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Abstract. Fixation is the link between the physical environment and the visual observer, both of which can 
be dynamic. That is, dynamic fixation serves the task of preserving a reference point in the world, despite rel- 
ative motion. In this respect, fixation is dynamical in two senses: in response to voluntary changes of fixa- 
tion point or attentive cues-gaze shiftings, and in response to the desire to compensate for the retinal slip-gaze 
holding. 

The work presented here, addresses the vergence movement and preservation of binocular fixation during smooth 
pursuit. This movement is a crucial component of fixation. The two vergence processes, disparity vergence and 
accommodative vergence, are described; a novel algorithm for robust disparity vergence and an active approach for 
blur detection and depth from defocus are presented. The main characteristics of the disparity vergence technique 
are the simplicity of the algorithm, the influence of both left and right images in the course of fixation and the 
agreement with the fixation model of primates. The major characteristic of the suggested algorithm for blur 
detection is its active approach which makes it suitable for achieving qualitative and reasonable depth estimations 
without unrealistic assumptions about the structures in the images. 

The paper also covers the integration of the two processes disparity vergence and accommodation vergence which 
are in turn accomplished by an integration of the disparity and blur stimuli. This integration is accounted for in 
both static and dynamic experiments. 

1. Introduction 

Dynamic fixation is the physical manifestation of the 
processes engaged in an active vision system. An active 
observer moves in his environment and continuously 
changes visual parameters in order to gather appro- 
priate sensory input for the perceptual task at hand; 
meanwhile, the environment changes in time. Fixation 
is the link that connects the dynamic observer to the 
dynamic environment. It is also the means by which 
the observer can redirect his attention towards the de- 
tected events in the environment that require decisions 
for action or pure observation. 

Fixation is quite often considered as the binocular 
process of bringing a 3D target to the crosspoint of the 
optical axes of the left and right eyes/cameras. How- 
ever, fixation is principally a monocular process that 
can be defined by a direction and a distance (0, r). In 
the binocular case, the directions and the distances of 
the right and the left axes are mapped into a common 
representation; this common line of sight is usually 
called the cyclopean axis. 

The movement of the fixation point along the cyclo- 
pean axis is the vergence movement. This movement 
together with ballistic saccadic movements, smooth 
pursuit and other less apparent movements form the 
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dynamic fixation movements of the primates. In a 
monocular biological fixation process, the rotation of 
the eyes/cameras perform the task of directing the gaze 
towards the target of interest. In a completely static 
scene, the distance to the object of interest is obtained 
mainly by accommodation. 

In the binocular case, fixation is performed along 
the common line of sight by at least two processes, ac- 
commodative vergence and disparity vergence. In this 
way accommodative vergence, with blur as the major 
stimulus, can take advantage of disparity, while the 
disparity vergence process, with disparity as the ma- 
jor stimulus, can rely also on blur; resulting in a more 
robust fixation. 

The whole process described has long been known. 
In this paper, we are going to present a computational 
implementation of it. Other researchers have studied 
the fixation problem. Clark and Ferrier (1988) im- 
plemented a model of the human oculo-motor system, 
focusing on the control aspects. Coombs (1992) de- 
scribed a real-time model relying on zero disparities. 
There is however a basic difference between the ap- 
proach presented here I and the work done earlier. 

In order to implement a computational model of e.g. 
the human oculo-motor system, there should be a de- 
vice capable of simulating its major characteristics. 
The only such device presently available is the KTH- 
head. Other systems, although some of them are, in 
parts, more advanced than the KTH-head, lack either 
accommodation facility, separate eye modules, foveal 
simulation capability (like zooming) or have no neck 
joints. In other words, they are not designed to simu- 
late a primate oculo-motor system to begin with. An- 
other even more important difference is that the tradi- 
tional approaches with few exceptions, such as Abbott 
and Ahuja (1988), have concentrated on movements 
of the eyes and ignored the other parameters of the 
system. 

The KTH-head allows for synchronous control of 
eye modules, accommodation, iris control and image 
magnification. Furthermore, the head gives the possi- 
bility to adjust the location of the lens axially so that the 
optical center can be displaced to different places de- 
pending on what the optical parameters are and what 
the task at hand is 2. Details about the design of the 
KTH-head can be found in Pahlavan (1993), Pahlavan 
and Eklundh (1992) and Pahlavan and Eklundh (1994). 

In addition to this, we introduce two novel algo- 
rithms/implementations, one for disparity vergence and 
one for depth from defocus. The first algorithm is based 

on a very simple observation about the geometry of hu- 
man vergence movements. It uses the variance of left 
and right images, and thus obtains a sharpness crite- 
rion to discard wrong matches. The second algorithm 
is an application of Subbarao's algorithm for parallel 
recovery of depth by changing camera parameters see 
(Subbarao, 1988). We have extended this model and 
applied it to changes of the accommodation distance. 
This is an active approach to the problem of depth from 
defocus, because it manipulates the camera parameters 
in order to obtain new data about the scene. A related 
approach, which is also active, is based on changing 
the iris size, which in our opinion is also an active ap- 
proach. See e.g. Pentland (1987). 

The information acquired by depth from defocus 
is essential to monocular fixation and important for 
binocular movements. In this work, we have not ad- 
dressed saccades that constitute the most important 
visuo-motoric behavior. There are basic problems in 
analyzing the attentive-voluntary trigger functions for 
saccadic movements. However, as far as other involun- 
tary movements are concerned, the system described 
and the experiments accounted for are equally stable 
under dynamic monocular as well as binocular fixa- 
tions. 

Work on integrating "focus and stereo" related to 
ours exists; see e.g. (Krotkov, 1989; Abbott and Ahuja, 
1988). However, the work presented here should be 
seen as neither a continuation of nor a contradiction 
to the previous approaches. This work is purely con- 
cerned with the fixation process and does not cover 
stereopsis at all. Two other aspects distinguish it from 
earlier work as well. First, we address cue integra- 
tion (disparity and blur) and process integration (ac- 
commodative vergence and accommodative disparity) 
separately. Secondly, we do not simply combine the 
cues by averaging their results, but take their qualitative 
and quantitative nature into consideration. In addition 
to this, we ensure that fixation as well as integration 
holds under dynamic conditions without any artificial 
constraints or precise calibrations. The algorithms and 
processes involved in the dynamic scenario, e.g. the 
tracking and stabilizing algorithm, are not described in 
this article and require a separate presentation. 

The active vision paradigm can be motivated by pure 
technical and computational advantages. However, it 
can also be viewed in a much broader context that moti- 
vates the kind of activeness that is present in biological 
systems. We have attempted to address this aspect of 
the active vision paradigm in Pahlavan et al. (1993) 
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and will here limit us to technical issues like algorithm 
design and system function. Still, since the mentality 
behind the system design has its roots in inspiration 
from biological vision, the reader should be prepared 
for some leading discussion of biological implications 
prior to each algorithm or process description. 

A number of experiments are performed to elucidate 
some crucial aspects of the work. One experiment, is 
primarily related to the work on depth from defocus 
and is therefore described in the corresponding section. 
Another set of experiments demonstrates the proposed 
disparity detection algorithm with and without contri- 
bution from a conventional sharpness criterion. A third 
set of experiments deal with dynamic situations. Dur- 
ing these experiments, the binocularly fixated object 
is moving rapidly, so that preserving fixation requires 
a cooperation between vergence and smooth pursuit 
movements and accommodation. 

The smooth pursuit process is used in the dynamic 
experiments to demonstrate two essential points in an 
active real-time algorithm design; first, it shows that 
the fixation algorithm is easily integrated with others 
such as the smooth pursuit without loosing stability; 
secondly, it unveils the dynamic capacities of the algo- 
rithms and their integration. 

