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Abstract

Euclidean metric is frequently used in Computer Vision,
mostly ad-hoc without any justification. However we have
foundthat other metricslike a doubleexponential or Cauchy
metric provide better results, in accordance with the maxi-
mum likelihood approach. In this paper we experiment with
different modeling functions for similarity noise and com-
pute the accuracy of different methods using these model-
ing functions in two kinds of applications: content-based
image retrieval from a large database and stereo matching.
We provide a way to determine the modeling distribution
which fits best the similarity noise distribution according to
theground truth. Inthe optimum case, when one has chosen
the best modeling distribution, its corresponding metric will
give the best ranking results for the ground truth provided.

1. Introduction

Ingeneral, imageretrieval by content requiresalgorithms
for extracting and comparing features. Extracted features
from the imagery may be associated with entire digital im-
ages, or perhaps with specific regions of interest that are
identified interactively, semi-automatically, or in a com-
pletely automatic manner. The QBIC effort ([6], [1]) isone
project that has developed several methods for doing this.
As an example, the texture of an image is represented by a
feature vector that can be compared to texture feature vec-
tors from other database images using Euclidean distance,
thereby allowing the retrieval of images with ”similar” tex-
tures.

Another feature vector, color content, is typicaly de-
scribed using a histogram. In [8], a histogram of the col-
ors contained in each image is computed, and a L, metric
is used to compare these color histograms. Also, in[7], effi-
cient techniques for comparing histograms using quadratic

measures of similarity have been proposed. A method for
calculating thesimilarity betweentwo digital imagesusing a
global signature which includes the texture, shape and color
content is described in [4]. A normalized distance between
probability density functions of feature vectors is used to
match signatures. The authors present four possible dis-
tances that can be used to compare signatures without dis-
cussing how each of these distancesinfluences the retrieval
results.

In [3] the authors compare different retrieval methods,
using feature vectors composed of projections, Local Binary
Pattern and 2D-Trigrams, and eval uate image indexing and
retrieval performancefor similarity matchesin alarge data-
base, asafunction of the database size. Similar in[5] differ-
ent methodsfor image copy location are compared and eval-
uated, takinginto account their computational efficiency and
accuracy with respect to real noise experiments.

In some of these applicationsit was assumed that the dis-
tribution of the similarity noise, defined like pixel-by-pixel
difference between two similar images or their correspond-
ing feature elements, isgaussian. In other applications, even
when other metrics than L, were considered, there were no
arguments why these were better.

A genera application involving similarity matching
might follow the scheme presented in figure 1.

First one hasto establish ground truth and extract the fea-
ture vectorsto be used for comparison. The associated sim-
ilarity noise distribution can be approximated with a mod-
eling distribution and its associated metric (Ly,). In the op-
timum case, when one has chosen the best modeling distri-
bution, its corresponding metric will give the best ranking
results for the ground truth provided.

1.1. Image Retrieval

In image retrieval the problem of finding the optimum
modeling distribution for the similarity noise distributionis
burdened by the fact that defining a ground truth and de-
termining a testset is difficult. This difficulty is due to the
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Figure 1. The steps in a similarity matching algorithm

subjectivity of the task: different users may have a com-
pletely different idea about the similarity of two images. To
have a complete system for evaluation of the performance
of content-based similarity matching onewould liketo have
aclear definition of similarity and the right modeling func-
tionfor similarity noise, resulting in a corresponding metric
to base ranking on.

1.2. Stereo Matching

This approach could be applied not only to the applica
tions where the ground truth is defined according to sub-
jectivity but, also in cases where a ground truth is already
known. For instance, in stereo datasets the ground truth for
matching corresponding points may be provided by the lab-
oratory where these images were taken. This ground truth
is a result of mapping the world coordinates, in which the
camera is moving, to the image coordinates, using the 3D
geometry relations of the scene. In this case one can test
automatic stereo matchers that are able to detect the corre-
sponding point pairsregisteredin stereoimages of thetestset
scenes. For this stereo matcher one can determine the best
metric when comparing different image regions to find the
similar ones. The optimum metric in this case will give the
most accurate stereo matcher.

