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Abstract 
This paper proposes a model that investigates a new 

avenue for attention control based o n  dynamic scenes. 
W e  have derived a computational model t o  detect abrupt 
changes and have examined how the most prominent change 
can be determined. W i t h  such a model, we explore the possi- 
bility of a n  attentional mechanism, in part guided b y  abrupt 
changes, f o r  gaze control. 

The  computational model is derived f rom the difference 
of Gaussian (DOG) model and it examines the change in  
the response of the D O G  operator ouer t ime to  determine 
if changes have occurred. O n  and off-DOG operators are 
used to  detect “on” and “off” events respectively. The re- 
sponse of these operators is examined over various tempo- 
ral window sizes so that changes at different rates can be 
found.  The most  salient “on” and “off” events are deter- 
mined f rom the corresponding winner-take-all (WTA) net- 
work. The model has been tested with image sequences 
which have changes caused by brightness or motion and the 
results are satisfactory. 

1 Introduction 
As solving computer vision problems always involve a 

huge amount of computation, an attentional mechanism is 
necessary in any computer vision systems that hope to have 
real-time performance [8]. Recently, Yantis and several co- 
authors revealed from some psychological experiments that 
the abrupt appearance of an object in the visual field draws 
visual attention, e.g., [ll], [12], [13], [14], [15]. Inspired by 
this novel idea of attentional capture, we derive a compu- 
tational model to find abrupt changes from a sequence of 
images. The output of such a model will be useful for a vi- 
sion system in which attention is guided by abrupt changes. 

2 The DOG model 
In order to find changes in a sequence of images, we 

consider the response of applying a difference of Gaussian 
(DOG) operator to the raw image. This is to allow our com- 
putational model to have as much biological resemblance as 
possible, and to reduce the effect of noise. The DOG model 
is composed of the difference of two impulse response func- 
tions that model the centre and surround mechanisms of 
retinal cells. Mathematically, the DOG operator is defined 

where G is a two-dimensional Gaussian operator at 2: 
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Parameters U, and as are standard deviations for cen- 
tre and surround Gaussian functions respectively. These 
Gaussian functions are weighted by integrated sensitivities 
ac (for the centre) and as (for the surround). A detailed 
analysis of how the shape of the DOG operator is affected 
by varying the ratio 2 and is given in [3]. The re- 
sponse, R(?, t ) ,  of the DOG filter to an input signal s(?, t )  
at 2 during time t is given by: 

DOG(G)s(Z - G, t ) d ~ d y  (2) J L,<m R(Z, t )  = 

where the convolution is applied over a circular region cen- 
tred at Z (i.e., It731 denotes the distance from Z, the centre 
of the operator). 

3 Extending the DOG operator to 
detect changes 

The receptive field’ in human retinal cells is subdivided 
into the centre and surround regions, and is classified to 
be on centre or off centre. The common feature of the two 
types of receptive fields is that the centre and surround 
regions are antagonistic. Therefore, if the regions are simu- 
lated simultaneously, they cancel each other’s contribution. 
The DOG operator introduced in Section 2 uses simple lin- 
ear differences to model this centre-surround interaction, 
and the response R(d,  t )  is analogous to a measure of con- 
trast of events happening between centre and surround re- 
gions of the operator. When ac < gs, the centre of the op- 
erator has a positive contribution while the surround has a 
negative contribution. This type of DOG operator responds 
well when an event is at its centre region. This behaviour is 
similar to the excitation of on receptive fields in the retina 
when the stimulus is in the central region of the receptive 
field. Therefore, this type of operator is termed the on- 
DOG operator. Conversely, when uc > us, the signs of the 
contribution of the centre and the surround are reversed. 
This type of DOG operator responds well when events are 
at its surround region. This is similar to the situation that 
off centre receptive fields in the retina fire a response when 
the stimulus is at its surround region. As a result, it  will be 

‘The receptive field is an area on the retina in which stim- 
ulation of that mea influences the firing rate of the associated 
neuron. 
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termed the off-DOG operator. We will denote the response 
from on and off-DOG operators at location Z and time t 
by N ( Z , t )  and F ( Z , t )  respectively. In order to decide if 
there are any changes happening at location Z ,  we would 
have to look at how functions N ( Z ,  t )  and F ( Z ,  t )  change 
over the current temporal window. We will first develop 
a model that detects changes over two consecutive images 
(i.e. a temporal window of size two). 