The organization of this article is as follows. Ini- 
tially, our concepts of gaze control are described. Then 
the fixation geometry of human beings, the stimuli 
for fixation and a psychophysical experiment corre- 
sponding to vergence movements in man are discussed. 
During this description of disparity vergence, we de- 
scribe the corresponding geometry of our suggested 
algorithm. In the same order as above, the compu- 
tational techniques for calculation and integration are 
described. In the end the experiments on dynamic fix- 
ation are demonstrated. 

2. Gaze Control and the Primary 
Ocular Processes 

The architecture behind the control of the gaze in the 
KTH-head is called "primary ocular processes". The 
objective of this architecture is to realize a system 
where many cues and the corresponding processes run- 
ning on them are easily integrated. The word "primary" 
refers to the fact that these processes constitute the in- 
nermost control loops with visual feedback. The "oc- 
ular processes" refer to processes that possess one of 
the following characteristics 

• processes that use the same stimulus for different 
tasks. 

• processes that use different stimuli for the same task. 

The processes that use different stimuli for the same 
task can be run in parallel and perform better, because 
of the redundancy in the input. Given a limited num- 
ber of cues, the processes that use the same stimulus 
and yield different outputs are necessary for enhanc- 
ing the capabilities of the system in executing several 
behaviors. 

One advantage of this approach is that the system 
does not need to average the stimuli for cue integration. 
Hence, the stimuli do not need to be of the same kind. 
Another advantage is that each process could be small 
and simple. However the topology of the processes 
is crucial to their tasks. The following example could 
serve to elucidate a chain of connections and cues. Vari- 
ance can be used as one of many cues to estimate blur 
that is caused by both defocus and motion. It can also 
be used as a component in computing temporal and spa- 
tial disparities through correlation. The disparities and 
blur can in turn 'be used for reliable correspondences, 
etc. The advantages are twofold: the computations are 
recycled and the network of connections increases the 
reliability of the system. 

Since primary ocular processes can run in parallel, 
their outputs, i.e. the potential inputs to an integrating 
process, could attenuate or amplify each other. That 
is, if the integration process is aware of in what con- 
ditions which stimuli are more reliable, it can weigh 
the inputs accordingly. It is not easy to resolve the 
conflict situations beforehand. However, in a simple 
process with e.g. only two inputs, it is much easier to 
manage this problem. For example, finding correspon- 
dences could involve sharpness (or blur) and disparity 
as two stimuli. Finding correspondences by disparity 
is more difficult at near distances and much easier at 
far distances, the opposite is true for blur. This basic 
information can form a guide-line for the integrator to 
deal with potential conflicts between the two cues. 

The idea is that by using different stimuli which 
are due to the same phenomenon, we can achieve bet- 
ter estimates and consequently stable performance. A 
single cue does not need to yield reliable estimates 
in its whole range of operation. Accommodative and 
disparity vergence, which can be driven by blur and 
disparity, are good examples of such processes. These 
two vergence processes result in accommodation and 
vergence; these two might in turn confirm or contest 
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each other. Another example is estimating orientation 
of surface patches by the grey-level gradient and texture 
gradient as different stimuli; it is known that these two 
stimuli do not always agree. 

The traditional gaze control approach is to look at 
the left and right images and find a pair of disparate 
points, compute the 3D position, re-fixate and continue 
the loop. This approach could fail e.g. due to self- 
occlusions, because the existence of two corresponding 
points are assumed in the inverse kinematics of the fix- 
ation mechanism. Especially, in a dynamic condition, 
when objects appear and disappear, the system will be 
unstable. 

The described process oriented architecture has re- 
suited in a completely different approach in the KTH- 
head. Even images are considered as competitors in de- 
livering information and in this sense, lack of one image 
results in total dominance of the other one. This dom- 
inance is in turn feasible, because there are monocular 
cues that can deliver coarse depth information in the 
absence of accurate binocular cues. The images are sta- 
bilized by stabilization processes that not only stabilize 
images for e.g. disparity detection, but also receive this 
produced disparity information to synchronize them- 
selves binocularly. They generate stable images so that 
e.g. accommodation under movement could be possible 
and at the same time they can use the accommodation 
to filter out the distance blur from the motion blur 3. 

The accommodation and disparity vergence pro- 
cesses in our present implementation run in parallel. 
A stabilization process, although feeding the processes 
involved in fixation, receives input from them in or- 
der to maintain binocular fixation. Once the pattern 
of interest is stabilized, it actually works better if the 
object moves because of the motion blur in the back- 
ground; the pattern of interest is easily distinguished in 
the blurred background. 

In an earlier implementation on the KTH-head, two 
monocular stabilization processes stabilized the left 
and right images of the moving object separately; each 
accommodation process focused on its own stabilized 
image and the disparity detecting process brought the 
two stabilized focused images together. The vergence 
movement was derived by the cooperation between 
the two latter processes and was a feedback to the binoc- 
ular stabilization again, see (Pahlavan et al., 1992). 
The transition from monocular data to binocular and 
the need for simplification of handling partial or total 
occlusion, urged us to use the concept of cyclopean 
vision which is central to the present control strategy. 

Our current implementation of the primary ocular 
processes used in the control of the KTH-head, is using 
a simple cyclopean representation obtained by super- 
position and the stabilization process runs on this single 
representation. This approach is elaborated in the last 
half of the paper and cyclopean representation is dis- 
cussed in the next subsection. This work does not make 
any distinction between optokinesis and smooth pursuit 
processes mainly because of lack of foveal-peripheral 
vision. 

2.1. Common Representation in Binocular Vision 

Binocular vision 4 is redundancy in vision and large 
field of view. The basic characteristic is the ability 
to fixate in a large field of view, rather than stereop- 
sis. The biological visual systems do not crash when 
they encounter any degree of occlusion or loose one 
eye! Even if a visual system uses binocularity with 
a minimal relationship between the left and right im- 
ages, a common representation for both images is still 
needed. This common representation can be as com- 
plicated as a full 3D reconstruction or as simple as two 
superimposed images. The important thing is that the 
representation contains both 2D and 3D information. 
Traditionally, the representations contain one or the 
other. The minimal geometric information needed to 
establish the gaze direction from this representation is 
that each point in the representation stands for a direc- 
tion rather than a well localized point in 3D. Having 
a common representation, we do not need to let one 
eye be totally dominant all the time, i.e. the fixation 
mechanism can choose to refer to the information from 
the left, right or both images, depending on the circum- 
stances and the degree of contribution of each eye to 
the common representation. Figure 1 illustrates the ef- 
fect of dominance on the location of the fictitious eye 
standing for the common representation in man. 

The major drawback of using one eye as a leading 
eye in binocular vision is that the set of points that are 
occluded in the dominant eye but are present in the 
other eye cannot be used as fixation points. 

The notion of cyclopean vision is used in different 
ways. The concept is used after Helmholtz for denot- 
ing a subjective eye between the left and right eyes, 
a so called "binoculus". Julesz (1971) has used it as 
a representation that reveals new data by integrating 
the two images. In line with Helmholtz, we regard 
cyclopean vision, as the kind of vision that contains a 
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(~  Binoculus (cyclopean eye) --  - -  - Common line of sight (cyclopean axis) 

• Fixation point - -  Line of sight 

Figure 1. The effect of dominance on the location of the imaginary cyclopean eye, the binoculus, in three cases. Left: equal dominance of the 
eyes. Middle: the left eye is more dominant. Right: the left eye is completely dominant. 

common representation of both left and right images 
and in that sense can be considered as one reference 
image. Following this, we apply an obviously raw but 
functional approach. An average image of the left and 
right cameras is the basic input to the system; the sym- 
metries in the images are the cues to vergence and the 
shift of the symmetries, with respect to the center of the 
average image, are the cues to version. These issues 
are discussed in the remainder of the paper. 

