive from the negative components (Fig. 4a), 
where 

h(A, B, C, xo, Y0; x, y) = x2(Cf + Byo) + y2(Cf + Axo) - xy(Ayo + Sxo) 

- x f ( A f  + Czo) - y f ( B f  + Cyo) + f2(Axo + By001) 

Similarly, the positive and negative components of the (A, B, C) coaxis vectors 
due to rotation are separated by a straight line g(A, B, C, a, fl, 7; x, y) = 0, where 

g(A, B, C, a, fl, 7; x, y) = y(aC - 7A) - x(flC - 7B) + /3Af  - aBf .  (2) 

The line passes through the point (~7-~-' 7 ~ )  where the rotation axis pierces the 
image plane, the Axis of Rotation point (AOR) (Fig. 4b). 

Combining the constraints due to translation and rotation, we obtain a pat- 
tern as shown in Fig. 4c, the coaxis pattern. 

For a second kind of classification, the copoint vectors, which are the motion 
vectors perpendicular to straight lines through the point (r, s) similar patterns 
are obtained. 

2.2 Us ing  Visua l  P a t t e r n s  in t h e  S e r v o m e c h a n i s m  of  a M o v i n g  
S y s t e m  

The retinal motion field perceived on the robot's camera is due to translation and 
rotation. The direction of translational motion is defined by the angle between 
the direction in which the robot is moving and the direction in which the camera 
is pointing. The rotation originates from body motion and is mainly due to the 
robot's turning around the y-axis. There could also be some rotation around the 
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Fig. 4. (a) The (A, B, C) coaxis vectors due to translation are negative if they lie within 
a second-order curve defined by the FOE, and are positive at all other locations. (b) The 
coaxis vectors due to rotation separate the image plane into a half-plane of positive 
values and a half-plane of negative values. (c) A general rigid motion defines an area 
of positive coaxis vectors and an area of negative coaxis vectors. The rest of the image 
plane is not considered. 

x-axis because the surface on which the robot is moving might be uneven, but 
there will be no or only very small rotation around the z-axis. 

For the visual servoing task considered we examine those coaxis vectors which 
correspond to axes in the xy-plane, the (A, B, 0) coaxis patterns. During the 
process of steering while the FOE is not aligned with the y-axis, the hyperbola 
(1) separating the positive from the negative translational vectors becomes 

h ( A , B , O ,  xo, Yo;x ,y )  : 

Byox  2 + Axoy  2 - ( Ayo + B x o ) x y  - A f 2x  - B f2 y + f2 Axo + B f2 yo = 0(3) 

Since within the field of view f2 is much larger than the quadratic terms in the 
image coordinates (x 2, y2, xy) ,  (3) can be approximated by ]~ as 

h(A, B, 0, x0, y0; x, y ) :  y = + y0 - A x  

which describes a line with slope :-~ and intercept AX 0 + Y0. If the FOE is at 
the y-axis, the intercept becomes Y0. 

The rotation around the y-axis is controlled by the robot 's steering mecha- 
nism and thus the robot has knowledge about this rotation at least to a good 
approximation and can compensate for the resulting flow component by sub- 
tracting it from the visual motion field. This additional knowledge makes one 
of the patterns, namely the pattern corresponding to the axis (1, 0, 0), espe- 
cially suitable for deriving x0 directly. We call this pattern the c~-pattern, the 
corresponding vectors the c~-vectors, and the corresponding hyperbola the cr- 
hyperbola, since they do not contain any rotation around the x-axis (denoted in 
equations as or). Equation (3) becomes: 

h(1,O,O, xo, yo ;x , y )  : xoy 2 - yoxy - x f  2 "+ X 0 f  2 = 0 

which simplifies to ~ = x0. An additional rotation around the y-axis causes a 
small nearly constant component added to every flow vector and thus the line in 
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the translational pattern will be shifted. Nevertheless, such approximation will 
not affect the successful accomplishment of the task. As the robot approaches 
its goal, the steering motion it has to apply becomes smaller and smaller. Thus 
the additional rotational flow field decreases which in turn allows the FOE to be 
estimated more accurately. 

2.3 S e r v o  S y s t e m  

To set up the control loop equation, we must relate the robot 's motion to the 
image motion. Referring to the coordinate systems defined in Fig. 1, we denote 
the velocity of the robot 's forward translation by S and the velocity of its rotation 
around the y-axis by ft. to~: and tOy are the pan and tilt of the orientation of the 
camera with respect to the coordinate frame of the robot. 