Section 2 describes the mathematical support for maxi-
mum likelihood approach. In Section 3 we apply these the-
oretical results to determine the influence of the similarity
noise model on the accuracy of the retrieval methods in a
large database. In Section 4 we study the similarity noise
model to be chosen in a stereo matching application. Con-
clusionsare given in Section 5.

2. Maximum likelihood estimator

From the mathematical -statistical point of view, the prob-
lem of finding theright model for the similarity noise comes
down to the maximization of the similarity probability.

Consider first, two subsets of M imagesfrom the database
(D): X ¢ D, Y c D which according to the ground truth are
smilar;: X =Y

This can be written:
Ty = Y, 1= ]., ,M (1)

wherez; € X, y; € Y represent the images from the corre-
sponding subsets.
The equation (1) can be further written as:

wheren; represent the“noise” image obtained as the differ-
ence between the other two images.
In this context the similarity probability can be defined:

M

P(X,Y) = H {exp[—p(zi, yi)]} €)

i=1

wherefunction p isthe negativelogarithm of the probability
density of the noise.

According to (3) we have to find the probability density
function of the noise that maximizesthe similarity probabil-
ity. Thisisthe maximumlikelihood estimator for X, given Y
([2D).

We can further supposethat thisnoisedistributionisvalid
for al the database, so using it for all theimagesin the data-
base one obtains the best possible ranking resullts.

In al above considerations, we were talking about im-
ages but this notion can be extended to feature vectors as-
sociated with the images when we are working with image
features or, even, can be extended to pixel valuesin theim-
agesin the case of stereo matching.

Taking the logarithm of (3) we find that we have to min-
imize the expression:

M

> (i) (4)

i=1

In this case, according to (2), the function p depends not in-
dependently on its two arguments, query image x; and the
predicted one y;, but only on their difference. We have thus
alocal estimator and we can use p(z;) instead of p(x;,y;),
wherez; = z;-y; andtheoperation“-" denotespixel by pixel
difference between theimages, or an equivalent operationin
feature space.



We define the derivative of p(z) to be a function
¥(z) = &) which will occur as a weighting function
when we find the minimum of the expression (4).

In case the noise is gaussian distributed:

Prob{z; — yi} ~ exp(—[z; — yi]*) (5)

then
p(z) =2 Y(2) =z (normal) (6)

If the errors are distributed as a double or two-sized expo-
nential, namely

Prob{z; —yi} ~ exp(—|zi — i) (7
then, by contrast,

p(z) =|z| (z) = sgn(z) (doubleexponential) (8)

In this case the maximum likelihood estimator is obtained
by minimizing the mean absolute deviation, rather than the
mean square deviation. Here thetails of the distribution, al-
though exponentially decreasing, are asymptotically much
larger than any corresponding Gaussian.

A distribution with even more extensive - therefore
sometimes even more realistic - tails is the Cauchy distrib-

ution,
1

a? + (z; — y:)? ®
where a is a parameter which determines the height and the

tails of the distribution.
Thisimplies

Prob{z; —y;} ~

z

_ 2 2
p(z) =log(a”+27) poR

¥(z) = (Cauchy) (10)
For normally distributed errors, equation (6) says that the
more deviant the points, the greater the weight. By contrast,
when tails are somewhat more prominent, asin (7), then (8)
saysthat all deviant pointsget the samerelativeweight, with
only the sign information used. Finaly, when the tail are
even larger, (10) says the +) increases with deviation, then
starts decreasing, so that very deviant points - the true out-
liers- are not counted at all.

3. Similarity noisein alargeimage database

We applied the theoretical results described in Section 2
in order to determine the influence of similarity noise model
on the similar image retrieval performance in the Leiden
19t" Century Portrait Database (L CPD).

The LCPD is currently composed of 6656 images taken
during the 19" century, and will be continually expanded
until at least 50,000 images are in the database. Some im-
agesare copiesof each other. However, dueto different stor-
age conditions, the copies have varying kinds and differing

amounts of degradation. The degradation variesfrom inten-
sity and moi sture damageto scratchesand writing ontheim-
ages.

