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Abstract 

Here we show that a notion of congruence in statistical 
structure across 2 0  frequency bands produces a useful def- 
inition of visual patterns for perceiving target distinctness. 
In  order to reach such a conclusion, ,firstly, the notion of 
congruence is used to induce a representational model for 
2 0  images. Secondly, the visual-pattern based represen- 
tational model is used to define a visual target distinctness 
metric that involves applying a simple decision rule over the 
distances between the visual patterns. Finally, a relation is 
established between the computational distinctness metric 
and psychophysical target distinctness estimates. 

1. Introduction 

Often implicit in the interpretation of visual search tasks 
is the assumption that the detection of targets is determined 
by the feature-coding properties of low-level visual process- 
ing [ 111. Instead of assuming that perceived shapes are sim- 
ple or statistical structure at a particular scale, we think it 
more appropriate to regard them as “visual pattems”, distin- 
guished at an object level. The “visual patterns” are simply 
defined as features which have the highest degree of congru- 
ence in statistical structure across different frequency bands. 

Fig. 1 illustrates an example of the decomposition of a 
complex image containing a single military vehicle into its 
“visual patterns”. 

Firstly, the segregation of the clumps of energy in the 
amplitude spectrum induces the selection of a subset of acti- 
vated filters (which are selectively sensitive to them) from a 
filter bank of logGabor functions centered at 12 orientations 
and 5 ranges. Due to conjugate symmetry, the filter design 
is only carried out on half the 2D frequency plane. Second- 
ly, for any two activated filters, noted as & and q5j, their 
responses are compared based on the distance (a p-norm) 
between their statistical structure, computed over those pix- 
els which form “fixation points” of the filters (local energy 
peaks on the filtered response). 

Next, clustering on the basis of the distance between the 

filtered responses is performed in the set of activated filters, 
noted as Active, to highlight scale invariance of responses. 
As shown in the box entitled “Natural Clusters”, the set of 
activated filters is then clustered into two natural groupings. 
Finally, for each grouping of activated filters, their filtered 
responses are summed for the automatic learned partition- 
ing of the “visual patterns”. 

This paper analyzes whether this notion of congruence in 
statistical structure across frequency bands may be a useful 
definition of visual pattern for perceiving object distinct- 
ness. To this aim, the notion of congruence (Section 2)  is 
firstly used to induce a representational model in which the 
image is decomposed into its visual patterns (Section 3). 
Fig. 2, shows several examples of the decomposition of im- 
ages of a military vehicle (target) in a complex rural back- 
ground. 

The visual-pattern based representational model will be 
then used to define a distinctness measure between two 
images that involves applying a simple decision rule over 
the distances between their visual patterns. The distinct- 
ness metric will predict the target distinctness by the dif- 
ference between the signal from the target-and-background 
scene and the signal from the background-with-no-target. A 
schematic overview of the metric is shown in Fig. 3. Sever- 
al experiments are then performed to investigate the relation 
between this computational distinctness metric and the vi- 
sual target distinctness measured by human observers (Sec- 
tion 4). Finally, a relation is established between the com- 
putational and the psychophysical target distinctness esti- 
mates. 

2. The notion of ”Visual Pattern” 

A bank of filters should be employed to firstly decom- 
pose the original image into its most significant components 
(see Fig. 1). Here we consider a bank of logGabor filters 
which follows the description of visual spatial pattern ana- 
lysis documented in [3, 41. LogGabor functions are adopt- 
ed as an appropriate method to construct filters of arbitrary 
bandwidth. 

Let $i be a logGabor filter that can be represented as 
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Figure 1. A general diagram describing the 
image representational model. 

a Gaussian in the spatial frequency domain around some 
central frequency (ri, 6i ) ,  where 6i is the orientation angle 
of the filter, and ri is its central radial frequency: 

$i(r,6) = e z p  { - log2 ?l Ti } ezp  { --L} (0 - Oi) (1) 210g2 2 20ii 

with and oTi being the angular and radial sigma of the 
Gaussian around (ri, 6i ) ,  respectively. The bank of the fil- 
ters should be designed so that it tiles the frequency plane 
uniformly (the transfer function must be a perfect bandpass 
function): The spatial frequency plane is divided into 12 d- 
ifferent orientations, the radial axis is divided into 5 equal 
octave bands. In a band of width 1 octave, spatial frequency 
increases with a factor 2. The highest frequency filter (for 
each direction) is positioned near the Nyquist frequency to 
avoid ringing and noise. The wavelength of the five filters 
in each direction is set at 3,6,12,24,  and 48 pixels, respec- 
tively. The radial bandwidth is chosen as 1.2 octaves and 
the angular bandwidth is chosen as 15 degrees. 

