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Abstract

We propose a novel approach for determining if a pair
of images match each other under the effect of a high-
distortion transformation or non-structural relation. The
co-occurrence statistics between features across a pair of
images are learned from a training set comprising matched
and mismatched image pairs — these are expresssed in the
form of a cross-feature ratio table. The proposed method
does not require feature-to-feature correspondences, but in-
stead identifies and exploits feature co-occurrences that are
able to provide discriminative result from the transforma-
tion. The method not only allows for the matching of test
image pairs that have substantially different visual content
as compared to those present in the training set, but also
caters for transformations and relations that do not pre-
serve image structure.

1. Introduction

The task of image matching, as considered in the most
generic context, involves determining whether a pair of im-
ages exhibit a special contextual relationship that distin-
guishes it from other random pairings of images. For exam-
ple, human IQ quizzes regularly require the matching pairs
of visual patterns that have undergone a particular spatial
transformation, that is implicitly captured in other analo-
gous pairs of dissimilar patterns provided as prior examples.
In another example, children books and television programs
often contain problems in which pairwise matching of vi-
sual images have to be performed based on more universally
known contextual information, e.g. matching of two images
that are of different parts of the same object.

In extending this generalized concept of image matching
to machine vision, we want to highlight two key problems
that are not considered in current methods:

o Large differences of visual content between training
data and actual/test data. In image matching problems
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that may be cast into an object recognition framework,
the goal is to recognize an object in the image, based
on training data containing objects of a similar class.
This presumes that the visual appearance or features
of the object in the test image is adequately spanned
by training data. This is not true of cases in figure 1.

Given:
- NxkK
Find: 2

o — { S

Figure 1. Learning with large differences of visual content be-
tween training data and actual/test data. Existing object recogni-
tion methods depend on training data that are visually or feature-
wise similar to test data.

o Large differences of visual content between two (cor-
rectly) matched images. Two images may have visual
content that are entirely different from each other but
nevetheless semantically related, possibly in a direc-
tional manner. For example in the bottom row of fig-
ure 2, there is an obvious relationship between the up-
per and bottom halves of a face, but the image structure
is entirely different. Similarly, for the top row in fig-
ure 2, images are systematically related in the sense
that the right image is the end product of filtering the
left image through a fixed sequence of complex filters.
However, in all instances, it is not only difficult to find
pointwise correspondences, they do not even exist.

Most of existing methods do not address these problems
(they were never intended to in the first place). For example,
popular classification-based recognition methods depend on
extensive training data. Nevertheless, there are numerous
image matching problems that involve matching two im-
ages for which the visual content of the images do not be-
long to some prior known class. Such problems include



Figure 2. Large differences of visual content between “matched”
images. Top row: this illustrates the result of the left original im-
age undergoing a series of filters, resulting in the right image. Bot-
tom row: Bottom half of a face is related to the top half. Current
methods do not adequately deal with matching images with these
forms of relation, particularly for test data which are also signifi-
cantly biased as compared to the training data.

image mosaicing, stereo correspondence and tracking with
online acquired models. These problems do not readily ad-
mit the use of classification approaches. As such, match-
ing of image pairs have traditionally been carried out using
simple metrics such as sum-of-squared differences (SSD)
or histogram matching, with research focused on robustly
estimating warp parameters that align image pairs.

A possible approach is to directly engineer solutions for
each domain separately. For example, to solve the matching
problem in figure 1, one may attempt to use affine-invariant
region detectors. The problem with such an approach is that
explicit transformation models have to be assumed; further-
more, constraints on the range of transformations that are
implicitly defined by the training data may be lost through
this approach. More challenging would be the problem in
figure 2, where no existing methods are able to address.

In this paper, we make the following contributions:

e we articulate the problem of matching across severe,
correspondence-breaking transformations as well as
relations that do not preserve structure;

e provide a mechanism for matching test images which
are visually very different from training data; and

e propose a unified framework for learning such trans-
formations and relations directly from training data,
avoiding the need to engineer domain-specific models.

1.1. Related Work

In the past, standard measures for evaluating correspon-
dences are the sum-of-squared pixel differences (SSD),
standard metrics in feature space (e.g. Euclidean is used
in the SIFT framework [10]), the chamfer distance [2],
the shuffle distance [18], the cross-affinity family of dis-
tances [3] and histogram measures such as x?2 distance,
Bhattacharyya distance (as used in the mean-shift frame-
work [5]), Kullback-Leibler divergence and Earth Mover’s

Distance [14]. These measures, while intuitive, fail when
used for comparing images under heavy-distortion tranfor-
mations and non-similar relations as in figure 2.

