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2D and 3D Scene Analysis Many proposed 3D object recognition systems use a
combination of the two techniques with 2D views serving
as an index into most probably views of 3D objects. 3D

Abstract matching is then used to refine the matches and firm up the

) o _ hypotheses. Ultimately only one view of one object should
This paper addresses the problem of determining which determined as a match.

shape is present, and more importantly, the dimensions of .
. S ; . .~ All the above techniques suffer greatly from complex-
the shape in a scene. This is performed in an active vj-

. ; . ity when many objects have to be considered. The database
sion system because it reduces the complexity of the prob- . ; I
consists of many accurate models and is complex if articu-

lem through the use of gaze stabilisation, choice of foveatiqn . ; I .

. . . . . ation, deformation and variations in shape are allowed.
point and selective processing by adaptively processing re- i } .
gions of interest. In our case only a small number of equa- An alternative approach is to rethink exactly what are the

tions and parameters are needed for each shape. For exi#iks of & 3D object recognition system. One is to consider
ple, a container has width and height. These are incorptb'—”Ct'O”- The shape of a table is immaterial as long as it can

rated into functional descriptions of the shapes. satisfy the current goal, say, to support some object. This
invokes ideas such as a flat surface, a certain height above

the ground, stability and support. A cup is something that
1 Introduction can contain a liquid and is of a suitable size with shape not
being that important.

A major objective of computer vision has been, and still con- In this paper a technique is proposed that can recog-
tinues to be, 3D object recognition. We live in a 3D worlchise various functions. As such it deals with various shapes
and though many useful applications of computer vision caf objects. It can be compared with other techniques that
avoid 3D object recognition, it is still widely regarded thattan recognise static and rigid objects, or dynamic and de-
if it is solved, then many applications are solvable. 3D olformable models, usually sequentially i.e. one at a time.
ject recognition has been pursued using a small number ™fe technique we propose can deal with parameterised mod-
basic techniques. Ignoring the use of shape from shadirels of various shapes defined by function. Shape varies as
stereo or motion and concentrating on a single camera agaich function is parameterised e.g. containers have width
monochrome images, there have been three main methoalsd height. All models are treated simultaneously in par-
recognition by componen{8], 2D appearance based sys-allel and the best chosen based upon minimising the error
tems, and 3D model based systems. In the 2D approatigtween hypothesised models and the sequence of images
a number of 2D views of an object are learnt and comin an active vision system. This paper describes (i) how the
pared with the unknown image. Hopefully, the most appranodels related to the objects in the scene are initially de-
priate view of the correct object will match best in soméermined and (ii) the strategy used to improve the selected
sense. Such systems use viewspheres [8] and characterisyipotheses. The strong point of this strategy is that the re-
views [2] to determine the optimum set of views of each obguired parametric models and their associated parameters
ject and use well known 2D matching and registration metfare determined in a dynamic manner. As each image is cap-
ods. In the 3D model based approach, a 3D model is mawed, the information obtained from it will be used to update
nipulated to match the 2D projection of the model to théhe parameter values within the parametric models. Thus as
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more images are captured, the stronger the belief that theted and predicted. According to the theory explored by
parametric models and their associated parameter valuesBadlard et al [1], the representation of the products of early
correct. vision is in an object-centred coordinate frame of reference

The estimation of the parameters in the parametric mod4th the foveation point at the origin of this frame. In addi-
els involves moving the camera in a controlled manner. Thi®on, knowledge of self motion and the foveation geometry
is necessary as it is not possible to estimate the size of an @bl allow an active vision system to compute spatial infor-
ject from an intensity image without any prior knowledgemation about surfaces relative to the foveation point. The
The object could actually be quite small in 3D but if thecomputation becomes less complex as the coding of this ge-
camera is very near the object then this object would appeametric information will be in terms of the object-centred
to be very large in the image. The reverse is also true.  coordinate frame of reference.