3.1 Detecting “on” events 
Define an “on” event as the situation in which the pixel 

intensity at the centre region increases. This may be caused 
by an increase of illumination or the appearance of objects 
in some previously blank positions. With an “on” event at 
location Z,  the response, as denoted by the function N ( Z ,  t ) ,  
should increase over time. Typically, in order to reduce the 
effect of noise and to ensure that the change is significant, 
we require the rate of increase to exceed a certain threshold, 
say, 81. This rate can be measured by the temporal deriva- 
tive, %, of the function N .  With a temporal window of size 
two, % can be approximated by taking the first difference 
of response from two successive image frames. Therefore, 
the condition 

a N  dt M A N  = N ( Z ,  t )  - N ( Z ,  t - 1) 2 81 (3) 

IN(Z,t ) l  2 0 2  (4) 

has to be satisfied. We also require that 

to ensure the contrast between the centre and the surround 
is large enough to indicate that there is something interest- 
ing (e.g., an object) under the spatial extent of the operator. 

However, even though Equations (3) and (4) are sat- 
isfied, it  is not sufficient to make certain that there is an 
“on” event at the centre region. An increase in the function 
N ( Z , t )  may be caused by a reduced intensity level at the 
surround region while the intensity at the centre region re- 
mains unchanged. Therefore, to assure that there is change 
at the centre, we have one more condition: 

where iV,(Z, t i  is the response from the centre region of the 
operator only . 
3.2 Detecting “off” events 

“Off” events are defined to be events in which the inten- 
sity at the centre region decreases. This may be caused by a 
decrease of illumination or objects disappearing from some 
previously occupied positions. Under these circumstances, 
the function F(Z,  t )  increases over time. With similar rea- 
soning as in looking for “on” events, we require 

(6) 
d F  
- M A F  = F ( Z , t )  - F ( Z , t  - 1) 2 e4 at 

Again, $$ is the temporal derivative of the function F and 
it is approximated by first difference. To ensure that the 
change in response is because of a change in the centre 
region, we require 

’The response at the centre can be computed by N,(Z,t) = 
J JdEcentre ~ O G ( ~ b ( ~  - .w’)dZdY 

with Fc(Z, t] being the measure of response from the centre 
region only . But different from the case of finding “on” 
events, we do not have a condition for minimum contrast 
between the two regions. The reason for this will be dis- 
cussed in Section 7. 

4 Competition among scales 
In order to find events of different scales, on and off-DOG 

operators of various scales are used. A decision process, 
which is performed by initiating a winner-take-all (WTA) 
process for each type of event, is to pick the location and 
scale of the most salient “on7’ and “off” events. Units in 
each WTA network represent the response from all loca- 
tions and spatial scales of the corresponding event. A win- 
ner is determined from each WTA network using the updat- 
ing rule described by Tsotsas [lo]. This WTA updating rule 
is an enhanced version from the Koch and Ullman scheme 
[5], and has been proven to converge quickly [l], [6], [9]. 
But before the WTA processes are initiated, the response 
from different operator sizes are normalized. A normaliza- 
tion process is necessary because an operator of a larger 
scale may have a greater response over one with a smaller 
scale simply because of an increase in area. Therefore, a 
mechanism has to be found to take a balance between the 
difference in size and response. 

The normalization function we use in our model is the 
one suggested by Culhane and Tsotsos [2]. Culhane and 
Tsotsos originally suggest a normalization function to se- 
lect receptive fields (RF) among different sizes. Their nor- 
malization function is a function of the area of the RF, 
which is measured by the number of pixels in the RF. Such 
a function can be used by our model because the area over 
which a DOG operator is applied can be treated as an RF. 
Therefore, in choosing the operator of appropriate scale, 
it  is analogous to choosing a winning RF among all pos- 
sible sizes. In our model, we can express the area of RF 
in terms of the radius of the operator, since a DOG op- 
erator of radius r is approximated by a template of size 
(2r + 1) x ( 2 ~  + 1) 4 .  Therefore, the normalization function 
we use can be expressed as a function of E 

The parameter p will affect the asymptote of the function, 
while ,8 will affect the steepness of the first part of the func- 
tion. Empirically, setting p = 10 and p = 1.3 (as suggested 
by Culhane [l]) seems to yield satisfactory results for our 
experiments. 

