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Abstract 
In this paper, we present a model-based vision system using a 
CCD camera mounted on the end-effector of an industrial 
robot. We describe an autonomous monocular vision system 
which is used as a feedback signal to control the position and 
orientation of the manipulator with respect to a dynamic 
object part of a 3D scene. Without any previous knowledge 
of the part’s placement or motion, this visual feedback would 
allow a robot to track a pattern in real time. Applications for 
such a vision-guided robot include 3D object recognition, by 
extracting 2D image features and rebuilding 3D features. This 
is performed via rigidity constraint and search comparison in 
model database geometric inference. 
Kinematic redundancy is used for general solution of joint 
velocity represented by the generalized inverse of Jacobian 
matrix. The problem of redundancy utilization can generally 
be formulated in the framework of tasks with the order of 
priority. We present a visual servoing scheme using the task 
function approach in term of 6 degrees of freedom of robot’s 
gripper regulation. Redundancy theory allows to control 
position and orientation of the end-effector of an industrial 
robot in less than 80 ms of cycle time. 

Key words : model-based vision system, pattern 
recognition, pose computation, robot control. 

1 Introduction 
A key problem in computer vision is the recognition and 
localization of objects from a two-dimensional image of a 
three-dimensional scene. For a monocular vision system, we 
lose information of the depth. The first solution approach 
consists on using informations issued from a sequence of 
images of the scene provided by a mobile vision sensor with 
a known motion IRIV871. Another solution is the depth 
estimation algorithm proposed by Pentland [PEN871 by 
measuring gradient of focus in several images. Elsewhere, an 

interesting idea consists on using informations from a 
zooming images set KAV911. But if only a single two- 
dimensional image is used for recognition, it’s necessary to 
add a model database of all objects in the 3D scene. The 
model-based recognition paradigme has emerged as a 
promising approach to this problem (FRO831 [GRI84], 
[LOW87], rDH0891, [HUT901). 

In this paper, we present a model-based method for 
recognizing and locating rigid objects with unknown three- 
dimensional position and orientation from a single two- 
dimensional image. In the model-based approach, stored 
geometric models are matched against features extracted, such 
as vertex, edges and conics. The major problem consists on 
finding a set of image features and corresponding model 
features with a rigid transformation. 

1 

v 
camera Axis 4 control 

i ’-\ scene 

Fig.1. The CYCLOPE vision system. 

At first, we present the perspective projection which is used 
to model a visual sensor. In the sdond stage, we describe the 
derivation of local features like corners, lines, conics 
approximation along edge contours. 
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In the third stage, these features are used to compute the 
correspondes and the possible transformations. A fast 
algorithm is elaborated to get the geometric transformation 
between camera coordinates and object coordinates systems 
with the weak perspective. In the final section, the robot 
control structure is briefly described and experimentals results 
are presented for a tracking process. 

2 The scene and sensor model 

2.1. The scene organisation 
The interpretation of the scene perception is a crucial problem 
which performs reliability of the vision system and 
complexity. In our case, we consider basic object shape like 
polyedra, cylinder, sphere or a simple combination of 2D 
curves. The more important aspect for the recognition process 
is to compare a set of parameters for the model and image 
which are invariant FOR911 by geometric transformations 
like rotation and position and projective transformations. 
Furthermore, length of these two sets (feature sets) are often 
different for two mainly reasons : 

features extraction by segmentation technics and filtering 
image data are not process faultness and the length of an 
image line for example is not a robust noise feature, 

the perception of a 3D scene contains edges, vertices or 
faces which are not projected into image plane. 

(inflexion point, (edgesjnertia axis, (circle,conic,..) 
vertex, center of inflexion line,..) 
gravity ,...) 

Fig. 2. CYCLOPE data structure 
(The symbolic description). 

The symbolic description must take segmentation default and 
occluded parts into acount. Figures 2 and 3 illustrate the 
symbolic comparison and the description data structure for 
objects model. 
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Fig. 3. : The CYCLOPE recognition scheme 

2.2. The sensor model 
In order to emploit visual informations from a CCD camera, 
it’s necessary to find a mathematical model for all 
components (lens, camera and frame grabber) of the vision 
system. For this, the visual sensor is modelised by a 
perspective projection with a radial distorsion (it’s well- 
known that lens contains non-linear side effects [TSA87]). 