An object is described in terms of its functionality (i.e. We have previously described [7] the parametric models
the suitability of the object to fulfil a particular task). Whenfor three canonical cases which can be applied to describe
an object category is described using a functional represeall situations. Only the first canonical case is described in
tation scheme it is independent of any geometrical or strudetail in this paper: both the foveation point and the feature
tural properties thus avoiding the complexity issues assogieint being tracked are stationary points. However results
ated with 3D object recognition systems which use modeler other cases are presented in the results in Section 3. Fig-
based on shape. In a function based approach, specific obe 2 shows two points, the camera is foveatingZoand
ject models are not stored in a database. Rather, an objiecking 8. The camera moves along a circular trajectory
is defined by its potential to fulfil a particular function suchwith respect tol" and is currently at poinf’. The points
as the ability to contain. Freeman and Newell [4] were th& and B are projected onto the image planeZatand 5’
pioneers in work relating to form and function. respectively withF"1”’1’ forming the optical axis. The cam-

era now moves td”’. Now the pointsI’ and B are pro-
jected onto the image plane’&t and B” respectively. The
2 Methodology CFP distance id"I" = F'T" = R and the focal length is
FT' = F'T”. The value ofd, the distance between the
A four stage methodology has been discussed in Baal projections of/’ and B on the image plane at the different
[7] and this paper deals with the third stage: determinaticcamera positions is given by
of the parametric models and the associated parameters.
The methodology relies on determining and tracking d= ftan(f — V) 1)
a foveation point (keeping it registered), determining thetheree _ tan—l(g3—:ﬂ) and il — taxrl(y?’—_%). Hence

camera-to-foveation point distance and the related param ) 3—@1 @3 —
ric models. Details regarding the choice of features t e distancel can be computed from Equation 1 for both of

foveate on as well as the various parametric models hallle camera positions. The deviation of the measured value
been discussed in Last al[7] d. from this theoretical valué for each camera positians

An issue to consider is the camera motion and definéd’€" by
camera motions are used in this strategy [7]. In this pa-
per, the camera is moved in a circular trajectory in a vertictl the model used is correct then the predicted valuef of
plane about the foveation point (see Figure 1). This reducskould match the measured value ke= 0. If this is not
the complexity of analysis as the CFP distance is then ketpie case, then the model is wrong or the parameters of the

eh=d —d 2)

constant. model have been incorrectly estimated.
The parametric equation is given by:
2.1 Parametric Models i H
d = ftan (0 — arctan (M)) 3)
Given that we know the focal length and orientation of the Reost + D

camera, t.he features of the object.can be tracked Withv@here 1 is the focal length,R is the camera-to-foveation
model using the distance of the object to the camera apdin distance 7 is the vertical height difference between
the relevant spatial information between the foveation PO & foveation point and the current point trackéljs the

and the feature point. This requires estimates for both the, i, yntal distance between the foveation point and the cur-
CFP (camera-to-foveation point) distance and the assomaﬁgilt point tracked, and is the angle between the line join-

parameters. As the camera changes its viewpoint, the régs the viewpoint and the foveation point and the horizontal
tionship between the foveation point and the feature poi

currently being tracked in the image plane changes as a func- Dépending on the value @, three situations can occur:
tion of the camera’s position. The camera moves in a known

controlled manner and thus this relationship can be com-1. The points/’ and B are on the same horizontal plane.
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2. The pointI is above point5. considered simultaneously. All the detected feature points
have to be checked to verify which of the parametric models
will best relate to the object in the scene. The combination

If H=0 then the first case occurs,fif < 0 then the third Of feature points from a sequence of images is large form-
case occurs, and lastly f > 0 then the second case oc-iNg a large search space requiring much computation. Thus
curs. The case foH = 0 enables the verification that thethere is a need to determine an efficient solution.

foveation point and point being tracked are on the same hor- With some initial estimates, the method of recursive least
izontal plane. This allows for the determination of the funcsquares (RLSQ) is applied to a series of images in a se-
tion flatness Similarly, if ZZ # 0 the conclusion is that the quence so that a more accurate estimate of the parameters
foveation point and the point being tracked are not on tHn be obtained as the vision system acquires more images.

same horizontal plane and thus fail to provide the functiohhe method of RLSQ is mathematically equivalent to that
flatness of Kalman filtering except that the parameters being esti-

mated are not a function of time [5, 10]. The only problem
is that the function primitives are not linear and need to be
linearised.