5 Extending the temporal window 
When the temporal window is expended to a size T 

(T > 2), our model would be looking for changes that oc- 
cur at different rates. The change of functions N ( Z ,  t )  and 
F ( Z ,  t )  over the T frames has to be monotonic increasing 
and the magnitude of the overall change (when compared 
between the first and the last image frame) has to be sig- 
nificant. The ideal situation would be that the T sampled 

3Fc(Z, t )  can be computed from the equation 
DOG(G)S(Z- G ) d ~ d y .  S SGEcentre 

41n this expression, r = mu where Q = max(cc,os) and m 
is the numberbf standard deviations for the cutoff for Equation 
(1). The number 1 is added to make the centre of the operator 
fall on a pixel instead of between pixels. 
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responses all fall onto a straight line with a slope that satis- 
fies the minimum change requirement. However, this ideal 
case is rarely satisfied due to noise. Instead, we must look 
at the change in response over time to see if it can be ap- 
proximated by a straight line. For a particular location ?, 
this straight line will be joining the response at time t and 
t - (T - 1). Empirically, all responses in between should 
be within a distance of 0.2191 (for “on” events) or 0.284 (for 
“off” events) from this line to give a monotonic increasing 
response. The algorithm to detect “on” and “off” events 
for a general temporal window size (T 2 2) is given in 
Algorithm 1 (Figure 1). 

6 Determining parameter values 
The main parameters for the DOG operator are U,, us, 

C Y ,  and a,. As Fleet[3] pointed out, it is sufficient to con- 
sider the ratio % and %. By keeping the ratio % fixed 
and varying U, (when (T, > U,) ,  the peak spatial frequency 
that the operator can detect is shifted. Moreover, the ac- 
tual size of U, should be set according to  the size of object 
or spatial frequencies that the system is required to discern. 
Therefore, for the on-DOG operators, our model will look 
at a series of operators with 2 fixed at IC, with h > 1, while 
U, varies. For off-DOG operators, the value of U,  will vary 
while the ratio 2 will be 

The parameters C Y ,  and C Y ,  affect the sensitivity of the 
operator. We want to choose a, and as such that the re- 
sponse of the operator will be low when it is applied to a 
region with uniform intensity (i.e., no contrast between the 
centre and the surround). That is, when the operator is 
applied across a region with constant intensity I, we want 

This requires aC and c y s  to satisfy the relation 

(since cs < c,). 

R(Z, t )  = Ad,<M(~cG(w‘; U,) - oSG(w’; ~ , ) ) I d z d y  = 0 

(9) 
C Y ,  - = I  
CYS 

This relation implies that the function DOG(?) will inte- 
grate to zero, and this further implies that the operator 
cannot be of one sign. Therefore, this relation also assures 
that the on-DOG operator has positive values at the centre 
and negative values at the surround, and vice verse for the 
off-DOG operator. 

7 Determining threshold values 
As the Gaussian function (Equation (1)) falls off quickly 

with the increase of magnitude of its input parameter, it  
is sufficient to apply the convolution in Equation (2) over 
2u’ = Z - i?, where Z’ is within a distance of m u  from Z. 
Therefore, we compute R ( Z ,  t )  as 

When the operator is applied to some ideal image with con- 
stant intensity I ,  across the centre and constant intensity 
I ,  for the surround, the response R(Z, t )  can be written as 
a sum of two products. That is, 

R(Z, t )  = hdlSmm DOG(G)s(Z - w’, t )dzdy  

R(f,t) = .J’s DUG(w’)dxdy 
d e c e n t r e  

DOG(?u’)dzdy (10) 

in which the double integral can be computed independent 
of the pixel values. The centre region of the on-DOG oper- 
ator refers to the part of the operator where DOG(6) > 0 

+ IS S L e s u r r o u n d  

Define ImageResolution to be the set of pixels composing the 
image (i.e. the size of the image). Scale S represents a pair 
of values for 0, and os. For an on-DOG operator of scale S, 
oc = S while os = kS (k > 1). For an off-DOG operator of scale 
S, os = S and oc = kS. Let R N ( Z , S )  and R F ( Z , S )  be the 
response in detecting “on” events and “off” events respectively at 
location 2 (with respect to pixel intensity values) with operator 
scale S. Let T be the maximum temporal window size being 
considered. 

1. 

2. 
3. 
4. 

5. 

6. 

7. 

8. 

9. 
10. 
11. 

12. 

13. 

14. 