For our experiments we used 120 image copy pairs from
the database as the ground truth for similarity. According
to this ground truth, we determined the real distribution of
the similarity noise considering three different spaces. in-
tensity space, gradient and features space. For each of them
we tried to match this real distribution best with one of the
known distributions: normal, double exponential, Cauchy.
We then applied the corresponding similarity noise model to
theentiredatabase and inspected how it affected theretrieval
results.

For comparing the retrieval results we used the perfor-
mance measures given in [3]. We consider the visible frac-
tion (F,) that counts how many of the test-pairs T have
counterparts that appear in the top L = [log, n] ranks: the
number of these visible test-pairs are caled (T,) and n =
database size. So

FU = Tv/T (11)

and is normalized to lie within [0,1].

A second performance measured is the visible position
(P,) that is defined like the ranking accuracy within the dis-
play window.

Py =(L—-Ry)/(L—-1) (12)

where R, isthe average rank for visible test-pairs. P, lies
within [0,1]; Owhen R, = L (al test pairsjust visible) and
islwhen R, = 1 (al visible test-pairs on top).

Finally as a globa measure we use the combined re-
trieval quality @,

Qr:(Fv+Pv)/2 (13

We will consider that amethod provides better results when
Q- isbigger.

3.1. Intensity space

In figure 2 we have the matching of the real similarity
noisedistributionintheintensity space consideringthethree
distributions. The dotted lines represent the measured noise
distribution. As one can notice the tails of the real distrib-
ution are prominent so the gaussian distribution cannot be
a good match. Instead, the double exponential distribution
and also, the Cauchy one are more suitable as approxima:
tions. These observations are in accordance with the theory
described in the Section 2.

One expects, therefore, to obtain better overall retrieval
resultsusing an L. or L; metric than with a ranking based
on Ly. Asone can seein the first three columns of table 1
theresults according to (11), (12) and (13) confirm this sup-
position.
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Figure 2. Similarity noise distribution for the testset in intensity space modeled by three theoretical
distributions (the approximation error is: (a) 0.033 ; (b) 0.013; (c) 0.012)
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Figure 3. Similarity noise distribution for the testset in gradient space modeled by three theoretical
distributions (the approximation error is: (a) 0.1203 ; (b) 0.0698 ; (c) 0.0459)

But related to the theory, one could ask about the value
of the parameter a in the Cauchy distribution that should be
used to obtain the best results using this distribution.

We consider the following steps to solve this problem:

e perform the matching between the measured noise
distribution and the one modeled by a Cauchy distrib-
ution and determine the value of the parameter a that
minimizes the difference between these distributions.

e use this value of parameter a in the corresponding
metric, L.

We were also interested about how the value of this para-
meter will influence the retrieval quality when we use the
Cauchy distribution as a model. This is illustrated in fig-
ure 5(a). One can observethat for awide scale of valuesfor
parameter a theresultsusing L. are better that the oneusing
L. One can aso notice that around the optimum value for

the parameter a (a~ 14) the results are the best; even better
that the ones obtained using L.

3.2. Gradient space

The second space where we examine the influence of the
similarity noise model was the gradient space considering
the gradient images obtained using a Sobel gradient. Wefol-
low the same steps as before.

The measured noise distribution (figure 3) inthiscaseis
steeper. So, consequently, the error using the gaussian ap-
proximation is even bigger. The retrieval quality measures
reflect this(table 1 and figure 5(b)). Fromthefigure3wede-
duce that the results obtained with L. can be better that the
one obtained with L1, fact illustrated in figure 5(b) around
the optimum value for the parameter.
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Figure 4. Similarity noise distribution for the testset in feature space modeled by three theoretical
distributions (the approximation error is: (a) 0.0306 ; (b) 0.0228 ; (c) 0.0273)
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Figure 5. Retrieval quality

3.3. Projection space

In the feature space we consider the projection features
from the images. We used average row- and column val-
ues (lineintegrals) as afeature vector. The procedurein this
case will use the difference distribution between the corre-
sponding feature elements instead of pixel by pixel differ-
ence distribution. In figure 4 one can see that the gaussian
distribution in this case more closely matches the measured
noise distribution so, the results obtained with L, will be
close to the ones obtained with the other metrics. Also one
can notice that in this case the double exponential distribu-
tion matches the measured noise distribution better than the
Cauchy one, illustrated consequently in figure 5(c).