The functionflatnessrequires only one parametric model ~One or more images may be use in the updating process
and in this primitive there is only one parameter (i) (currently one image is used). The images may be captured
that is required to be estimated. Similarly for the funcone at a time and each time a new image is obtained, the
tionsvertical-nessspherical-nesscylindrical-nessandroll-  information from the image is used to update the parameter
ability, only one parametric model is involved and within the/alues as well as the belief in having obtained the correct
parametric model only one unknown parameter needs to parametric model.

determined (discussed in Lagt al [7]). However, tracking

one feature may be insufficient to confirm that the objectip.3.1  Obtaining Initial Estimates of the Various Para-
question possesses a specific function such as the function  metric Models

flatness The more features found on the object whichcan o o ] )
be fitted to the general function primitive (i.e. in the case dror Simplicity, this discussion first considers solving for the

flatness H = 0 and D—0) the stronger the belief that the Unknown parameters in a parametric model that has only one

object fulfils the function. unknown requiring only one image. For each feature point
For a complex function such asntainmenttwo para- found, its distance from the foveation poiy; * is calcu-

metric models are required. In the first parametric moddted and substituted into the parametric model along with

one unknown parameteB) is to be determined and in the the CFP distancer), the focal length () and the tilt of the

second parametric model there are two unknown paranf@mera;). For example, in the function primitive used for

ters (0 and H) involved. If the recognition task involves Verifying the functiorflatnessthere is only one unknown to

a complex object, then the recognition task may be carri&§ solved (i.eD):

out by parts or by functions. For example, if the task is to

recognise a cylindrical container then three parametric mod- Rsin 6

els are needed, two to verifyontainmentand one to verify d = ftan (9 — arctan (m)) )

the cylindrical shape. Again the more features tracked the

greater the confidence that the particular hypothesis is cor- As there are a number of feature points within an image,
rect. a number of values fab will be obtained from one image
Although a function may involve a number of paramet¢each associated with one value gfjand only one of these
ric models, in this paper the maximum number of unknowajues will be correct. It is not possible to know which of
parameters in the parametric models considered is two. these is correct from one image and thus a number of images
from different viewpoints are required. For each of these im-
2.3 The Method Used to Determine the Para- ages and for each of the values ¢f i each of the images,
metric Model there are assc_)uated value_s_li_)f A strategy is required to
determine which of these initial values is the correct value
The images are initially processed to extract edges, corneifsp.
or other features. The local energy edge detector [9] was However, if two or more unknowns are to be determined
used with a3 x 3 mask for edge detection. As the analywithin a parametric model then two or more images would
sis of these images is based on the knowledge of the camera

motion, feature points in the plane in which the camera jg_ 2¢h image is processed only in the pldfiein which the camera is
moved and which encompasses the foveation point. The sympbiol fhis

moved encompassing. the foveation Pomt’ are thained- IRkper denotes the distance of fHefeature from the foveation point within
tially all the parametric models are in contention and arganeP in theit” image.