Using T to denote translation, and w to denote rotation, we can then express 
the motions of the robot and that  of the camera in their respective coordinate 
frames denoted by subscripts R and C as follows: 

T R = (0, 0, S)  T w R = (0, fl, O) T 
T C = C R R ( T R  + w R x P)  = (S sin toy, - S  cos toy sin to~, S cos toy cos to=)T 
r C = c R R  r R = (0,fl costo=,j3 sintox) T 

Thus the coordinates of the FOE (x0, Y0) that we computed for the camera 
motion are related to pan and tilt as follows: 

tan toy f 
x 0 =  costo= Y0 = - t a n t o =  f (4) 

The position of xo is used as the input to the servo system to control the amount 
of steering the robot has to perform. If the servo system is operated with a 
proportional controller, the rotational speed, /3, of the robot will be given by 

dtoy 
/3 = K x o .  Writing ~ as - ~ ,  and substituting (4) for x0, we obtain ~ = t~n0v: 

C06 Ox J' 

Approximating tan toy by toy and cos tox by 1 we obtain a linear control equation 

 :Ktoy. 

3 T a s k  T w o :  P u r s u i n g  a M o v i n g  T a r g e t  

We next consider the case where the servo system is called upon to follow a time- 
varying input. We encounter such a situation when the system is involved in the 
pursuit of a moving target. For addressing this task we need more elaborate 
control mechanisms, such as PID controler and gain scheduling. In addition, we 
impose a second constraint on the control system: while tracking a target, we 
want the system to maintain a constant distance away from the target. Such 
a task requires more complex visual information processing. In particular, we 
compute from the images the time to contact, from the observer to the target, 
and we use it in the control of the robot. 
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3.1 E s t i m a t i n g  T i m e  t o  C o n t a c t  w h e n  t h e  O b s e r v e r  a n d  t h e  T a r g e t  
a r e  M o v i n g  

Time to contact between the camera and a scene point is defined as the value z W 
with Z being the depth and W the relative forward translational speed of the 
camera with respect to the point. However, computing the t ime to contact of a 
point on the target is very much complicated by the difficulty in computing the 
target ' s  relative motion if the image of the target  only covers a small part  of the 
image plane. In the literature a number of methods have been proposed which 
are based on the utilization of divergence [12, 15, 17] or tracking [8], suffering 
from the problems of requiring on the one hand knowledge about the motion 
and shape of the target,  and on the other hand that  the robot keeps track of its 
own motion during tracking. 

The way to circumvent these problems is to use visual information not from 
the area covered by the target, but from the area surrounding the target.  In 
particular, if the target  is moving on the ground we can utilize the area at the 
bo t tom of the target which is at about  the same distance as the target. From 
this we can obtain a measure z ,  where W is the forward translational velocity 
of the robot with regard to the static scene and Z is the depth of points close to 
the target.  Using the methods described in Section 2.1 and 2.2 we can est imate 
the motion of the observer. In general, knowing the 3D motion and knowing the 
normal flow at a point allows us to derive z at the corresponding point as 

Z (x  - x o ) n x  + (y  - Y o ) %  

W u~ - (Urotnx + Vrotnv) 

For the copoint vectors with gradient (1, 0) and the a-vectors, the value of 
w the flow along the gradient can be approximated as Un = "-2-(x - xo)  and thus 

Z X - - X  0 
- - .  Since we have estimated x0 we can estimate the t ime to contact 

VV" un  
from this relationship. 

4 T a s k  T h r e e :  P e r i m e t e r  F o l l o w i n g  

4.1 E s t i m a t i n g  F u n c t i o n s  of  D e p t h  

For many visual tasks requiring some depth or shape information, instead of com- 
puting exact depth measurements,  it may be sufficient to compute less informa- 
tive descriptions of shape and depth, such as functions of depth and shape where 
the functions are such that  they can be computed easily from well-defined image 
information. This idea is demonstrated here by means of the task of perimeter 
or wall following. 

Perimeter following in our application is described as follows: A robot (ear) 
is moving on a road which is bounded on one side by a wall-like perimeter.  On 
the basis of visual information the robot has to control its steering in order to 
keep its distance from the perimeter at a constant value and maintain its forward 
direction as nearly parallel to the perimeter as possible. The perimeter is defined 



680 

as a planar textured structure in the scene (connected or not) perpendicular to 
the plane of the road. 

Usually perimeter following is addressed either through general motion and 
depth reconstruction or by computing the slopes of lines parallel to the road 
(boundary lines on highways), which means that the boundary first has to be 
detected and thus the segmentation problem has to be solved. 