C 

lens image f 
plane 
Fig. 4. The camera model for perspective projection 

In a pinhole camera model, the image coordinates of a point 
m (x(i),y(i)) are related to camera coordinates ~ ( x  (c),y(c)&)) 
as: 
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c (cx(i),cy(i)) is the image offset in pixels, or projection of 
optical center in the frame coordinates system, 
Gx and Gy are respectively x and y scaling factors due to 

the number and size of CCD sensor elements, 
0 kl is the radial distorsion parameter. 

lines and conics. Such an edge M(x,y) of the analytic curve is 
represented by following equations : 

f(x,y) = A y2 + B xy + C x2+D y + E x  +F  = 0 (2) 
with the geometrical constraint : ~2 + ~2 = 1 (3) 
We see immediately that if we also use the directional 
information assiociated with the edge, this reduce the 
parameters space. Formally, what happens is the equation 
df/dx = 0 introduces a term dy/dx = < which is known and 
provides the following equation : 

2 A < y  + B (<x+y) + 2 C x + D  < + E =  0 (4) 

Fig. 5. Grey-level image input 

3 Feature extraction 
The image feature extraction time (low artd middle level of 
image processing classijicution DUD731,[HOR871) and 
interpretation time of images are two major limiting factors 
affecting the performances of most visual servoing robotic 
control systems. The amount of visual iconic informations in 
a standard (512 x 512 pixels) image format storage is too 
computationally cumbersome for real-time control [FED92]. 
In an effort to decrease the image processing time, we 
elaborated a bridge to transfer image data from a low level 
processing board (this system uses a local implementation of 
Sobel's edge detector in video real time to mark images 
edges) to a Transputers Network. The edges found are then 
chained into a system of curves or straight lines and image 
curves that are too short for conic fitting or straight line 
fitting are rejected. We describe a very general algorithm for 
detecting objects of a specified shape from an image that has 
been transformed into such an edge representation. In that 
representation, our algorithm uses gradient's direction to fit 

Fig. 6. Sobel edges 

Fig. 7. Polygonal approximation 
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Furthermore, the distance calculations between edge and the 
analytic curve is easier. So, it’s easy to see we can define two 
matrices M and N and vectors = (A,B,C,F)T and h = 
(D,E)T and the Lagrangian criteria : 

L = M i n  { I I M ~ + N ~ I I ~ + ~ ~ ( ~ - I I ~ I I ~ )  I ( 5 )  

The solution is given by : 

a = - ( M T M ) - l M T N b  and F b = v b  (6) 

with F = (NTN) - NT M ( ~ T 1 ~ 1 - 1  MT N (7) 

With this method, components of MTM ,NTN, and MTN 
matrices can be calculated recursively in order to reduce 
calcultations time. 

4 Correspondence and localization 

4.1, Correspondence 

After feature extraction and filtering, the next step consists on 
the interpretation of image data. This section is divided in 
two steps : at first, we present an algorithm for 
correspondences and after we describe localization of a set of 
points by the inverse perspective projection. 

The problem of finding all possible sets of matches is the 
crucial for the recognition process. If we consider a set of 
feature image points and model points (wedge, center of 
gravity, inflexion point,...), we group points in subsets of 
triple. Given the image of three points (no collinear points) , 
possibly four different solutions may exist for the pose of a 
triangle IFIS811, [HAR88], [YUA89]. The usual number of 
solutions is two with weak perspective, no restrictions are 
made on the position and orientation of the object : all six 
translational and rotational parameters determining its pose 
are unconstrained. Of course, correspondences depend on the 
order in which the points (or lines) are labeled. If the labels of 
the three points are permuted, another correspondence results. 
The maximum possible number of such correspondences is 
polynomial in the number of model and image features. If 
each feature defines just a single point (or line), for m model 
points and n image points there are 

3! (7 ( !$ number different correspondences 

resulting from pairing each triple of model points with each 
triple of image points. 