In order to decompose the image into its most significant 
components, strongly responding filters should be selected 
for the input image. Let Active be the set of filters in the 
bank that strongly respond to the spatial information con- 
tent in the original image. They are units such that their 
amplitude spectrum and some clump of energy in the im- 
age amplitude spectrum overlap to some extent (see Fig. 1). 
[SI suggests a simple analysis for identifying this subset of 
activated filters from the filter bank. 

Given a decomposition of the original image in its most 
significant components, only a further element is needed to 
define the concept of “visual pattem”: a distance measure 
between the statistical structure at different orientations and 
scales. 

Let Distance($,, $ J )  be a distance between the statis- 
tical structure of the filtered responses for 4, and $ j ,  com- 
puted over those pixels which form “fixation points” of the 
filters. For each activated filter, pixels whereupon the fo- 
cus of attention should be shifted to measure visual dis- 
tinctness, and which can therefore be regarded as interest 
or “fixation” points, are computed as local energy peaks on 
the corresponding filtered output of the original image [7]. 
In [8], Distance is given as a ,&norm between the statisti- 
cal structure at fixation points. 

Given the metric Distance($,, &), a “visual pattern” 
is simply defined as congruence in statistical structure, as 
measured by Distance($,, &), across a range of 2 0  spa- 
tial frequency bands. 

The individual filters spanning this particular range of 
bands will determine a natural cluster of units, noted as Cn, 
in the set of activated logGabors Active. By taking into 
account the statistical congruence across this range of fre- 
quency bands, a pair of filters 4% and d j  will belong to the 
same natural cluster C, if there exists certamly continuity 
(i.e., there exists similarity in some statistics at the same 
spatial locations) across the filtered responses for an inter- 
mediate sequence of filters, between $% and q$, in C,. 

Therefore the definition of “visual pattern” induces 
a partition in Active into a number of natural clusters 
C1, C2, . . . , CN such that: 

N 

Active = U Cn , and Cp n C, = 0, ( 2 )  
n=l 

with p # q, p ,  q = 1 , 2 , .  . . , N where, for each C,, a pair 
of filters $i, $j E Cn if there exists a sequence of filters 

&, . . . , &, in C, such that 

Distance(&, $nl) 5 E, 

Distance($,, , $j) 5 E, 

Distance($,, , $nk+l) 5 E, , k = 1 , 2 , .  . . , I  - 1 
(3) 

denotes the degree of statistical congruence be- where 
tween a pair of filters in Cn and verifies that: 
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$ p  E C,, $q E Active - Cn 

scribed in [8]. 
The clustering of activated filters is performed as de- 

Visual Potterns 

Figure 2. Decomposition performed on seve- 
ral images of a military vehicle (target) in a 
complex rural background. The original tar- 
get images and their corresponding visual 
patterns. 

3. Visual-Pattern based Image Representation 

Given an input image t(z,y), let Cn = {$nj}, n = 
1,2,  . . . , N ,  be the N natural clusters in Active, such that 
Active = U,=1 C,. 

Let t ,  represent the visual pattern segregated on the in- 
put image t ( z ,  y) by pooling the responses of filters in the 
natural cluster C, = { dnj  }: 

N 

tn = I C Anj I ( 5 )  
j 

where Anj denotes the original image t ( x , y )  filtered 
through the logGabor $nj in C, and passed through a non- 
linearity of the form: 

1 - exp{ - z ~ }  
1 + exp{ -ZT} 

t a n h ( z , ~ )  = 

where T is a gain term [5].  This nonlinearity enables the 
system to respond to local contrast over several log units of 
illumination changes. 

Therefore tl , t2, . . . , tN represent a decomposition of 
the original image t into the set of its most significant vi- 
sual pattems. 

Fig. 2, shows the decomposition performed on sever- 
al images of a military vehicle (target) in a complex rural 
background. The original target images and their corre- 
sponding visual pattems, as derived by the proposed model, 
are illustrated in this figure. 

4. Predicting visual target distinctness 

Rohaly [9] recently showed that image discrimination 
models, that quantify the visibility of the differences be- 
tween a pair of images, can predict the visual distinctness 
of objects in natural backgrounds. The experiment reported 
in this section is performed to test if a computational metric 
that applies a simple decision rule to the distances between 
segregated visual pattems, also predicts visual target dis- 
tinctness perceived by human observers. 