For all possible temporal window size T‘, 2 5 T’ 5 T ,  do 
step 2 to step 1 2  for all possible subsequences of T consec- 
utive images. 
For each pixel Z E ImageResolution, do step 3 to step 9. 
For each scale S, do step 4 to step 9. 
Compute N(?, t’), F ( 2 ,  t’), NC($ t’), Fc(Z, t’) for t - (T’ - 
Compute A N  = N(Z , t ) -N(Z , t - (2”-1 ) ) ,  A F  = F ( l , t ) -  

AF,  = F,(Z,t) - F,(Z,t - (7”- 1) ) .  
Check if the functions N ( Z ,  t )  and F(Z,  t )  are monotonic 
increasing, and if N ( Z ,  t’) and F(Z ,  t’) are of a reasonable 
fit to a straight line. That is, N(Z,  t’) and F(Z,  t )  can be 
approximated by a straight line with maximum error 0.201 
and 0.284 respectively. 
If N(?, t )  satisfies step 6 and AN 2 81, IN(Z,t)l 2 8 2 ,  
A N ,  2 03,  then something goes on at 2 

else 

If F ( Z , t )  satisfies step 6 and A F  2 64, AFc 2 05, then 
something goes off at I 

else 

Return to step 4 if have not computed all scales. 
Normailze response from all scales using Equation (8). 
Two WTA networks, one for “on” events and the other for 
“off” events, are initiated to find the location and scale of 
the most salient “on” and “off” events. 
Return to step 2 if have not worked on all necessary tem- 
poral window sizes. 
Pick the final winner for on and off-DOG operators by run- 
ning WTA over the winner for each temporal window. 
Return to step 1 for the next set of images. 

1) 5 t’ 5 t. 

F(Z ,  t - (T’ - I)), A N ,  = iVc(Z, t )  - NC(Z, t - (T’ - l)), 

Set R N ( Z , S )  = A N ;  

Set ‘ R N ( Z , S )  = 0 

Set RF (3, S) = A F ;  

Set Rp(Z,S)  = 0 

Figure 1: Algorithm 1 - Algorithm for a general temporal 
window size T (T 2 2) 

and the surround region is the part where DOG(2o’) < 0. 
For off-DOG operators, the signs of the inequalities are re- 
versed. By separating the operator into two regions and 
assuming uniform intensity for each of them, we will be 
able to  find a close form for the maximum possible con- 
trast, which is also the maximum response, for both types 

8 3 ,  84 and 0,) to a certain percentage of the maximum re- 
sponse seems to yield a good decision criterion for choosing 
the appropriate values. 

7.1 Determining thresholds for the 

For on-DOG operators, the set of pixels Z’ that belongs 
to the centre region of the on-DOG operator are those that 

of operators. Empirically, setting the thresholds (01, 02,  

on-DOG operator 
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satisfy the relation 

IZUI < us Jv 
Therefore, any pixels that are within a distance of won from 
the centre pixel Z falls into the centre region of the operator 
and other pixels will fall into the surround region. In terms 
of won, Equation (10) becomes 

R(Z, t )  = IC / l G l < w n  DOG(G)dzdy 

DOG(w')dxdy 
+ 1s J J,.<lGlsmn 

We can derive a close form for the two double intergals in 
the above equation in terms of zn: 

s slGl<wn DOG(G)dXdY = 
+ E 2  

- a c ( e -  - 1) + a s ( e -  2 - 1) = snc 

The value of R(Z, t )  will be maximum for an on-DOG oper- 
ator when the centre has uniform maximum intensity I,,, 
and the surround has minimum intensity Imin.  These max- 
imum and minimum values can be found by looking at a 
histogram formed by intensity values of pixels from current 
images. Therefore, the maximum response RZ""" for an on- 
DOG operator is 

With the value of Rr"" computed, values of thresholds 01, 
02 and 03 are set to 

01 = IpiRPasl, 02 = I P ~ R ~ ~ ~ I ,  03 = 1 ~ 3 0 1 1  
where p i ,  p2 and p3 are values between 0 and 1. Note that 
since snc and sns are independent of uc and us, 81, 6'2 and 
03 are the same for all spatial scales. Empirically, the values 
of p i ,  p z  and p3 are set to 0.1, 0.15 and 0.2 respectively. 

7.2 Determining thresholds for the 

The set of pixels, Z', that fall into the centre region of 

RE""" = ~ n c I m a x  + snslmin 

off-DOG operator 

the off-DOG operator has to satisfy the relation 

Let 

Z J  = 11- and wf = U ~ Z J  
v '" - 

Any pixels that are within a distance of wf from the centre 
of the operator fall into the centre region. Otherwise, they 
belong to the surround. And in terms of zf, we evaluate s &,<', DOG(w')dXdY = 

-5 ( k  

- a c ( e  2 - 1) + as(e-+ - 1) = s j c  

The maximum response, RT"", of the off-DOG operator 

is achieved when the centre has minimum intensity I,,, 
and the surround has maximum intensity I,,,. So, 

and we set 

where p 4 ,  and p5 are values between 0 and 1. Once again 
04 and 05 are independent of scale, uc and us. 