3. The pointl’ is below pointB.

2.2 Parameters of Models
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be required. If there are two unknown parameters, thengbint on the ranked list will be used to recalculate the val-
is necessary to obtain values gf from a pair of images. ues of the parameters. These values will again converge to
If n feature points are found in one of the images anth  the correct values in subsequent images if the correct fea-
the other image then the total number of possible correspdnre points are selected. The ranking of the feature points
dences that need to be considereakis The more unknown as mentioned earlier uses the residual values obtained in the
parameters within a parametric model to be solved, the maRLSQ method. The residuals are the differences between
images are required and the greater the numbers of wayshe predictions and observations and are used to alter the es-
combine the values of;FFfrom these images. timates of the parameters. This implies that the observations
that are closely related to the current parametric model will
2.3.2 The Proposed Strategy Using the Recursive Least have sma}ll residuals ,a,nd thus will be rapkeq first. )
Squares Method (RLSQ) _ The_ size and p_osmon of the dynamlc Wlnd_ow is dete_r-
mined in the following manner. Using the covariance matrix
The recursive least squares method (RLSQ) is applied to upi-the parameters, the standard deviations associated with
date the values of the parameters for each new observatieach of the parameters are obtained. Based on a 95% confi-
The advantages of this method are: (1) there is no needdence, the range of values of the particular parameter is de-
store past observations, and (2) the estimate obtained by ttemined. Then this range of values is used to determine the
method takes into account the effect of past observations.size of the dynamic window. The minimum and maximum
The initial estimates of the parameter values within thealues of the parameter is used to predict the location of the
specific parametric models are obtained in the manner &acked feature points in the subsequent image. The abso-
described in Section 2.3.1. As a small number of imagégte difference between the two predicted locations of the
are used, the belief that the obtained value(s) related to tiecked feature points is the size of the window. The cen-
parametric models is low. Each unknown parameter in thee of the window corresponds to the most likely predicted
parametric model has a variance associated with it. If tHecation of the tracked feature point.
belief of having obtained the correct value is low, then the As more images are processed, the belief that the param-
associated variance of the unknown parameter is high. eter values are correct increases and the variance associated
A dynamic window is used for searching for corresponwith the parameter values decreases. The dynamic window
dence among feature points, where the size and the positighich is calculated based on the variances associated with
of the window are determined by the information obtainethe parameters will also become progressively smaller. The
from each step in the updating process. Based on the initialnimum window size will be one pixel in height although
estimates of the parameters, the specific parametric modais implies little inaccuracy in feature detection. Hence in
the camera parameters, and the covariance matrix associgteattice, a minimum size window of a few pixels (e.g. five
with the parameters, the size and the position of the windopixels) is chosen. When the parameter values differ by a
for the next image in the sequence are determined. Featsreall numbers in consecutive steps of the updating pro-
points found within that window will be considered as theess, it is then considered that we have obtained the values
most likely candidates and thus most of the feature points @f the parameters of the object and these values are then used
the plane in which the camera is moved are eliminated. Tl the tracking process to confirm whether the object fulfils
candidates are ranked using the residual values returnedtbg required function. In the tracking stage, as new images
the RLSQ method. The best candidate is the one with tlage obtained, the parameter values will still be checked for
lowest absolute residual value. Initially, the best candidat®nsistency.
will be used to update the values of the parameters. The
updated value will again be used to calculate the position
and size of the dynamic window for the next image to b& Experimental Results
captured. The whole process is repeated as new images are
captured. The action and movement of the camera are modelled using
However, if no feature points are found in the new imageghysical modelling (i.e. raytracing) so as to avoid the issues
the next most likely candidate from the previous image isf active control of the camera [11]. Raytracing is accept-
used to recalculate the values of the parameters. Using tiigle as an image formation technique as we are mainly in-
recalculated parameter values, the position and size of tleeested in the geometry and not the camera control issues or
dynamic window for the image are also recalculated. Agaigenerating perfect representations of the real world. Using
the strategy will look for feature points within the dynamiaraytracing, we can accurately control the parameters of the
window. objects and parametric models and repeat experiments un-
The strategy is able to handle a situation where wrondgr different known conditions. This is much more difficult
feature points have been selected. When this happens, Wten using real cameras and robots. To demonstrate the ef-
values of the estimated parameters will diverge. The nefdctiveness of our strategy, some real images are used in the
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determination of the parametric models and their associatewdels is two. Values of - are obtained from the images
parameters. and substituted into each of the parametric models resulting
If prior knowledge of the task or context (top-down orin a number of sets of simultaneous equations. The result
task-driven) is available, the task is made easier as onlyoéthis initial process is a list of possible initial estimates for
specific parametric model needs to be considered. As ttiee parameters. As these values are determined from only
parametric model is known, knowledge concerning the nunene (or one set of) image(s), the variances associated with
ber of parameter values to be determined is also known. Thie unknown parameters are high. Every value in this list
paper deals with the case where there is no available knowtdill be used as a starting value in the process of obtaining
edge of the context (i.e. bottom-up or data-driven) and thuthie parametric model and its associated parameter values.
all the parametric equations currently of interest are to be The next image is then obtained. Using the values of
considered. The number of unknown parameters that neleg and all the associated camera parameters, the parameter
to be considered here would be equal to the maximum nuwalues associated with each of the parametric models under
ber of unknown parameters among the parametric modelsnsideration is updated. The process of capturing an image
under consideration. from the next viewpoint and then using information from
The parametric models and their associated parameténe image to update the parameter values of the parametric
have been determined successfully under the following twoodels is repeated for a few images (hormally two to three).
conditions: (1) feature points have been consistently found The process described will be repeated for each set of ex-
at the location predicted by the models in a number of inperiments described below. Various test objects were used.
ages, and (2) the values of the associated parameters hivaddition, the investigation also uses real images to evalu-
been consistent. The checking of whether consecutive valke the performance of the strategy.
ues of each parameter is less than some toleramsenly

carried out after the updating process has been repeated 8@  parametric Model and the Associated Pa-

to three times. This is to allow for the fact t'hat the initial rameter Values for an Hemispherical Ob-
value of the parameter value(s) may be very inaccurate. The ject