Histograms of features has been successfully applied to
image classification [6, 7], multimedia classification [11]
and event recognition [20]. There are also methods that in-
volve feature selection [1, 4]. However in most of these
cases, the requirement is that training data is available
which has similar visual content (and will generate similar
histograms) to the test cases. This requirement also applies
to recent classifier-based methods for object recognition in-
volving SVM [8, 19].

The image analogies work in Hertzmann et al. [9] is
semi-related in that feature-wise relationships are involved.
However, image analogies deal with image synthesis and
require point-to-point correspondences, whereas this paper
deals with image matching and the framework does not re-
quire correspondences, even catering for matching image
structures so different that correspondences may not exist.

2. Overview of Approach

At the heart of our proposed approach is the notion that
images are composed of numerous small features as build-
ing blocks of the image. In spirit this is similar to existing
approaches based on collections of sparse corner features,
except that in our case, a fully dense and over-complete
representation is used as dicussed in section 3. Addition-
ally, unlike these methods we do not attempt to character-
ize an image based on extracted features, since we are not
interested in the images themselves per se — after all, the
images in our test data is significantly different from those
in the training data. Instead, our focus is on describing how
features relate to other features across the relevant set of
transformations or relations, where the set of relations is
implicitly captured by training data provided.

A key assumption made in this paper is that under a par-
ticular set of transformations or relations, certain features
in one image are present in consistent ratios with other fea-
tures in the second image, where these features may be of
different types between the two images. While there is no
exact basis for this assumption, this is generally true for
many transformations and relations. For example, consider
a transformation comprising purely a 90° rotation followed
by grayscale inversion. Features corresponding to 45° dark
edges will be present in equal quantity with —45° light
edges across the transformation. Similarly, in a relation of
upper faces to lower faces, there will be four eye-corner fea-
tures for two mouth-corner features (note: this example is
used illustratively and we do not explicitly search for such
domain-specific features). Hence each new image, even
with substantially different visual content from those previ-
ously observed, is simply “disassembled” into features. The
frequency of each feature type (described later) may then be



individually compared to frequencies of other feature types
in the hypothesized matched image.

The main challenge of this approach is to determine
which feature-to-feature ratios are systematically the result
of the underlying transformation / relation, and which are
attributed to incidental variations in image content, clutter
and noise. Briefly, the process adopted in our framework is
as follows:

1. Start with a positive training set comprising pairs of
matched images.

2. For each feature type, measure the frequency of occur-
rence within each image.

3. Measure the frequency ratios between all pairs of fea-
ture types across each two matched images.

4. Quantize the frequency ratios and construct a normal-
ized histogram of such ratios across all images in the
positive training set.

5. Repeat with a negative training set comprising pairs of
mis-matched images.

6. The differences between the histograms of the positive
and negative test sets indicate the frequency ratios that
are important in determining whether a test pair of im-
ages are matched.

The subsequent sections describe this process in more
precise terms. Additionally, we also use the term “transfor-
mation” to describe both normal transformations as well as
contextual pairwise relations such as two halves of a face.

3. Image Representation

In the framework of this paper, a raw pixel image [
is converted into a representational form of a feature his-
togram:

I—h=H(F()) (1)

where h is an integer vector representing the histogram,
H(-) is a histogramming operator and F'(-) is a feature ex-
traction operator. As discussed earlier, instead of adopting
the recent highly popular sparse representations (e.g. [6]),
F'(+) in our paper involves extracting a fully-dense and over-
complete feature set through convolution with a small filter
bank and returns the complete filter responses. Similarly for
the image with transformation:

T(1) W = H(F(T(D))) )

where 7 (-) representing the unmodeled transformation.

In this way, each image may be considered as mapped
to a fixed-length integer vector. In this representation, we
consider each “feature type” of the image as the bin index
of this histogram vector, and each “feature value” as the
integer value of the associated bin.

4. Transformation Representation by Feature
Co-Occurrence

Given two images I and I’ which have been converted
into histograms h and h’ respectively, the problem remains
on how to compare these images. In a classical approach,
one might attempt to either learn p(h, h’|T") where T is an
label indicating if images are related via the transformation
I' = T(I), or attempt to classify (h,h’) via SVMs. In ei-
ther case, a large amount of training data is usually needed,
and also presupposes that the test images appear similar to
those in the training data. However, if the test images are
significantly different, these approaches will generally per-
form poorly.

Instead, we adopt a component-based approach by as-
suming that the features of hi,ho,..., hy in h individu-
ally represent abstract building blocks of images, and that
new images are formed through the assembly of these fea-
tures. This is analogous to the observation that words are the
building blocks of documents. Indeed, word-based analysis
has led to the use of measures in information-retrieval re-
search such as tf-idf [15] that involves term frequency and
document frequency in measuring the discriminative value
of words for topical clustering of documents. Furthermore,
text-based approaches have also been successfully applied
to image classification [13, 17, 12].