As opposed to detecting "on" events, we do not require a 
contrast between the centre and the surround when detect- 
ing ('of"' events. When some object moves away from its 
original position (with the object centred at Z), the region 
with Z as the centre under the current image is the back- 
ground. Therefore, there is no need to  require a contrast 
at the current frame for some region to be regarded as with 
an ccoff" event ' .  

RTax = S JcImin SfsImax 

04 = lp4RyaxI, 05 = I p 5 R y I  

8 Integration with an attentional 
model 

The computational model described above can be used 
to  direct attention to abrupt changes for eye-head move- 
ment control. The vision system will acquire T images 
(where T is the maximum temporal window size), and use 
Algorithm 1 to find locations where ccon" and "off" events 
have occurred. The output from Algorithm 1 is treated as a 
saliency measure for the input level of the processing hierar- 
chy in Tsotsos' inhibitory attentional beam model [9]. The 
most conspicuous "on" and "off" events will compete with 
other attention attracting image events (e.g., events that 
deserve attention according to some task-driven guidance) 
and a higher order decision process is assumed to decide 
which event deserves attention. If necessary, the robot will 
move to fixate centre on the selected area for attention. 
The appropriate area will be inhibited after this shift of at- 
tention, and the input to the lowest level of the hierarchy 
that directs attention according to abrupt changes will be 
refreshed. The reason that the input has to be refreshed in 
our model is because we are interested in abrupt changes. 
Therefore, changes that have occurred over a certain period 
of time will lose their priority for attention. Furthermore, 
when the attention model is directing the motion of a robot 
head, we have to acquire a new set of images every time the 
head has moved. 

One aspect for an attention model that we have not ad- 
dressed is the issue of inhibition of return [7]. It was found 
from psychological experiments that there is a temporary 
inhibition after attention shifts away from a position. How- 
ever, there have been no experiments to study how recep- 
tive fields are inhibited when attention is guided by abrupt 
changes. More experiments in the psychology area to study 
how this inhibition is achieved in the human visual system 
due to abrupt changes may help to suggest a way to deal 
with this problem in our model. Nevertheless, the proposed 
model contributes towards forming an attentional model in 
which attention can be guided by various aspects, including 
abrupt changes. 

9 Implementation results 
The computational model, as described by Algorithm 

1 (Figure l), has been implemented in software on Sili- 

5We do not need to consider the contrast on the previous 
frame in order to classify there is an "off" event. The reason is 
because an "off" event may occur at a location which is a bright 
uniform background in the previous frame. 
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Frame 1 Frame 2 

luminance of the left most block; the winning “off” event is the decrease in luminance of the cylinder in the centre. 

Figure 3: Example of several blocks moving among other stationary blocks: The most prominent “on” event is a t  the new 
position of the rectangular block at the upper right; the winning “off event is at the old position of the cylindrical block. 

con Graphics 4D/380 VGX. The WTA updating process 
is implemented as a simple sequential search because of 
hardware limitations. Simulations are to run on sequences 
of digitized 128 x 128 images in which changes are caused 
by brightness and motion. In the present implementation, 
each sequence of images is acquired in advance through a 
stationary monochrome CCD camera. The parameters of 
the model are set to mc = as = 2, k = 2.5 and m = 2 .  
The actual size of operators used may vary between ex- 
periments. The thresholds &, &, &, 8 4  and 0 5  are set as 
described in Section 7. The parameters we used for the nor- 
malization function (Equation (8)) are p = 10 and ,B = 1.03. 

When the lighting condition in a visual scene changes, 
an “on” event will refer to a case where the amount of light 
falling on an object increases. On the other hand, an “off” 
event refers to a case where the amount of light falling on an 
object decreases. Figure 2 shows the result from a sequence 
of images in which a spotlight moves from the cylinder in 
the centre (an “off” event) to the block on its left (an “on” 
event). Six different scales for each type of operator are 
used to detect “on” and “off” events in this sequence under 
a temporal window of size two. The sizes of these opera- 