3. Vergence and Version 

The process of point to point fixation in primates con- 
sists of two separate classes of movements. These 
movements are vergence (convergence and diver- 
gence) and version (conjugate eye movements). In 
human beings, the two movements are integrated in 
a complicated manner and not completely indepen- 
dent. However, a strict division into pure version 
and pure vergence elucidates the geometry behind the 
mechanism of the two movements. Observations from 
studying eye movements in human subjects have led 
to geometric models of different complexity; a simpli- 
fied illustration of such a model is depicted in figure 2. 
In this figure, the lines of equal version form a series 
of rectangular hyperbolae that pass through the sight- 
ing center of the two eyes and whose common cen- 
ter is the midpoint of the baseline. The lines of equal 
vergence are represented by the Vieth-MiJller circles 
passing through the two eyes. 

The two movements are associated with two kinds 
of disparities. Pure version is associated with zero dis- 
parity and pure vergence with symmetric disparity; 
these two qualities are especially interesting for our 
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Figure 2. The lines of equal vergence (the circles through the eyes) 
and the lines of equal mean version (the hyperbolae through the eyes). 
From Carpenter (1988) after Luneburg (1948). 

work. The saccadic component of version is a bal- 
listic movement maintaining zero disparity, i.e, oc- 
curs ideally along a V-M circle. Contrary to saccades, 
the vergence movement is image driven and relatively 
slow due to two different stimuli, blur and symmetric 
disparity. 

3.1. The Geometry of Vergence 

Study of vergence in isolation from version leaves us 
a simple geometry. This geometry is illustrated in 
figure 3. Each axis represents the optical axis for 
the corresponding camera. In practice the central line 
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Figure 3. The geometry of vergence. Objects located along the cyclopean line are symmetrically positioned in the images with respect to the 
current fixation point (the center of the images), i.e. a =/~. 

representing a common line of sight for the two cam- 
eras is the line of sight for an imaginary eye, located 
somewhere between the two eyes, whose image is the 
cyclopean representation mentioned earlier. This cy- 
clopean axis, corresponds to one of the hyperbolae de- 
picted earlier in figure 2. The movement of the left and 
right axes can be represented by the common line of 
sight, whose direction is a function of the contribution 
of each image (eye) to the course of movement. In the 
case when the two cameras are equally dominant, the 
image of the same object in the scene will be symmetri- 
cally located, with the vertical axis through the fixation 
point as the symmetry axis 5. 

The mentioned cyclopean axis plays a central role 
in the geometry of fixation, and vergence is defined 
by the displacement of the fixation point along this 
very axis. The angles ~ and/~ in figure 3 are equal 6 . 
The equality of the two angles ~ and/3 implies that 
all the objects lying on the cyclopean axis are symmet- 
rically projected into the cyclopean image. That is, 
the image of the objects that are located along the 
common line of sight, are found on different sides of 
the left and right images and the eccentricity of their 
position in the images is a function of the distance 
of the projected object from the current point of fix- 
ation. 

Although we normally do not notice this, we are ac- 
tually seeing most of the objects in our environment as 
doublets (diplopia). Despite this fact, we have a very 
good sense of direction that should also be considered 
as apart of the cyclopean representation. Besides, there 
are usually plenty of other attentional stimuli, such as 
sounds and changes in the scene, that can be sensed as 
directions rather than positions. Once the direction of 
interest is known and the saccadic movement is per- 
formed, the problem will be how to find the source of 
interest, i.e. its position; this is when vergence com- 
pletes the process of fixation. 

4. Vergence and Its Stimuli 

In this section we consider two sources of stimuli for 
vergence. The vergence mechanism in primates is 
known to be stimulated by both blur and disparity. 
Therefore, it is perhaps easier to consider vergence 
as two different cooperating and competing processes 
each using a different feedback as stimulus; these two 
processes are accommodative vergence and disparity 
vergence. We will describe them separately and dis- 
cuss their integration as well as how they cooperate and 
compete. 

4.1. Accommodative Vergence and Blur 

In 1826, J. Miiller showed in a classical experiment, 
that the vergence movement in human vision is repro- 
ducible even in the absence of disparity (Miiller, 1826). 
The procedure is depicted in figure 4. It is obvious from 
the experiment that changes in blur (even though blur 
is a monocular stimulus) result in a vergence move- 
ment with the perceiving eye as the totally dominant 
one. Other experiments show that there is a linear re- 
lationship between the angle of convergence and the 
accommodation stimulus, see e.g. (Carpenter, 1988). 

Blur can be determined by an analysis of the spatial 
frequency contents of an image. The estimate is com- 
puted as a local response and not a global one, because 
the degree of blur in an image varies--the objects in 
the scene are located at different distances. In other 
words, the computation of the degree of blur must be 
done locally in a window, and a proper window size is 
needed. Apart from the optical parameters, the window 
size depends on the retinal resolution. Currently, the 
widely utilized CCD cameras have a rather low resolu- 
tion (compared to human foveal vision) and therefore, 
they are not capable of detecting small changes in the 
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Figure 4. Under normal binocular viewing, the vergence/accomm- 
odation movement is symmetrical even if the object is moved along 
the line of sight on one of the eyes (above). Covering one eye (re- 
moving disparity) and introducing blur to the eye that has the object 
along its line of sight, results in a monotonic asymmetric movement 
of the eye. From Carpenter (1988) after Alpern and Ellen (1956) and 
Alpern (1957). 

frequency domain. Whether focusing and blur detec- 
tion is feasible or not depends on the relation between 
local frequency contents and sensor resolution. 

Another limitation imposed on accommodation is 
depth of field which is a function of both sensor reso- 
lution and iris size. The smaller the depth of field is, 
the more precise the depth estimate becomes. In the 
human case, the very fine resolution of retinal cones 
in fovea centralis guarantees that at the final steps of 
accommodation adjustments, an apparently precise ac- 
commodation can be achieved. 

Static approaches to the problem of depth from blur 
in most cases use some constraints based on assump- 
tions about what the best focus is; see e.g. (Zhang and 
Bergholm, 1992) where a step edge is assumed to be a 
vertically abrupt discontinuity. Such models, however, 
do not agree with real edges and discontinuities; re- 
sulting in difficulties to estimate depth in real images. 
A good way to go around the problem is to use con- 
tinuous feedback and keep track of how the sharpness 
enhancement develops. That is, the focusing should be 
an iterative procedure rather than a purely predictive 
one. This is applicable both to the process of depth 
from focus and depth from defocus. Work in our labo- 
ratory (Horii, 1992a, 1992b) and experiments by other 
researchers e.g. (Krotkov, 1989) confirm this proce- 
dure. In the psychophysical literature, it is a matter 
of discussion why the vergence process in our eyes is 

image-driven and not a ballistic movement like a sac- 
cade. Here, we stress the practical significance of the 
iterative approach. 

4.2. Disparity Vergence 

In Section 4.1, we mentioned Mtiller's experiment that 
demonstrated how blur, despite being a monocular cue 
resulted in a vergence movement. However, disparity 
is a binocular cue and is defined as the angle of cor- 
respondence of two associating patterns in the left and 
the right eye respectively. 

The mentioned experiment was evidence for suffi- 
ciency of blur as a vergence stimulus. Similar exper- 
iments by Fry (1937, 1939), Knoll (1949), Marg and 
Morgan (1949, 1950) 7 show that the disparity stimu- 
lus is a sufficient cue for vergence as well. They also 
show that it is possible to simulate situations where pure 
disparity information can suppress the accommodative 
stimulus and affect the crystalline lens and the pupil 
size. The procedure is depicted in figure 5 where an 
insertion of a weak prism in front of one eye, with- 
out affecting the accommodation distance, results in a 
change of fixation. 