The approach is as follows. First, a psychophysical ex- 
periment is performed in which observers estimate the visu- 
al distinctness of the target in each of 44 different test scenes 
(Section 4.2). Then, a computational metric is applied to 
quantify the visual distinctness of the targets in each one of 
two different datasets (Section 4.3). Finally, a relation is 
established between the computational and psychophysical 
target distinctness estimates (Section 4.4). 

4.1. Images 

The images used in the computational experiments are 
scenes representing a military vehicle in a complex rural 
background. Images are subsampled to 256 x 256 pixels. 
For each scene t ,  containing a target (vehicle), a correspond- 
ing empty scene e was created. The empty scene is every- 
where equal to the target scene, except at the location of the 
target, where the target support is filled with the local back- 
ground. The visibility of the targets varies throughout the 
entire stimulus set. This is mainly due to variations in the 
structure of the local background, the viewing distance, the 
luminance distribution over the target support (shadows), 
the orientation of the targets, and the degree of occlusion of 
the targets by vegetation. 

The digital images used in the experiment were (see 
Fig. 4): (i) eleven target images that correspond to the 
scenes 16, 34, 28, 17, 26, 19, 8, 15, 3, 22, and 4, from the 
44 slides, and (ii) the corresponding eleven empty scenes. 

69 1 



4.2. Psychophysical target distinctness 

A psychophysical experiment was performed in which 
observers estimate the visual distinctness of the target. 
Search times and cumulative detection probabilities were 
measured for nine military targets in complex natural back- 
grounds. A total of 64 civilian observers, aged between 18 
and 45 years, participate in the visual search experiment. 
The procedure of the search experiment is described in [6]. 

Search performance is usually expressed as the cumula- 
tive detection probability as function of time, and it can be 
approximated by [lo]: 

where, Pd(t) is the fraction of correct detections at time t ,  
to is the minimum time required to response, and p is a time 
constant. 

Fig. 5 shows the cumulative distribution functions corre- 
sponding to the search times measured for the target scenes 
used in the experiment here described. The overall differ- 
ence between two of these functions can be measured by 
subtracting the area beneath their graphs. This operation 
corresponds to a Kolmogorov-Smirnov (K-S) test. To com- 
pare the relative distinctness of the targets in the different 
target scenes the curves are rank-ordered according to the 
area beneath their graphs. The resulting rank order for the 
target scenes in each of the two experiments is listed in the 
column with the header Rp, in Table 1. These rank orders 
are adopted in each experiment as the reference standard for 
the evaluation of the computational metric. 

Targets that give rise to closely spaced cumulative de- 
tection curves which are similar in accordance with a K-S 
test, have similar visual distinctness. Fig. 5 shows that the 
target images in each of the two experiments are clustered 
into a number of sets of targets with comparable visual dis- 
tinctness: The dataset in the experiment is clustered into 
{16,34}, {28,17,26}, {19,8,15,3}, and {22,4}. Hence, 
rank order permutations of elements of the same cluster are 
not very significant, whereas rank order permutations of el- 
ements of different clusters are therefore significant. 

4.3. Computational Target Distinctness 

Let C, = {&j}, withn = 1 , 2 , .  .. , N ,  be the N natural 
clusters in Active produced by the proposed model for the 
target image t ( z ,  y). 

Let t ,  represent the visual pattern segregated on the ref- 
erence target image t ( z ,  y) by pooling the responses of fil- 
ters in the natural cluster C, = { &j } as given in equation 
(5). Therefore tl , t 2 ,  . . . , t N  represent a decomposition of 
the reference target image t into the set of its most signifi- 
cant visual patterns. 

In order to compensate for the effect of image-to-image 
variations on the overall image light level, contrast normal- 
ization of each visual pattern is realized by dividing t ,  by 

4 4 4 4 

Figure 3. A schematic overview of the V P  met- 
ric. 

the sum of all filtered responses in Active, plus a saturation 
constant c: 

(8) 
t ,  

where Ai denotes the original image t ( z ,  y) filtered through 
the IogGabor #i in Active and passed through a non- 
linearity as given in equation (6). 

Similarly passing the corresponding empty image 
e(z, y) through the filters associated with each cluster C, 
produced by the model on the reference image t ( z ,  y), re- 
sults in a decomposition of e in e l ,  ez ,  . . . , eN. 