tors are choscn by an intuitivc approximation of the scale of 
events. T h e  serond and third rows in Figure 2 show which 
pixels are marked as candidates for “on” and “off” events 
respectively. The grey level of each pixel shows the mag- 
nitude of change measured at that point. The brighter the 
pixel, the greater the magnitude of change. Pixels a t  which 
no changes have been detected are indicated by intensity 
value 0 (black). From left to right, each column shows the 
magnitude of change as measured by operators of increasing 
scale. Blue circles indicate the winning area when detecting 
“on” and “off events using operators of a particular scale. 
Red and yellow circles indicate the scale, as well as the 
location, of the operator that gives the most salient “on” 
and “off” event respectively. In the last row, the areas for 
most conspicuous “on” and “off events are superimposed 
in Frame 2 of the original image. From this example, we 
can see that the magnit,ude of change as measiired hy op- 
erators decreases when the operator size increases beyond 
the scale of the event. Note that the scales for the winning 
“on’’ event and the winning ‘‘off’’ event are not necessarily 
the same. Therefore, this example shows that besides de- 
tecting the change of brightness of objects, the model can 
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also detect events with the appropriate scale. 
Figure 3 is an example in which changes are caused by 

motions of objects. The representation used for displaying 
the results is the same as in Figure 2 and we also use a 
temporal window of size two. By assuming that objects 
have pixel intensity values greater than the background, 
locations where objects have moved to will be regarded as 
“on” events. Previous positions of objects are indicated 
by “off” events. Note that if this assumption is violated, 
events that register the old and new positions of objects 
may be reversed. We further assume that there is some 
mechanism outside the model to decide if the new position 
of an object is the “on” or “off” event. 

There are four different events happening in Figure 3. 
First, the triangular block at the upper left of Frame 1 
disappears in Frame 2. Second, there is a small rectangular 
block on the left moving towards the centre. Third, the 
rectangular block moves from the centre to the upper right. 
Fourth, the cylindrical block from the lower right moves 
towards the centre. The “on” events for this example are, 
therefore, the moving of the two rectangular blocks and the 
cylindrical block to their new positions. The “off” events 
are the disappearance of the triangular block and the three 
blocks moving away from their original positions. Note that 
not all pixels at the new position of the cylindrical block are 
classified as having an “on” event. The new position of the 
cylindrical block partly overlaps with the former position 
of the rectangular block. Since the intensity levels of the 
two objects are roughly the same, there is no change in 
response a t  the overlap part. The same effect is observed 
when detecting “off” events. We can also observe from this 
example that different events are chosen as winner from 
operators of different sizes. 

Simulations using a temporal window other than 2 were 
also tried with the expected results. For example, suppose 
the luminance of blocks is decreased gradually and events 
are detected over a longer time course instead of a shorter 
one. As the amount of light is decreased continuously for 
the whole scene, we can expect that there will be “off” 
events only. 

10 Discussion 
We have derived a computational model that can detect 

abrupt changes such that it can be used in the early stages 
of processing in a vision system. In particular, its output 
can be used by an attentional model as a source of informa- 
tion to direct attention according to changes in an image 
sequence. The model we introduce operates on raw pixel 
intensities, and continuously refreshes its input in order to 
find the most recent change in the environment. However, 
the model has a number of assumptions and limitations. 
First of all, we take for granted that there is perfect regis- 
tration from the device through which images are obtained 
and every change is caused by the change in the intensity 
value of a happening event. Second, we assume that all 
kinds of changes, including changes caused by shadows, are 
equally worthy of attention as other changes with respect 
to objects. If the effect of shadow is undesirable, some 
colour processing should be applied to filter out shadows 
[4]. Thirdly, the correspondence problem is not being ad- 
dressed by the model. There is no mechanism to identify 
the changes on the same object at different times. Fourthly, 
there is no top-down component in our model in its most 

original form. 
In spite of its limitations, our computational model has 

several significant contributions. It investigates a new av- 
enue that directs the attention of a machine vision system 
with respect to abrupt changes. It is one of the few models 
that directs attention based on dynamic scenes. Further- 
more, the model can detect changes in a purely bottom-up 
fashion and does not require prior knowledge of the scene. 
There is also no restriction on object types on which the 
model can work. Specifically, the computation model can 
be used to compute one of the inputs at the bottom layer of 
the processing hierarchy in Tsotsos’ inhibitory attentional 
beam model, and forms one of the many pipelines that com- 
petes for attention. The work here also suggests a mech- 
anism in which tracking can be done by a simple means. 
In terms of tracking, this model especially has the advan- 
tage that it is not restricted to work on motion only. With 
the input signal s(Z, t )  representing different features, the 
model can be used to find changes in a visual scene with 
respect to different features without alteration. 
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