RLSQ method can converge quite quickly to a value close
to the expected value. From the initial processing, two possible values of 49.6 and
The tolerance value of 1.0 is used to eliminate the oth@s62.2 are obtained for the two parametric models with only
parametric models quickly. A value of 1.0 is chosen becaugge unknown B, and F}). Values of 49.6 and 50.0 are the
the values of the associated parameters change by quite laggries for the model with two unknown parameters) (
values in the incorrect parametric models. This is indicates}| of these will be considered as the initial estimates for
in the experimental results. To illustrate this process, vafihe parametric models in contention.
ous test objects were used. The aim is to obtain the correct Taple 1 illustrates the changing parameter values of the
parametric models that pertain to the object. Since theretigo initial values that are updated as new images are ac-
no prior knowledge, a number of parametric models will bguired. In the case where the initial value is 1562.2 units,
considered initially. These are represented by the followingoth the function primitives; and 7} drop out of con-
symbols: By, Fy andT;. Listed below are the interpreta- tention after one image and thus the only function primitive
tions of these symbols: that remains i¢"; (see the column labelled as Case 2 in Ta-
~ ble 1). Subsequent processing will show that the function
* D) represents the case of the tracked feature point bgqmitive 7, is out of contention after the second image be-
ing on an occluding boundary. One unknown parames,;se no feature points can be found in the dynamic window
ter is associated with this model. in the subsequent images.
When the initial value is 49.6 units, there is no updated
rameter values for the case’tif as new images are ac-
quired as no feature points are found within the dynamic
window and the associated parametric model drops out of
e T represents the case of the tracked feature point beontention. As the initial belief is low, the size of the win-
ing some horizontal distance as well as some verticdpw will be large. Thus if no feature point can be found
distance below the foveation point. Two unknown pawithin the window it can be inferred that the parametric

rameters are associated with this parametric model. model in question is not the correct model.
However, it is possible that the feature point may be lost

Using the first two images of the sequence, the initiah that particular image owing to errors in processing (e.g. in
estimates of the parameters will be determined using tleelge detection and corner detection). Thus the subsequent
method of simultaneous equations. Two images were usidages will also be checked to see if there are feature points
as the maximum number of parameters in the paramettitat will fit the failed models. This form of checking will

e [ represents the case of the tracked feature point bein
on the same horizontal level as the foveation point. O
unknown parameter is associated with this model.
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only be carried out with the first few images which enabled  Improving the Hypothesis by Using
the confirmation that the particular model definitely is not Multiple Slices
related to the objects in the scene.

_Notice that the value of the parameter for the functiojye ain features used so far have been individual edge
primitive B, is consistent compared to that of the function,iyis As only one or two points are involved, the hypothe-
primitive F;. Thus the function primitive3; will be selected sis involving a specific model would be a weak one without

as the most likely model after three images are used. As n%‘ﬁ‘onga priori assumptions about the objects. One of the
images are acquired, the selected function primitive and U\%

: | ict the | ] Hys to increase the confidence in the hypothesis is to use
associated parameter values are used to predict the locatiof , mber of sets of edge points simultaneously. The more

of features and track them. If features from a large nUMsyqa hoints that are tracked and found to fit the general form

bgr Of subsquent Images can be tracked using this funCtI8ﬂhe parametric model, the more reliable the determination
primitive and its associated parameter values then the “the decision concerning the current hypothesis

lief that the model is the correct one can be strengthened. The process of tracking multiple feature points has been
Note that the confirmation of whether the parametric mOdﬁEscussed in Lanet al [6]. An example of this is shown

In question is correct occurs in the tracking stage [7]. in Figure 5 which illustrates the result of tracking multiple

feature points using seven 1D slices across the images. The
3.2 Parametric Models and the Associated foveation point is the single thick white cross in the centre
Parameter Values for a Cup of the image. The feature points being tracked are marked
with thin white crosses.
Using the images illustrated in Figure 3, the list of possible
initial values of the parameter values are obtained. Table )
2 shows the result of using one of the initial values as the ~ Conclusion
starting point and using the images shown in Figure 3. No-
tice that in this set of images, the internal bottom edge aridis paper has described a technique for recognising a 3D
the top opening of the cup are present. Note that the cupSBape given parametric models describing function. As a
80 units high, the internal width is 77 units and the exte€onsequence the dimensions of the object are determined.
nal width is 80 units. As depicted in Table 2, at the end of The strategy was able to select the correct parametric
processing the fourth image, there are still two parametrigodel as well as obtain the associated parameter values in a
models in contention. One is for the top edge and the seottom up approach when images of different objects were
ond is for the bottom internal edge. The parameter valué§ed.
of both the parametric models for consecutive images are The RLSQ method has been used as it allows, via the er-
varying less than the tolerance and thus is considered to I measures, the use of dynamic search windows to reduce
consistent and correct. the search space when looking for correspondence between
features in adjacent images in time. Results on different ob-
) ) jects, both simulated and real, with and without Gaussian
3.3 Parametric Models and the Associated nojse, demonstrate the technique works and chooses the cor-
Parameter Values for a Box Using Real rect model quickly in all cases. Extensions to the methods
Images described in this paper include using different features, and