In using rigidity constraint, we are able to calculate a 
geometric transformation between camera coordinates system 
and object coordinates system. 

The Matching algorithm 

- step Q : for all feature points of the object model( 0) of the 
database (off-line calculations), find all ordered triples To. 

@in 

- step 1 : finding “possible correspondences ” (on-line 
calculations) 

* Find all ordered triples Ti in the image 
fnr each image triple Ti in the image do 

fer each object 0 from database do 
& each object triple To(0) do 

* Derive the geometric t r a n s f o d  with possible 
corresponding pair (Ti,To(O)) with the perspective 
projection. 

* Try to satisfy rigidity constraint for (Ti,To(O)) 

* If the constraint is satisfy, the geometric 
transform M is one “possible correspondence”. 
!zl#i?I 

i2L!$bL 
e 
- step 2 : propagation (checking process) 

all “possible correspondences” M(Ti,Tu(O)) do 
* NM(Ti,To(o)) = 3 (feature pairs number (Pi,Po(O)) 
in matching with M). 

fnr each feature pointPo(0) of object 0 , but not in 
the To(0) subset 

* Derive the image M(Ti,Tu)(Pu(O)) 
far each feature pointPi of image, but not in the Ti 
subset 

* Find the nearest image point Pim for M(Po(0)) 

!2lK&-E 

* If Pim is close to M(Po(0)) than a threshold, 
include Pim into Ti subset and Pu(0)  into To(0) 
subset . Increment NM(Ti,To(o)). 
ald.&I 

iamf 

* Sort NM(T~,J-~(O)) subset. 
* The best matching is obtain for the transformation which 
the maximum NM(Tj,To(O)) number. 
ad. 
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4.2. Localization 
Three major problems occur when we derive the 
correspondence transformation. First, if we use perspective 
projection, we obtain non-linear equations. Second, Rigidity 
constraint is explained with quadratic relations. Third, it’s 
necessary to define a unique object coordinates system for any 
number of corresponding set of points. Assuming that image 
triple points are noncollinear (it’s easy to rejected a collinear 
triple points), we propose an analytic solution for triangle 
pose with the use of weak perspective projection which is an 
approximation of exact perspective projection [DEM92]. 
Thus if zmin is the distance to the closest part of the object 
and zmax is the distance to the farthest part of the object, we 
require that zmax - zmin << (zmax + zmin)/2. Under this 

imaging model, the object coordinates ( X ( ~ ) , ~ ( ~ ) , Z ( ~ ) )  are 
related to camera coordinates (X(~) ,Y(~))  by : 

(x(C),y(C),z(C),l)T = Mco (x(o),y(o),z(o),l)T (8) 

(16a-b) 
x’(i) = X W  - cX(i) et y’(i) = - cy(i) ( 1 7 ~ 4 )  

Furthermore, using orthonormality relations RcoTRco=l 
between the rotation matrix components can be explain as : 

(si tZ + 111 a239 + ( ~ 2  tZ + ~2 a2312 + a232 = 1 (22) 

(p2 tZ + A2 ai3)(&2 tZ + 112 a23) + a13 a23 = 0 (23) 
(9) (p1 tz + A1 a13)(&1 tz + rll a231 + 

( : Y o  1 
MCO = 

Rco, Go : rotation and position between camera coordinates 
system and object coordinates system. 

with changing variables U = a13 + a 2  tz et V = a23 + b2 tZ 
(eliminating cross terms), twice squaring and eliminating 
process we obtain a fourth degree polynomial equation in tZ2: 

F( tz) = SI tz8 + ~2 tZ6 + ~3 tz4 + ~4 tz2 + ~5 = 0 (24) 

Roots of this equation can be found using Bairstow’s 

a l l  a12 a13 

L o = ( t x , t y , t z F  Rc0= ( ;;; ;;; ;;;) 
(10) and (11) algorithm [DuR611. 