Let dVp(t, ,  e,) be the difference between the visual 
patterns t ,  and e,, computed via the /?-norm between their 
statistical structure over those pixels which form "fixation 
points"on t ,  [I]: d V p ( t n , e n )  = 

ff2 3- ci (Ail 

/ \ b  

(9) 
with FP(t,) being the set of fixation points for t,; 
and D[Tt- (z, y), Ten (2, y)] defining a normalized distance 
measure between the vectors of statistics Tt - ( z , y )  and 
Ten (z, y) at a fixation point (z, y). The default value of 
the exponent p in Equation (9) is 3. 

The differences, D, = &p(tn ,en)  with n = 
1,2,  . . , N ,  between the visual patterns determine the over- 
all distinctness between the reference target image t and the 
corresponding empty image e ,  by using a relatively simple 
decision rule. Two different decision rules can be consid- 
ered here: (i) the average sum-of-differences rule, where the 
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system bases its response on the average sum of the differ- 
ences & E:=, D,; and (ii) the maximum-difference rule, 
where the system bases its final response on the maximum 
of the differences maxgzl D,, rather than on the sum of d- 
ifferences. These simple rules are presumably adequate, be- 
cause they are good descriptions of what all the complicat- 
ed higher level stages of pattem vision actually contribute 
to visual target distinctness [4]. 

The visual pattem (VP) distinctness measure between 
reference target image t and empty image e can then be for- 
mulated as [2 ] :  

VP( t ,  e) = Decision-Rule(D1, D2, . . . , DN} (10) 

A schematic overview of the VP distinctness metric is given 
in Fig. 3. 

4.4. Results 

The digital images used in this experiment are eleven tar- 
get images and the corresponding empty scenes as shown in 
Fig. 4. 

The comparative results of the computational metric and 
those of both quantitative and qualitative measures are pre- 
sented in Table 1. 

At the bottom of each of the columns is shown the prob- 
ability of correct classification of the metric in that column 
with respect to the reference rank order in column 2. The 
probability of correct classification PCC is defined as: 

pcc = > 
Number of Correctly Classified Targets 

Number of Targets 

where rank order permutations of targets of the same clus- 
ter are insignificant (i.e., they are correctly classified by the 
metric), whereas rank order permutations of elements of d- 
ifferent clusters are significant. 

The target distinctness values and the resulting rank or- 
der computed by the RMSE metric are listed in column 3. 
RMSE is defined as: 

RMSE(R, I )= J N L 4  - (R(z ,  Y) - Y N 2  . 
z=1 y = l  

(11) 
where R(z ,  y)  represents the target-and-background scene 
and I ( z ,y )  represents the background with no target. 
R M S E  performs poorly. Significant rank order permuta- 
tions are displayed in boxes. Most rank orders computed 
by this metric are significantly out of order relative to the 
reference order induced by the psychophysical distinctness 
measure in column 2. The RMSE yields a low probability 
of correct classification (PCC = 0.55). 

The target distinctness values and the resulting rank or- 
der computed by the V P  metric are listed in the column 
with the header V P  in Table 1. The V P  metric induces 
a rank order with two significant order reversals: targets 
26, and 3 are ordered incorrectly. The other targets have 

Figure 4. The 11 images and corresponding 
empty scenes used in the experiment. 

been attributed rank orders which do not differ significantly 
from the reference rank order based on the psychophysi- 
cal measure. The V P  metric yields the highest probability 
(PCC = 0.82). These results show that the V P  metric ap- 
pears as well capable to rank order targets in the experiment 
with respect to their visual distinctness. 

5. Conclusion 

The notion of visual pattem as congruence in statistical 
structure across 2D frequency bands was here used to in- 
duce a 2D image representational model. The induced rep- 
resentational model was used to define a distinctness mea- 
sure between two images that involves applying a simple 
decision rule over the distances between their visual pattem- 
s. Several experiments were then performed to investigate 
the relation between this computational distinctness metric 
and the visual target distinctness measured by human ob- 
servers. The results demonstrated that simple image metrics 
( R M S E )  do not give good predictive results when applied 
to highly resolved targets in complex background scenes. 

. 
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Figure 5. The target images divided into 4 
clusters with comparable visual distinctness 
(in accordance with a K-S test). 

RPd RMSE VP 
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On the contrary, the distinctness metric that was comput- 
ed from the images after they were decomposed into their 
“visual patterns” closely related to visual target distinctness 
as perceived by human observers. We conclude from this 
result that the notion of congruence in statistical structure 
across frequency bands may be a useful definition of visual 
patterns for perceiving target distinctness. 
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