We would like to emphasize that experiments like 
those mentioned here, reveal some aspects in human vi- 
sion which could be exploited by computational vision 
for obtaining robust systems. Biological examples 
here, once more remind us the fact that sufficiency does 
not always associate with stable performance. 

It was described earlier that lack of knowledge about 
how sharp a well-focused pattern is, results in a sequen- 
tial procedure for accommodation; the sharpest pattern 
is chosen in this strategy. This is also the case with dis- 
parity detection. Let us elaborate more on this issue. 

Disparity detection is preconditioned upon success- 
ful matchings. The problem is that, to our knowledge, 
there is no absolute measure for a good match; espe- 
cially without presence of distinct features. This is in 
turn due to the fact that two corresponding patterns in 
a stereo pair are generally only qualitatively similar. 
The shorter the baseline and the longer the distance to 
the object, the better is the correspondence. 

Although we are only interested in symmetrically 
located similar patterns in the cyelopean image, there 
could exist objects in the scene that generate almost 
similar patterns in the two images as if they were pro- 
jections from one object positioned along the cyclopean 
axis (as depicted in figure 6). However, the uncertainty 
in disparity detection can be decreased by keeping track 
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Figure 5. Introducing a weak prism in front of one eye when the eyes are fixating a point results in a unilateral vergence to bring the two retinal 
images together. Redrawn from Carpenter (1988). 

almost identical objects 

left image right image 

Figure 6. In real images, especially when a poor matching algorithm is used, false matches can appear. However, the false peaks do not 
converge or diverge in the limits they should, under the completion of the vergence/accommodation procedure. The strength of the symmetric 
approach is that correct matches can only show up at symmetrical locations and can survive the completion of the movement along the symmetry 
axis. 

left image at t i right image at t i+ 1 

Figure 7. A continuous temporal comparison of zero disparities and symmetric disparities associating with the same retinal angle, has the 
virtue that the vergence process could initiate fusion before vergence is complete. The white object could here be detected by a zero disparity 
detection of the fight and left images at two different temporal states. The dashed lines of sight refer to the first fixation and the solid lines to 
the next. 

of the symmetrically detected matches during the pro- 
cess of convergence or divergence. 

The computational procedure above necessitates a 
slow and image-driven movement. Along with the 
sequential nature of accommodation, mentioned in 
Section 4.1, such a phenomenon might be the reason 
why the vergence movement in primates is so slow 
compared to the fast ballistic saccades. 

Our slow sequential model is not providing machine 
vision with an absolute measure for a successful match 
either. A higher certainty can be obtained by support 

from other cues like accommodation, as will be dis- 
cussed in Section 7.3. It should be explicitly stated that 
the convergence/divergence procedure in the model can 
be accompanied by successive fusion of appearing zero 
disparities, i.e. the final matches are not performed on 
isolated disjunctive points, but rather in the company 
of successively fusing neighbors. These zero disparity 
matches have the same uncertainties as the symmetric 
disparities, but statistically, all these numerous almost 
certain matches result in a much higher certainty. In 
this context, figure 7 depicts such a probable scenario, 
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where temporally different zero disparity matches be- 
tween a pattern observed at time ti on the fovea of the 
left image and the pattern at time ti+l on the fovea of 
the right image are detected. 

5. C o m p u t i n g  Blur  

Earlier, we talked about the difference between the ac- 
tive approach and the passive approach in computing 
blur. An active vision system considers blur as a rela- 
tive measure, i.e. as a measure for the sharpness degra- 
dation or enhancement relative the previous point of 
fixation. 

Blur is naturally measured by the frequency con- 
tents over the area at hand. This calls for some kind 
of frequency analysis. Since Fourier analysis is com- 
putationally expensive, one could utilize computational 
shortcuts or analog approaches that yield the same kind 
of results from other cues. The discussion in this sec- 
tion begins with criteria of sharpness and continues 
with finding the point of best sharpness. In the end of 
the section a computational model for detecting blur 
and depth from defocus will be suggested. 

In the following we speak about sharpness criterion 
and blur measure as two different things. The reason 
is that we want to distinguish between focusing and 
blur detection. The former refers to maximizing the 
sharpness e.g. when accommodating, while the latter 
refers to computing the extension of the blur circle for 
a specific purpose, e.g. measuring depth from blur 
without accommodation. 

5.1. Sharpness Criteria 

Sharpness is a relative measure. A criterion is needed 
to measure the change in the sharpness during focusing. 
Several criteria for sharpness have been implemented 
and examined in our laboratory by Horii (1992a). In 
earlier research by Tenenbaum (1970), Jarvis (1976), 
Krotkov (1989) and others the following have been 
applied: 

The Tenengrad Criterion. This criterion was pro- 
posed by Tenenbaum (1970). It estimates the gradient 
at each image point. The criterion for sharpness is 
the sum of the gradient magnitudes. The best focus 
is obtained when the sum attains its maximum. The 
images are assumed to be normalized. The criterion 

function is: 

y ~  y ~  S(x, y)2 
x y 

where S(x, y) is the gradient magnitude in (x, y). 

The Gray-Level Variance Criterion. Since different 
degrees of sharpness of the image discontinuities result 
in a large variation in the intensity levels, it is reason- 
able to use the grey-level variance as a sharpness cri- 
terion. The formulation of variance in this case could 
look like: 

1 N N 

c r 2 = - ~ _ , ~ _ . ( I ( x , y ) - I z )  2 
x = l  y = l  

where/x is the mean of the gray-level distribution. The 
maximum acquired value of cr 2 is then the criterion for 
good sharpness. 

The Sum.Modulus-Difference (SMD) Criterion. 
This measure (Jarvis, 1976) is based on the sum of 
the difference between the neighboring pixels along a 
scan line. The measure is, in practice, utilized on both 
horizontal and vertical axes. The SMD-value on each 
axis can be computed by: 

SMDx = Z Z II(x, y) - I(x ,  y - 1)l 
x y 

SMDy = Z ~ - - ~  II(x, y) - I (x  + 1, Y)I 
x y 

and best sharpness is achieved by maximizing the 
sharpness criterion; 

SMD = SMDx + SMDy 

5.2. Blur Detection 

The methods presented in Section 5.1 are used to find 
the best sharpness in the region of interest. This re- 
gion corresponds to one and the same part of the scene. 
The idea is to find the maximum sharpness on the same 
pattern and computing depth after completed accom- 
modation. However, in active vision it is often desir- 
able to have a measure of blur rather than a measure 
of sharpness. Blur detection is traditionally concerned 
with how fuzzy the image is compared to the normal 
case; this "normal" should then be defined somehow. 
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Figure 8. The camera geometry and camera parameters; p 1: first principal plane, p2: second principal plane, P: object point, p: image point, 
I: image detector plane, s, f ,  D: camera parameters (s: distance between the image detector plane and the second principal plane, f :  focal 
length of the lens, D: numerical aperture of the lens), u: the object distance, v: screen plane distance, d: blur circle diameter, 

Here we attempt to use the blur measure for a qual- 
itative depth estimation without complete accommo- 
dation and without having any assumptions about the 
structure of the pattern. 

We cannot use accommodation because we nor- 
mally use blur detection when we have already fix- 
ated/accommodated on an object and the blur measure 
is used to investigate the environment in the periphery 
of the fixated object. 