Including this geometric transformation into equations of 
weak perspective (z(c) has been replaced to t and k 1 = O), we 
obtain these two equations for each feature point : 

With the method previously presented, localization has been 
found with the mean square calculations and with the weak 
perspective approximation of exact distorded perspective 
projection. In order to perform accuracy for all parameters, 
Newton’s gradient search is used to minimize an error 
function E of the n matched feature points, including radial 
distorsion factor : 

j =n 

j = l  
E = (( xJ .(i)-xmj(i))2+(yj(i)-ymj(i))2) (25) 

for calculed image points (Xj(i),yj(i)) and measure feature 

points (Xj(i),yj(i)). The gradient search algorithm is given 
by: 

(31) 
with tZ > 0 (object is in front of the camera), and where : 

= E(k) - IH(E(k)>l-l E(E(k)) 

with the following condition : [E(E(k+l)l e (E(E(k)J (32) 
where E(E(k)) is the gradient vector and H(E(k)) is the 
Hessian matrix of E. z1. is a six dimensional vector which 
components are the three Euler angles and the position Co. 

1 (15) 
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5 The robot feedback control 
After determining the pose of the object with respect to 
camera, comparison between input (desired attitude) and 
visual feedback (actual attitude) is used to compute velocity 
joint with the inverse Jacobian matrix of the robot model. 
Input of the closed loop is the output of the trajectory 
planning block. For detected object with geometric symmetry 
like square, circle or occluded parts of object, there are several 
solutions for the localization problem. Redondancy theory 
allows to obtain a partial regulation IyOSM], @SP90] 
IJVAK911. Kinematic redundancy is used for general solution 
of joint velocity represented by the generalized inverse of 
Jacobian matrix. The problem of redundancy utilization can 
generally be formulated in the framework of tasks with the 
order of priority. We present a visual servoing scheme using 
the task function approach in term of 6 degrees of freedom of 
robot's gripper regulation. Assuming camera to gripper 
transformation is known (fig. 8) Mpc [LEN87], we present 
the following control block with visual feedback (fig. 9). 

6 Experimentations 
Laboratory experiments are performed to verify the stability 
of the proposed algorithm. A single CCD camera mounted on 
the end effector of a 6 joints SCEMI robot arm, a set of 
image processing boards and a Sparc Workstation are used to 
make up an itelligent vision system. In the other hand, a set 
of four MC 68020 microprocessor boards on a VME 
architecture is used to generate trajectory planning and to 
control each robot joint position with the real time operating 
system kernel CESAR. 

The CYCLOPE vision system gives the position and 

orientation of an object with a sampling time of Te= 80ms. 

4 frame. 
Mlp 
(kinematic 
model) 

A (Rr) Robot 

Mco\ 

frame 
frame 

Fig. 8. Geometric transformation and frames 

From many vision experiments with simple geometrical 
shape objects (circle, square, polyedra and spherical object), 
localization accuracy is better for space variables defined 
perpendicular to optical axis (tx,tyOz) than the three others 
(ex,ey, tz)  with about a factor 10 (fig. 10). For these 
variables, it's necessary to have an accurate robot model and 
an accurate sensor model for a regulation task, otherwise 
signal is too noisy even with a filter processing. Table 1 
contains static error values for the global system 
[robotwmera} . 

Desired behaviour with Evolution o f ,  

r : factory frame 
o : object frame 
p : gripper frame 
c : camera frame 
q : joint base space 
Pp : joint base space variations 

AX : position and orientation variations 
Te : cycle time (80 ms) 
J(g)-l : Jacobian inverted matrix 
y : position and orientation (txtty,tz,8x,8y,8z) 

Fin. 9. Robot control Structure with visual feedback 
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Fig. IO. Sensibility of localization (tx,tytz,0x.9~9z) in robot works area. 
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Table I Static error values for simple object localization. 

Delay time due to the pipelirle image processing and 
communication between the vision system and robot is an 
important factor which increases dynamic localization error 
for applications like traclung or assembly. 

7 Conclusion 

Methodologies for recognition and 3D localization of a 
simple shape workpiece are presented here. Symbolic 
description of object and modelization of visual sensor are 
presented. Fast algorithms for image processing are performed 
in area of interest. Recognition process and matching are 
based upon rigidity constraint. A motion rate control is used 
to update the attitude of object frame with respect to the 
camera frame with a cycle time of 80 ms. 
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