testing on different objects.
Some real images were used to investigate the performance
of the technique. Using the same processing as before, :l%e f
changes to the parameter values in each of the function pri ETerences
itives under consideration are shqur) in Table 3 as new iMr1) D, H. Ballard. Eye Movements and Spatial Cognition. Tech-
ages are processed. One of the initial values of the param-" nical Report TR 218, University of Rochester: Computer Sci-
eters to be considered was 98.3 units. Again the function ~ence, November 1987.
primitive B; was out of contention after the first image in [2] S't'll_t" ﬁhen and 'f- C;- lt\/lulg?on&a'r. %AD-Basec;I Eeé\éure -
; ility Measures For Automatic Vision Programmin

the Sequence was proce_ssed. By the _end Of four IMmages, wo Proceedings Workshop on Directions in Automated CAD-
function primitives are still under consideration. Thisisrea-  Based Visionpage 106:114, 1991.
sonable as can be seen from the images. The two functi S. J. Dickinson, A. P. Pentland, and A. Rosenfeld. From
primitives are for the rear top and the internal bottom edge IVISIIEuEmF?S to V(;eWSZ V,?\/n ﬁpﬁ)roach éc') 3D Obj_ecE: RA%:%gnmgr\nf.

H H H H roceedings Workshop on Directions in -pase 1-
of the box. The images in Figure 4 shovy the I_oc_a_non of the sion pages 85-97, 1991
tracked features using both of the function primitives under4 P F d A Newell A Model for Function R
consideration. Their associated parameter values are shO\M - Treeman and 2. el oce, Jor runction =eason-

: ing in Design.Proceedings of International Joint Conference
in Table 3. Avrtificial Intelligence pages 621-634, 1971.
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Fixation Pt

Direction of
Movement

Axis

Cup

tical plane about the foveation point (from [7]).

FT=FT=R

X

;'Image Hypothesized Inferred Values of
No. Parametric Model Associated Paramete
Casel Case 2
ET- 0 ALL 496 1562.2
e~ 49.6
49.6, 50.0
1 B 52.6
2 32.0 1610.1
1)
2 B 53.2
N 131 14.3
- T].
3 B 52.7
I3 5.7
T

=

ated with each of the parametric models, calculated as each
G. A. W. West. Advances in Active Vision Research by Simimage is obtained. The parametric model with a consistent
ulation Using RaytracingSecond International Conferencevalue for its parameters is the parametric model that repre-
sents the object in the image.

Figure 3: Edge-detected images of a cup with the internal
bottom edge that are used to determine the function-based
Figure 2:Foveating on a stationary feature point and trackinmrametric models and their associated parameter values.
another stationary feature point (from [7]).
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+
1 Image Hypothe3|zed Inferred Values of
No. Parametric Mode| Associated Parameter
0 ALL 80.3
80.3
80.3, 83.4
1 B,
F 79.1
(@) (b) T, 80.4, 83.5
2 B
Fy 79.3
5 T 79.1,82.3
3 B
I + n 79.0
1 78.1,81.3
4 B
' P 79.0
11 77.7,80.9
Table 2: A comparison of the values of the parameter associ-
ated with each of the parametric models, calculated as each
image is obtained. The parametric model with a consistent
©) ) value for its parameters is the parametric model that repre-

Figure 4. Images illustrating the feature points selected us-

ing the parametric model and its associated parameter values.

The cross in the centre of the image indicates the foveation
point on the object. The selected feature points are marked
by the other crosses.

(©

Figure 5: A sequence of images showing the tracking of fea-
ture points on a cup. The technique of multiple slices was
employed. The thick cross indicates the foveation point. The
thin crosses indicate the feature points tracked.

(d)

351

sents the object in the image.

Image Hypothesized Inferred Values of
No. Parametric Mode| Associated Parameter
0 ALL 98.3
98.3
98.3,50.4
1 B
131 106.5
T 96.3, 40.3
2 B
13 104.6
T 95.6,41.8
3 B
I 102.7
11 99.4,40.7
4 B
1 g 102.5
Ty 101.8, 40.9

Table 3: A comparison of the values of the parameter(s) as-
sociated with each of the parametric models, calculated as
each image is obtained.
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