In the following formulation of the problem, we use 
Subbarao's development of the problem (Subbarao, 
1988). He discussed active blur detection and de- 
veloped an algorithm that allows for depth recovery 
through manipulation of camera parameters. Sub- 
barao's problem is not identical to ours. Neverthe- 
less, we could apply the idea to the particular case of 
manipulating the image distance. We introduce an ap- 
proach to avoid the heavy computations and problems 
with variations in texture. The significant point is that 
robust qualitative range information can be achieved 
by an active approach and we claim that this kind of 
information is useful. 

The effect of defocusing can be described by a point 
spread function. Let P be a point in the scene and p be 
its focused image (see figure 8). If P is not in focus then 
its refracted image becomes a circular image called the 
blur circle. A point-spread function can represent the 
structure of this circle. 

The relation between the position of P and p is given 
by the lens formula: 

1 1 1 
- + - (1) 

f u v 

in the formula, f is the focal length, u is the distance 
from the first principal plane to the object and v is the 
distance from the second principal plane to the sharp 

image. The diameter of the blur circle d, can be derived 
from the lens formula and the geometrical relationships 
depicted in figure 8: 

( ~  1 1 )  
d =  Ds 

U S 

where D is the diameter of the lens and s is the distance 
from the second principal plane to the image plane. Ac- 
cording to projective optics, the intensity distribution 
within the circle is almost constant. 

The pill box point spread function is the ideal model. 
However, due to diffraction, the variation of the wave- 
length of light in the image, aberrations and other 
effects, Pentland (1987), Subbarao (1988) and many 
other researchers have advocated the use of the follow- 
ing Gaussian function as the point-spread function. 

1 _± x2+_~ 
h = ~ e  2 ~2 

2~o-2 

The parameter c~ is the spread parameter whose value 
depends on the intrinsic parameters of the imaging sys- 
tem. This dependence is embodied in the calibration 
constant k: 

tr = k d  °r tr = k D s ( f  1 (2) 

Let g(x, y) be the observed image of an object on the 
sensor, and f ( x ,  y) be the corresponding sharp image. 
Then g can be formulated as the convolution of f and 
the Gaussian kernel h. 

g(x, y) = h(x, y) ® f (x, y) 

The power spectral density for a Gaussian point spread 
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function is 

P(co, v)  = GG* = H H * F F *  = e-(~°2+v2)°Z FF* 
(3) 

where F, G and H are the Fourier transforms of f ,  
g and h. That is, the exponential decay of the power 
spectrum can be used as a measure of blur. By compar- 
ing the spectral density between sequences of images 
distinguished by the manipulated parameters s, f and 
D, it is possible to compute depth. In our particular 
case, we are interested in the variation of blur due to a 
small change in the accommodation distance (manip- 
ulating s). 

We need two images with which we can compute the 
variations in the blur parameter, i.e. d a  and through 
it the corresponding depth. Consider two successive 
images with camera settings s and s +ds .  From Eq. (2) 
we have 

d a = k D ( f - 1 )  ds (4) 

Variations in the spectral density can be studied by 
differentiating Eq. (3) 

d P =  --2(m 2 + v2)padcr  (5) 

which can be rearranged to 

1 1 d P  
a d a  = (6) 

2 W2 q-- U 2 P 

Let 

1 1 d P  
C = (7) 

2 W 2 + U  2 P 

Now, we can use the association between a and camera 
parameters through Eqs. (2), (4), (6) and (7) 

k2D2ds can be combined into a single system depen- 
dent value K. Here we conclude the application of 
Subbarao's method to our particular case by replac- 

1 I and solving the equation above for it. ing X = 7 - 

Since f < u < cx) in normal experimental settings, 

the solution will be unique. 

1 1 K + ~/K 2 + 4 K C s  2 
S . . . . .  (8) 

f u 2 K s  

Thus, the distance to the object is: 

1 
U ~  

1 K+~Kg-+4KCs 2 
f 2Ks 

At this stage, we are confronted with two major com- 
putational problems: computing the spectral densities 
and computing C. Fourier transforms are computation- 
ally expensive and in our particular case unnecessary, 
because we only need the spectral density at our points 
of interest rather than the transformations. As an ap- 
proximate solution, we propose an adapted version of 
a method suggested by Pentland et al. (1989), 

The next problem is computing C. The problem 
here is that due to the mentioned approximation, C 
is a function of the texture; in a complicated scene, 
it is necessary for the algorithm to be invariant to the 
structure of the texture, although the presence of texture 
is a must. We can solve these two problems as follows. 

f i  and f,.+a.,, are two images distinguished by a small 
change of s. These images are band pass filtered by 
a Laplacian kernel and the square of the pixel values 
are summed up to create the Laplacian powers Ps and 

Ps+As. 

; E E ( s ,  2 
x y 

Ps+as = E E (f '+as  ® L)2 
x y 

The ratio d P / P  can then be calculated as 

d P  2(P,~,+a,,, - Ps) 

P Ps + G+as 

The parameter C in Eq. (7), can be evaluated by cali- 
brating k f = o9 2 + v 2. However, as described before, 
k f  depends on the local texture. We use a dynamic 
technique to calibrate this value by blurring the orig- 
inal image through convolution by a Gaussian kernel 
G; as if the image is defocused in a third step. 

fg = f i ® G  
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Figure 9. The image of a chair and the level curve representation of the result obtained by active approach to depth from defocus. The chair is 
at a distance of about 2 meters. Two frames are used here, and the difference between the two images is a small change in the accommodation 
distance. Each level curve stands for a relative distance of 100 ram. 

The Laplacian power of  fg is calculated as 

x y 

The relation between the Laplacian power of  the origi- 
nal image and the synthetically blurred image, dPg/Pg, 
is calculated as above 

dPg 2(Pg - P,.) 

Pg Ps + Pg 

Since the blurring was a constant Gaussian operation, 
Eq. (7) will give us 

1 1 dPg 
k c o n s t  - -  

2 kf Pg 

Thus, the value of  kf is calibrated to 

1 l dPg 
k f - -  

2 kconst Pg 

The value of the kconst can be included in the constant 
K in Eq. (8) so that K will be re-valuated to 

K = kZD2ds keonst 

This K is the only parameter that require an a priori 
calibration. In the same way, C in Eq. (7) is reformu- 
lated to 

1 1 dP Pg de  
C . . . . .  (9) 

2k f  P dPg P 

This way the distance u is extracted from the blur in- 
formation, quickly and robustly. It should, however, 
be underlined that the depth information obtained from 
blur and sharpness are qualitative; this is especially true 
in the case of blur. To complete the discussion about 
depth from blur, the experiment illustrated in figure 9 is 
worth referring to. The approach above is applied to a 
sequence of  two images, one of  which is depicted in the 
figure. The other image is identical to this one except 
for a slight change in the accommodation distance. The 
relative change in the blur is detected in the two images 
and the level curve depth map in the figure is generated. 
As shown in the level curve image, the algorithm has 
some problem around the contours of  the chair. This 
is due to two factors: the magnification effect of the 
focusing mechanism in the conventional lenses and the 
processing window. The former problem is solved on 
the KTH-head by allowing a small change of  the focal 
length. However, as a future extension to the work, it is 
more appropriate to address the problem together with 
simultaneous iris manipulations as well. 

6 .  C o m p u t i n g  D i s p a r i t y  

Matching can be performed in different ways and on 
different kinds of features. Nevertheless the funda- 
mental problem is to find similarity of  patterns. In our 
experiments, we have used a normalized correlation 
method for finding the best match between the two im- 
ages. Later in Section 9.3, we will also briefly discuss 
a phase based disparity detection method. 