The strategy applied here to the perimeter following task is as follows. While 
the robot is moving forward it has its camera directed at some point on the 
perimeter. As it continues moving it maintains the relative orientation of the 
camera with regard to its forward translation. It compares distance information 
derived from flow fields obtained during its motion with distance information 
computed from a flow field obtained when it was moving parallel to the road. 
This distance information will tell what the robot's steering direction is with 
respect to the perimeter. 

The distance information we use is the scaled directional derivative of inverse 
depth along (imaginary)lines on the perimeter. From the observed flow field, 
normal flow measurements along (imaginary) lines through the image center are 
selected and compared to normal flow measurements along (imaginary) lines 
of equal slope in the reference flow field. The details of the computations are 
outlined below. 

4.2 D i r ec t  Visua l  D e p t h  C u e  

For comparison reasons, we assume that  the angle 0 v and the angle 0= between 
the forward direction and the camera direction (determining x0 and Y0) remain 
constant. The robot's rotational velocity (around the x-axis and y-axis) can 
change in any way. 

The motion perceived in the images of the camera is due to a translation 
(U, V, W) and a rotation (a,/~). Let us consider the normalized normal flow values 
f~(x, n) = ~-~ along (0, 0) copoint vectors, that  is perpendicular to imaginary n x  

lines through the image center. We obtain: 

_ u .  ( - v  
n= Z + c~fny - ~ f  (5) 

n= 

Along each of the lines through the center ~-~ is constant and thus ( - U  - V -~) ~q~z n x  

and -~ ( a f , =  - /~ f )  are also constant and (5) describes f~(x, n) as a function which 
is linear in the inverse depth. For any two points P1 and P2 with coordinates 
xl and x2 along such a line the difference (f~(xl ,  n ) -  f,~(x2, n ) ) i s  independent 
of the rotation. We thus compute the directional derivative D(fn(x,n))n• of 
fn(x, n) at points on lines with slope k = -~-~ in the direction of a unit vector 

my 

n • = ( - n y ,  n=) parallel to  the image lines. Dropping, in the notation of the 
directional derivative, the dependence of fn on x and n we obtain 

D(f~)n• = ( - U -  V n ~ ) D ( 1 ) n  J. (6)  
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Fig. 5. (a)Geometric configuration during perimeter following. (b) Comparing the val- 
ues from two configurations. 

Let Z0 be the depth at the fixation point and O the angle between the Z-axis 
and a line M on the perimeter whose image m is the the line in the image parallel 
to n • along which we compute depth (see Fig. 5a). Equation (6) for any point 
along the line m becomes 

y n y  . 

D(f,~)nJ_ = (U + n--~)tanOZ0f (7) 

It can be shown that the value of [D(f,~)n• along certain directions n • 
decreases as the robot steers towards the perimeter for directions (see Fig. 5b). 
Lines with such direction n • have slopes which are of opposite sign to the slope 
of the image of a line parallel to the road of the perimeter passing through the 
image center. [7] 

5 E x p e r i m e n t s  

Figures 6 and 7 show experiments on the first task. The mobile platform on 
which the camera was mounted was a conventionally steered vehicle, the cam- 
era's field of view was approximately 30 ~ and the servo system was operated 
with a proportionality constant of K = 0.1. Figure 7 shows some images taken 
by a camera mounted on a mobile platform, as the latter is making steering 
movements. The feature p corresponds to the star in the center of the image, 
mounted on a tripod and initially located at a distance of 5 m from the camera. 
Figure 6 displays the configuration of this setting including the robot 's trajec- 
tory. Figure 7a, c, and e show images taken by the system at three time instants 
(as marked in Fig. 6) with the normal flow fields superimposed. Figures 7b, d, 
and f show the positive and negative s-vectors as computed from the normal 
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flow fields in black and white and the line approximating the a -hyperbola  which 
has been fitted to the data. 

Shelf I 

s~Lr~ ~ 

Fig. 6. 3D configuration 
as studied in task 1. 

Fig. 7. Task l: Some scenes along the trajectory. 

In a second experiment concerning Task 3 a mobile pla t form with a camera 
mounted on it moved along an alley-like perimeter. The servomechanism was 
implemented as a simple proportional  control. The scene contained a highly 
textured perimeter.  We thus derived image measurements along a number of 
lines and used the mean of the computed estimates as input to the servo system. 
Figure 8a shows one of the reference images, which was taken when the robot 
was moving parallel to the perimeter.  The lines along which image measurements 
were taken are overlaid on the image in white. Figure 8b shows the normal flow 
field computed for this same image. The successfulness of the technique was 
evaluated by studying whether and how the system corrected its path  when we 
moved it either closer or further away from the perimeter. For the experiment 
shown the system always recovered to a movement  parallel to the perimeter. 
Figure 8c displays an image taken when the robot steered towards the perimeter 
and Figure 8d shows when it again moved away from the perimeter.  
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Fig. 8. Task 3: The robot moves along an "alley". 