4. Similarity noisein stereo matching

Stereo matching isthe process of determining correspon-
dences between entities in related images. One can test au-
tomatic stereo matchers that are able to detect these corre-

spondences. The best choice of the optimum metric when
compare different image regionsin order to find the similar
ones will give the most accurate stereo matcher.

We used two standard stereo data sets (Castle set and
Tower set) provided by the Calibrated Imaging Laboratory
at Carnegie Méellon University. These datasets contain mul-
tipleimages of static sceneswith accurate information about
object locations in 3D. The corresponding image coordi-
nates (the ground truth) are provided for al eleven images
taken for each scene. For each image there are provided 28
pointsas ground truth in Castle set and 9 pointsin Tower set.

In each of the images we consider the points that are
given by the ground truth and we determine the proper sim-
ilarity noisemodel that will assure the best accuracy infind-
ing the corresponding points according to the ground truth.
We cannot use single pixel information but have to use a
region around it. So we will perform template matching.
Our automatic stereo matcher will match atemplate defined
around one point from an image with the templates around
pointsintheother imagesin order to find similar ones. If the
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Meth
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F, 0.614 | 0.635 | 0.650 | 0.650 | 0.708 | 0.750 | 0.614 | 0.625 | 0.620
P, 0.830 | 0.872 | 0.865 | 0.826 | 0.903 | 0.902 | 0.830 | 0.851 | 0.850
Q- 0.722 | 0.753 | 0.757 | 0.738 | 0.805 | 0.826 | 0.722 | 0.738 | 0.735
Table 1. Similar image retrieval performance for a test set of 120 near-copies in a database of size
6656 images
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Figure 6. Noise distribution in the stereo matcher using Castle dataset

resulting points are equivalent to the corresponding points
provided by the ground truth we consider that we have a
hit, otherwise we have amiss. The accuracy is given by the
number of the hits divided by the number of possible hits
(number of corresponding point pairs). Because the ground
truth is provided with subpixel accuracy we consider the
matching to be ahit when the corresponding point found lies
in the neighborhood of one pixel around the point provided
by the ground truth.

Image set L, Ly L.
Castle stereo_set | 0.0486 | 0.0286 | 0.0246
Tower stereo_set | 0.0649 | 0.0475 | 0.0387

Table 2. The approximation error for the cor-
responding point noise distribution in stereo
matching for three distribution models

Thefirst step isto compute the similarity noise distribu-
tion according to the ground truth. Inthis casethe similarity
noiseisdefined asthe difference between two corresponding
pixels. The following step isto match this distribution with
one of the three distribution and to find out which fits best.
We present the corresponding point matching distributionin

figure 6. Asonecan seefromthetable 2 the Cauchy distrib-
ution fits the real distribution best. So one expectsthe accu-
racy to be biggest when using L. (table 3). The best values
for the accuracy using L. are obtained around the optimum
value computed for the matching step (figure 7). Asonecan
see from the tabl e 2 the double exponential and Cauchy dis-
tribution results are amost identical using the first dataset
and deviate a bit more using the second test set; thisisillus-
trated in figure 7.

Image set gauss | exp | cauchy
Castle stereo_set | 91.15 | 9253 | 92.63
Tower stereo_set | 9545 | 96.06 | 96.46

Table 3. The accuracy of the stereo matcher

5. Conclusions

In this paper we showed how to derive a suitable metric
givenavisua query problemwhen groundtruthisavailable.
Thefina similarity ranking can beimprovedthisway. From
our experience L, clearly outperform L». Using a parame-
trized metric like L. one can often further improve the re-
sult.
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Figure 7. The accuracy of the stereo matcher (%)

We showed how maximum likelihood estimation can be
successfully applied in content-based query applications.

It was also shown that the behavior of the performance
measures given in [3] are in accordance with the maximum
likelihood approach.
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