Dynamic Fixation and Active Perception 125 

! left image i ) 
L _ _  i J 

Figure 10. The symmetric disparity search on the left and right 
images. Each position in an image is correlated to the associating 
symmetric position in the other image. Here the correlation between 
position A in the right image with position B on the other side of the 
center of the image in the left image would yield a high peak. The 
same is not valid for points C and D, suggesting that the pattern at A 
and B are the images of the same object located on the common line 
of sight. The following convergence will keep track of the peaks and 
confirm the correlation results both by checking the changes in the 
sharpness by the variance method discussed earlier and by checking 
if the tracking succeeds, i.e. if the two patterns come together at the 
center of the images. 

Figure 10 demonstrates how the normalized corre- 
lation is performed. For each region on the left side of 
an image, there is another region on the right side of 
the other image that could contain the right pattern. If 
the correlation between these two regions yields a high 
peak, the match is accepted. Normalized correlation is 
given by: 

Cov[L, R] 
Cxy = 

~/Var[L]Var[e] 

where Cov[L, R] is the covariance and Var[L] is the 
variance. 

Later in Section 9, the variance is used as a cri- 
terion for sharpness. The reason is simply that the 
variance is already computed for disparity detection 
and therefore can be used directly for computing the 
degree of sharpness in the window. This is an ex- 
pected integration characteristic of primary ocular pro- 
cesses that allows the processes to share computational 
steps. 

7. Integrating Accommodation and Disparity 

In the end of the last century there was a belief that ac- 
commodative vergence was the controlling component 
of vergence and the disparity vergence had only a sup- 
plementary role in the process (as in Maddox, 1886). 
However, later experiments (like the one mentioned in 
Section 4.2 and illustrated in figure 5) show that the 
relation is more complex, as R.H.S. Carpenter puts it: 

. . .  it is clear that the accommodation convergence 
component in fixating near objects is substantial, 
accounting for rather more than half the total re- 
sponse . . . .  However, it is in any case misleading 
to think of vergence as being simply the linear sum 
of two independent stimuli, because of the complex 
feedback relationships that exist between vergence 
and accommodation on the one hand, and dispar- 
ity and blur on the other. These relationships ap- 
pear to be perfectly symmetrical, in that changes in 
disparity elicit not only vergence but also accommo- 
dation . . .  (Carpenter, 1988, p. 109). 

It is not explicitly motivated here why there should 
be such a cue integration between blur and disparity. 
However, it should be noted that the cue integration has 
in fact a stabilizing effect on the process of fixation. 
Figure 11 illustrates how the two blur and disparity 
stimuli can be integrated to realize a mutual effect on 
both accommodation and vergence. The figure does 
not clarify how the error from each stimulus affects 
the whole system. As long as the two stimuli agree, 
i.e. the two stimuli increase or decrease together, small 
amounts of noise do not matter, because the process is a 
closed loop and as such, it can overcome small amounts 
of noise and enter a steady state. 

However, the two stimuli result in two sets of ac- 
tions that can be seen as two different processes--  
accommodation and vergence. There are situations 
where these two processes come into a conflict situa- 
tion. Note that we are now talking about the situations 
where th e processes are in conflict and not the stimuli. 
We have already mentioned the classical experiments 
where researchers have isolated one stimulus and ana- 
lyzed its effect on accommodation and vergence. 

The relationship between accommodation and ver- 
gence can be divided into four categories: 

• The two processes agree and both of them are wrong. 
The range for best accommodation is too large 
and the disparity detection fails inside this region. 
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Figure 11. A model of the relationship between accommodative stimulus (S), target disparity (U), accommodation (R) and vergence (V): 
R = c~(S - R) + 8(U - V); V = f l ( U  - V )  + y ( S  - R ) .  From Carpenter (1988). 

• The two processes agree and both of them are right. 
• The two processes disagree because the accommo- 

dation process is conflicting. Illusions, effort of will 
and strong (although wrong) disparity stimulus make 
vergence rely on disparity. 

• The two processes disagree because there are many 
candidates for a match. 

One would wonder how two processes that use the 
same stimuli can disagree. The answer is that they 
would not, if the disparity and blur stimuli were unique, 
i.e. if there were not other powerful candidates com- 
peting with them (e.g. in the case of repeated patterns, 
specular and transparent surfaces and alike). Later in 
this section, we will discuss two cases where the stimuli 
are misleading the processes. 

If we only have these two processes to integrate 8, 
then the first category would lead to a system reset or 
binocular rivalry, and nothing could be done about it. 
Total darkness is an example of the first case when the 
eyes move to the resting position (focusing at infinity); 
exposing the eyes to different images is an example of 
the other case (binocular rivalry). 

In the second case, everything is in order: since the 
system is a closed loop, it can manage to filter out the 
small but inevitable noise in the stimuli. 

The third and the fourth cases are the interesting ones 
and are discussed in the following subsections. 

7.1. Erroneous Detection of Disparity 

An erroneous disparity detection could have two 
reasons--repeated patterns and improper matches. An 
example of the first case is looking at wall paper or a 
fence from a near distance so that most of the retina is 
covered by the repeated pattern 9. Such an example is 

addressed in Pahlavan et al. (1992). In this case the ac- 
commodation process overrides the vergence process. 

An example of the second case is when no corre- 
sponding matches are found. This is the case when the 
target is occluded in one of the cameras. Implicitly, 
this means that there already exists an interesting pat- 
tern or feature that is chosen in the image of the other 
eye. That is the seeing eye becomes totally dominant 
and the disparity stimulus does not contribute to the 
accommodation process. The blur stimulus becomes 
dominant in the cue integration and the accommoda- 
tion process overrides vergence. A brief description of 
the two cases is: 

Repeated Pattern. The disparity stimulus is not 
unique due to the existence of repeated patterns --+ ac- 
commodation rejects false disparity candidates outside 
the depth of field. 

No Proper Match. The dominance is decided by 
knowing in which eye the pattern of interest is chosen 
--+ accommodation in that eye overrides both the ac- 
commodation in the occluded eye and the vergence. 

7.2. Conflict in Accommodation 

The conflict in the estimation of accommodation dis- 
tance can be categorized into two cases. Since ac- 
commodation is a monocular process and a well-posed 
problem, it is perhaps not correct to talk about erro- 
neous accommodation. The error is not principally in 
the accommodation process itself. It is more proper to 
talk about the confusion arising from the internal con- 
flict in the binocular accommodation, i.e. the conflict 
between the right and the left eyes' accommodations. 
A typical example of this is when one eye is occluded. 
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Figure 12. Looking at a stereogram by crossing the eyes, gives 
the impression that the fused imaginary object is nearer to the sub- 
ject, compared to the real location of the stereogram. Although the 
accommodation distance is perceived correctly, the distance due to 
disparity overrides accommodation. 

As the case was with the disparity error due to oc- 
clusion, the eye which is not occluded should become 
totally dominant, unless the occluding object, or other 
objects free from the occlusion are chosen for fixation. 
In the latter case, a saccadic movement is also involved, 
but we will not discuss that case further. 

The other case is when the common accommoda- 
tion is correct, but the binocular accommodation dis- 
tance does not agree with vergence. The situation 
here is rather delicate and therefore needs a bit more 
elaboration based on the example of a stereogram. 
Looking at stereograms by crossing the eyes, puts ac- 
commodation and vergence in conflict (see figure 12). 
It should be noted here that, for human beings, fusing 
stereogram images does not affect the sharpness of the 
images, i.e. the accommodation process per se is intact 
and functional; it is the perceived depth which creates 
the conflict. Moreover, the accommodation process 
receives erroneous disparity stimulus which is also in 
conflict with the blur stimulus. Nevertheless, it is obvi- 
ous that one can fuse the images. An important factor 
here is that the disparity cue is unique and very stable 
in all stereograms 1°. Furthermore, it should be noted 
that without special glasses, fusion is unstable and can 
only be preserved voluntarily. A brief classification of 
the two cases can be given as: 

Occlusion of One Eye. No disparity stimulus to ac- 
commodation or vergence ~ the seeing eye is totally 
dominant using only blur stimulus. 