6 C o n c l u s i o n s  

A new way of making use of visual information for autonomous behavior has 
been presented. Visual representations which are manifested through geometri- 
cal constraints defined on the flow in various directions and on the normal  flow 
were used as input to the servomechanism. 3D motion and structure represen- 
tations derived from these constraints were applied to the solution of a number  
of navigational problems involving the control of a system's  3D motion with re- 
spect to its environment and to other moving objects. Some of the constraints 
described, however, are of a general nature, and thus might be utilized in various 
modified forms for the solution of other navigational problems. 

R e f e r e n c e s  

1. Aloimonos, J. (Y.): Purposive and qualitative active vision. Proc. DARPA Image 
Understanding Workshop (1990) 816 828 

2. J. Aloimonos, I. Weiss, and A. Bandopadhay, Active vision. International Journal 
of Computer Vision, 2:333-356, 1988. 

3. R.C. Arkin, R. Murphy, M. Pearson and D. Vaughn, Mobile robot docking oper- 
ations in a manufacturing environment: Progress in visual perceptual strategies. 
In Proc. IEEE International Workshop on Intelligent Robots and Systems, pages 
147-154, 1989. 



684 

4. R. Bajcsy, Active perception. Proc. of the IEEE, 76:996-1005, 1988. 
5. D. Ballard and C. Brown, Principles of animate vision. CVGIP: Image Understand- 

ing, 45:3-21, Special Issue on Purposive, Qualitative, Active Vision, Y. Aloimonos 
(Ed.), 1992. 

6. B. Espiau, F. Chaumette, and P. Rives, A new approach to visual servoing in 
robotics. IEEE Trans. on Robotics and Automation, 8:313-326, 1992. 

7. C. FermiiUer, L.F. Cheong and Y. Aloimonos, 3D Motion and Shape Representa- 
tions in Visual Servo Control. Technical Report, Center for Automation Research, 
University of Maryland, CAR-TR-799, July 1995. 

8. C. Fermfiller and Y. Aloimonos, Tracking facilitates 3-D motion estimation. Bio- 
logical Cybernetics, 67:147-158, 1992. 

9. C. Fermliller and Y. Aloimonos, Direct perception of three-dimensional motion 
through patterns of visual motion. Science, 270:1973-1976, 1995. 

10. C. Fermiiller and Y. Aloimonos, On the geometry of visual correspondence. In- 
ternational Journal of Computer Vision, to appear, 1995. 

11. E. Francois and P. Bouthemy, Derivation of qualitative information in motion 
analysis, linage and Vision Computing, 8:279-288, 1990. 

12. R.C. Nelson and Y. Aloimonos, Obstacle avoidance using flow field divergence. 
IEEE Trans. on Pattern Analysis and Machine Intelligence, 11:1102-1106, 1989. 

13. D. Raviv and M. Herman, Visual Servoing from 2D image cues. In Y. Aloimonos 
(Ed.), Active Perception, Advances in Computer Vision, pages 191-229, Lawrence 
Erlbaum, HiUsdale, N J, 1993. 

14. J. Santos-Victor, G. Sandini, F. Curotto and S. Garibaldi, Divergent stereo for 
robot navigation: Learning from bees. In Proc. 1EEE Conference on Computer 
Vision and Pattern Recognition, pages 434-439, 1993. 

15. G. Sandini, F. Gandolfo, E. Grosso and M. Tistarelli, Vision during action. In Y. 
Aloimonos (Ed.), Active Perception, Advances in Computer Vision, pages 151-190. 
Lawrence Erlbaum, Hillsdale, N J, 1993. 

16. S.B. Skaar, W.H. Brockman, and R. Hanson, Camera-space manipulation. Inter- 
national Journal of Robotics Research, 6:20-32, 1987. 

17. M. Subbarao, Bounds on time-to-collision and rotational component from first- 
order derivatives of image flow. Computer Vision, Graphics, and Image Processing, 
50:329-341, 1990. 

18. L.E Weiss and A.C. Sanderson, Dynamic sensor-based control of robots with visual 
feedback. 1EEE Trans. on Robotics and Automation, 3:404-417, 1987. 