Binocular Suppression of Focusing. Strong and 
unique disparity stimulus is present --+ accommodative 
sense of depth is suppressed (sharpness is unchanged). 
The situation will be unstable as soon as a new fixation 
is performed. 

7. 3. Integration 

Now that we have described the major cases of conflict 
between accommodation and vergence, we can inte- 
grate the two processes so that the outcome is robust. 
The following process integrates the two processes and 
decides which one should override the other and how: 

loop forever; 
d +- a quantitative value for depth from vergence; 
D +-- a spatial region suggested by 

binocular accommodation; 
if d unique then 

if d 6 D then 
perceived depth = d; 

else 
if d stable then 

perceived depth = d; 
else 

binocular rivalry 
else 

if Dleft ' ~  Dright  then 
perceived depth = dcomputed in depth of field. ; 

else 
binocular rivalry; 

end loop. 

In practice, as will be demonstrated in Section 9, the 
procedure is not directly applicable as it is described 
above. One would rather let blur and disparity be com- 
puted in several steps towards the assumed fixation 
point. The agreement of the processes for computa- 
tion of blur and disparity is then checked in several 
steps. The movement of the symmetric disparities that 
are confirmed by accommodation should persist until 
their convergence towards the center of the cyclopean 
representation or the divergence from it is established. 

8. Computing Depth of Field 
The dependency of disparity on blur can be summarized 
by saying that the disparity detection can be limited to 
the area in the image associated to the depth of field 
of the imaging system. Therefore, it is very important 
to know where this area for matching in the image is. 
In the small area defined by the depth of field, it is 
the disparity alone which is responsible for finding the 
correct correspondences. 

Figure 13 illustrates the geometry of the imaging 
system discussed in the remainder of this section. From 



128 Pahlavan, Uhlin and Eklundh 

Figure 13. 
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The geometry behind the computation of depth of field and its relation to the area in the image where the disparity is the only cue. 

the figure we have: 

t a n  ~ = 
Y b 

sin ot = - 
z - ~  z 

If ~ is small (which means that the paraxial approxi- 
mation is also valid): 

Also 

= b z - z (10) 
z 

= z -  (11) 

Equations (10) and (11) together yield: 

.V = b , { 1  

According to Horn (1986), the depth of field can be 
defined as: 

d lz '  - < q zt[ 

dlz  ' - < q (13) 

and according to the lens formula, we also have 

1 1 1 1 1 1 
- -  + - = - -  a n d  + - 
z' z f ~' ~ f 

These two equations together yield: 

1 1 
Z" f z 
Z t -  1 1 

f 

Applying this result to Eq. (13) gives: 

d ~ ~ ( f _ ~ ) < q ( f _ l )  

For z > z we will have: 

1 1 1 

(d + q) z < q--f + d-z 

( d + q ) ( ~ - ~ )  < q ( f - ~ ) = q ~  

In Eq. (12) 

F < b d q  + q  

and for z < ~ equivalently. Finally considering d >> q 

bq 
12 '1  < - -  

d 

That is, the area in which disparity is the only cue to 
a correct match, is restricted to bq/d  and therefore, it 
is only a function of the length of the baseline, the iris 
opening and the sensor resolution. 

9 .  E x p e r i m e n t s  

To illustrate the principles described above, we demon- 
strate the results from two sets of experiments on static 
targets. The static scene allows the reader to follow 
the sequence of images. In the first experiment, the 
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disparity patterns are clear and the object is chosen so 
that the blur contribution is not directly decisive. In the 
second experiment, the patterns are much more com- 
plicated and natural; there is a major risk for erroneous 
disparity detection. 

In Section 9.3, the dynamic case is demonstrated, 
where fixation is performed in real-time (25 Hz) and 
two stabilized image sequences are shown without ver- 
gence (to see the symmetries) and with vergence move- 
ment added; each sequence with different disparity 
detection methods. 

9.1. An Experiment with Clear Disparity Patterns 

We simulated the divergence movement from a point 
close to the head (104 cm) to a point on an object fur- 
ther away (185 cm). During the divergence movement 
best focus was kept on the point of fixation. Left and 
right images were acquired five times during this move- 
ment uniformly distributed in the range. Between each 
image pair normalized correlation was performed as 
a matching criterion. This was done in the symmet- 
ric manner described earlier and the highest peak was 
extracted. A sharpness criterion is associated to this 
correlation peak in each image; the sharpness criterion 
is the grey-level variance. It should be higher when an 
object is better focused. Tracking a potentially correct 
peak can be performed by applying the following rules 
in analyzing each image pair: 

s A correct peak should continuously and consistently 
move in the correlation image; towards the center 
in case the object is in front of the current point of 
fixation and towards the periphery otherwise. 

• If the peak is moving towards the center, the focus 
values associated with the peak should both increase 
(decrease if moving outwards). 

These rules are both qualitative and do not assume any 
knowledge about vergence angles or the length of the 
baseline. However, if we know both the vergence an- 
gles and the length of the baseline, we can also predict 
how the position, the peak and the sharpness would 
change. This proved to be unnecessary in this case. 

Figure 14 shows the result of the experiment. As 
seen in the figure, the first rule is violated between the 
first two image pairs. The last three pairs are how- 
ever consistent from this point of view. Between the 
third and fourth image pairs, the peak moves correctly 
towards the center. However, the sharpness criteria 

G ~  / / / ~  ,.~ Fixation distance 

./,~" ,t~Left focus value 

" .... Right focus value "~ 

,_~,.~2 . . . .  ~ ~ . I  i~" / ^Best match position 

Image number of the sequence 

Figure 14. The peak position is the position of the maximum corre- 
lation peak. A negative value on the peak position is associated with 
an object beyond the fixation point (positive in front). The value is 
half of the disparity. 

are inconsistent and contradictory; the second crite- 
rion is violated. Finally, the changes are consistent 
between the two last image pairs and the conclusion 
is then that this is a correctly detected peak and that 
the vergence procedure has succeeded. It is seen 
from figure 15 that this is indeed a correct conclu- 
sion. 

9.2. An Experiment with Direct Involvement 
of Blur Information 

In the previous experiment the maximum peak along a 
horizontal line was selected as a correct match. This 
search was performed without taking sharpness into 
account. The sharpness can however restrict the search 
limits drastically, using the following observation. A 
point in the left image moving away from the center 
should become more defocused and a point moving 
towards the center should become sharper (this should 
hold also for the right image except with the opposite 
relationship). 

This restriction is used to mask off the regions in 
the correlation image where the rule above is violated. 
The masking procedure is depicted in figure 16. The 
search is limited to the areas that are not masked. The 
masking is not applicable in the region defined by the 
depth of field. 

The first correlation image has no part masked since 
it is the result of the first image pair and therefore a 
change in the sharpness cannot be computed. In the 
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Figure 15. The left and right images from the last three divergence steps are shown together with their correlation image. The white lines in 
the left and right images are indicators for how successful matchings are and stand for the positions corresponding to the highest peak in the 
correlation image. The correlated areas in the images are depicted by the two parallel lines; the area inside the white lines is the correlation area. 
As the divergence movement proceeds, the portions of the white lines are gathered around the correct fixation area. 

following images, the previous mask is superimposed 
in order to incorporate earlier focus violations. In all 
but the last image the mask is only effective in the 
right half of  the correlation image, because the object 
is getting better focused. In the last image pair the 
best focus position is passed and the left half is also 
masked off. 

Since the system has no previous observation about 
the new data that appear in the lateral boundaries of  
the images, these areas cannot be masked off. The 
non-masked band in the leftmost part of the correlation 
image in the bottom, is due to this phenomenon. 

The sequence in figure 16 begins from the top and 
is completed at the time when the third pair of images 

(from top) are grabbed. The next step of  divergence 
(the image pair at the bottom) is the overshoot that 
confirms the validity of the fixation at the third im- 
age pair by detecting that the sharpness is decreased in 
the last image pair. This sequence demonstrates also 
the case when the disparity detection fails in the re- 
gion defined by depth of  field. The region left in the 
masked region in the left part of the correlation image 
in the bottom is caused by the sharp structure image 
due to the appearance of the object behind the leaves 
that suddenly pop up in the left image when the over- 
shoot is realized. Fixating at this background structure 
can be executed only by the left camera accommoda- 
tion. 
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Figure 16. The left, right and corresponding correlation images from the last four divergence steps are shown in a sequence from the top. The 
variance method is used here as a criterion for sharpness detection. 
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Figure 17. A sequence of dynamic tracking of a moving person in real-time. The movement is at a speed of about 50 degrees per second. 
Every fifth frame is depicted from top-left to bottom-right. In order to see the symmetries, the fusing vergence movements are disabled. 

9.3. Two Dynamic Experiments: Verging on Moving 
Objects 

In the vergence experiments shown previously the en- 
vironment was static. In order to perform the same 
experiment in a dynamic environment (i.e. fixate on a 
moving object) it is essential to maintain the symmetry 
during the vergence movement. That is done by a par- 
allel stabilizing process which compensates for asym- 
metric movements of the object with lateral saccades 
or pursuit movements. This can be seen in figure 17, 
where the symmetrical location of the face/neck pattern 
in the average image is maintained while the person is 
moving in front of the camera. 

The pursuing process is now totally independent of 
the vergence process, because the symmetry is not af- 
fected by the symmetric vergence movements. This 
shows that the vergence strategy described in this ar- 
ticle is functional, not only in a static but also in a 

dynamic environment. In fact, it seems as if it per- 
forms even better dynamically. This is because only 
the symmetry in the location of the tracked object is 
maintained in time, while false symmetries from the 
background, that even survive motion blur, will only 
occur spuriously. 

In order to make the symmetries visible, the motoric 
contribution of the vergence movements to the tracking 
sequence depicted in figure 17 has been removed from 
the control loop. 

In another set of dynamic experiments, we have 
added the vergence movement to the smooth pursuit. 
Once a target has been successfully verged on and the 
tracking process has locked onto this target we can ex- 
pect slow and small changes in the disparity in the cen- 
ter of the image, where the target is. Consequently the 
small change between frames in time makes it feasible 
to invoke a much simpler vergence algorithm in order 
to keep the disparity small. 
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Figure 18. Top-left to Bottom-right. Binocular Tracking cooperating with vergence driven by a phase based disparity detection algorithm; 
images from left and right are superimposed and every tenth image is shown. The procedure is run in real time 25 frames/s and the fixation is 
maintained on the video camera in the superimposed image. The movement is mainly towards the head-eye system so as to depict the effect of 
disparity better. 

To illustrate this, an experiment was performed using 
a phase-based disparity algorithm see e.g. (Sanger, 
1988; Jepson and Jenkin, 1989; Calway et al., 1992). 
The basic concept here is to apply a convolution with 
a complex filter (e.g. a Gabor filter) to the left and 
right images. The linear proportionality of the phase 
difference and the shift in the images can then be used 
as a disparity estimate. 

This algorithm can detect small disparities corre- 
sponding to depth changes that are comparable to 
the accelerations detectable by the tracking algorithm. 

This means that they can function together in parallel 
as to form a binocular tracking system, each process 
taking care of vergence and pursuit respectively. A 
tracking sequence resulting from this integration of  the 
pursuing process with this vergence algorithm is illus- 
trated in figure 18. The cameras are initially verged 
on the target and as the target starts moving towards 
the cameras they converge as to compensate for the 
emerging disparities. 

It should be noted here that this algorithm needs no 
calibration. What is needed is that the vertical disparity 



134 Pahlavan, Uhlin and Eklundh 

is known and that the relationship between pixel shift 
and angle change is approximately known, both of 
which are easily self calibrated. This fact is due to that 
the rotations of the cameras are performed around the 
projection centers and that the loop is closed with high 
frame rate. The details of the work on our implemen- 
tation of a phase-based algorithm can be found in Maki 
et al. (1993). Here we have directly added the imple- 
mentation to the set of our primary ocular processes. 

10. Summary and Conclusions 

Fixation is central to the human visual system; we 
are continuously fixating. Since we are looking at 
the world using monocular and binocular fixation, 
a machine vision system that interacts with the real 
world should also have both. Monocular and binocular 
fixations should be based on the same general schemes 
and representations. The fixation process itself cannot 
be static; it is needed precisely to handle the dynamism 
and varieties that are present in the visual world. Fix- 
ation is meaningful only if it is dynamic and we have 
shown that it is fully possible to implement systems ca- 
pable of dynamic fixation in real time and in interaction 
with real objects. 

These principles have been discussed in this article 
and we have shown how they can be implemented. In- 
spiration from the geometry and function of the human 
fixation mechanism has been our guide-line to applying 
the simple geometry of vergence. We have integrated 
monocular as well as binocular cues and processes with 
the goal of making a visual system that is capable of 
robust and reliable fixation. 

The paper introduces a novel approach to modelling 
and implementing vergence in isolation from saccadic 
movements, in a dynamic scenario. Furthermore, the 
work covers the problems of sharpness and blur com- 
putations along with their application to active vision. 
In the same context a novel approach to compute depth 
from defocus was presented. Each single algorithm and 
different integration scenarios were accounted for in a 
series of experiments, both under static and dynamic 
conditions. 

There are two future steps to take so as to accom- 
plish a fully functional autonomously fixating agent, 
apart from enhancing existing algorithms and integrat- 
ing new cues to the primary ocular architecture. The 
first step is to develop the work on the representa- 
tional issues. This step requires a stable perceptual 
representation that in implementational terms simply 

means stabilizing the input images so that a stable space 
is perceived. The second step is to analyze the behav- 
ioral engine of fixation--the attentive mechanism, i.e. 
the strategy behind why the fixation is shifted and how. 
There is not much progress to expect on saccadic move- 
ments unless this issue is at least partially addressed. 
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Notes 

1 . . . .  which is not claiming to be a complete model of human or 
primate oculo-motor system. 

2. It is e.g. from the kinematic and image stability points of view 
interesting to rotate the lenses about the optical center. From 
other points of view, it might be also interesting to have other 
rotational schemes. 

3. This is just a complementary example and not implemented. 
4. Note that we try to be careful in using "binocular" and "stereo" 

here. In nature, having two eyes does not correspond to having 
stereo vision. 

5. Note that the location is symmetric not the pattern. 
6. Of course, this is true only if the two eyes are equally dominant. 

Otherwise, the angles follow the same proportionality as the 
dominance. 

7. The classical experiments in physiology are cross references 
from Carpenter (1988) and Yarbus (1967). 

8. This is not true in the case of primates. We have already men- 
tioned that even pupil size is involved as a parameter in this con- 
text. The major task of the iris, however, seems to be regulation 
of the amount of light falling into the eyes. 

9. In practice it is not so difficult to make our eyes do this kind of 
mistake. 

10. See for example the many experiments on stereograms and fusion 
described in Julesz (1971). 
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