However in these previous approaches, these general-
ized “terms” are used to represent the content of the im-
ages, rather than the transformation which is what we are
after. In order to extend the representation to the represen-
tation of the transformation, we consider pairwise ratios of
cross-image features. In other words, given

h:[hl,hg,...,h]\[] and h/:[ll7 I27...,h§v]7
3)
the transformation may be represented in the form
hll /1, ey hNZ /1;
N N
TR — hi:hy, o hn:hs; @
hi:hly, ..., hnihly

Here we can consider R as a N x N table, which we
call the Cross-feature Ratio Table (CRT). The r;; entries
of the CRT effectively captures the co-occurrence statistics
of such pairs of features. An alternative interpretation is
that these pairs of features are meta-terms, and the statistics
capture the meta-term frequency within a pair of matched
images. See figure 3.

5. Transformation Comparison

The goal of this paper is that given an ordered pair of
images, determine if it belongs to:
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Figure 3. Overview of process for creating the Cross-feature Ratio
Table for a single pair of images.

e Positive transformation class, which captures the
range of transformations that we want to match under;
or

e Negative transformation class, which could either rep-
resent:

— non-transformations (i.e. the original image and
the source of the transformed image are differ-
ent), or

— arange of transformations that we want to con-
sider mismatch. For example, we may want to
distinguish between image rotations of 45° to
90° versus -45° to -90°.

6. Discriminative Analysis of Cross-Feature
Ratios

The approach of this paper to transformation comparison
is to effectively determine which of the features the cross-
feature ratios r;; are useful in discriminating between the
positive and negative transformation classes.

Suppose we are given positive and negative image pairs
that form the training dataset. By computing the separate

CRT’s for these image pairs, we can compute the separate
distributions for each of the CRT entries r;; converted to
fractional form:

H (k) =
Hi; (k)

ij

pla(k) <rij < alk+1)|T) 5)
pla(k) <ryj=alk+1)[=T)  (6)

where H' (k) and H % (k) are normalized histogram (prob-
ability distribution) functions for the positive and negative
set respectively, k is the index to a set of quantized ratio
bins, and (k) provide the bin edges for these quantized ra-
tios. Here, we ignore cross-feature response ratios of 0 : 0
(i.e. no instances of either type of features exist in the pair
of images) as these do not contribute in any fashion to dis-
crimination.

The ideal scenario will be that some of the H;; and H,};
provide strong discrimination between cross-feature ratios
from the positive and negative transformation classes. In
order to evaluate this discrimination, we measure the X2 di-
vergence to estimate the relative discrimative power of the
cross-feature ratios:

wig = X(HF HE)
= > (HS (k) - H (k) ™
k
,for1 <i4,57<n

The w;; factors will be used to weight the cross-feature re-
sponse ratios when computing similarity in the subsequent
section.

7. Transformation Matching via Weighted
Cross-Feature Ratios

Given a pair of test images, we can compute the asso-
ciated CRT R. For simplicity, R is expressed in the form
of H;;, although the individual histograms are simply null
or delta functions because for only a single pair of images,
there is at most one entry for r;;, and hence at most one
non-zero bin contain 1.

The combined distance between the test pair CRT distri-
bution H;; and the positive transformation class CRT dis-

tribution H ;J“») is defined as:
D = wi(1 - (Hjj e HY)) ®)
0,J

[Pl

where “e” refers to the inner product for which the distribu-
tions H;; and H, ;J“ are treated as vectors. Similarly, we can
define a distance to the negative transformation class

D™= wi;(1 - (H}; - Hy;)) ©)
4,7



The distances DT and D~ are used in deciding if the
test image pair belongs to the positive or negative transfor-
mation class. The decision rule is given by

c=sgn(D~ — AD™) (10)
where sgn(x) is the sign function given by
1, forx >0,

sgn() = { 0, otherwise. an

A is a constant parameter that is learnt from training. When
c = 1, the image pair is computed as a match, whilf if ¢ =
—1 then the image pair is deemed mismatched.

8. Experiments

We tested our approach on Corel Stock Photo Library2
dataset, using 48 features derived from 6 simple filters.
The transformations include random projective transforms
in a parameter space, and Adobe Photoshop special effects
with large spacial and intensity displacements. Addition-
ally, we test relation-based matching using the ORL face
dataset by dividing the face images into separate left/right
and top/bottom halves.

Note that the framework for training and classifying the
matches are exactly the same across all the experiments.
This is one of the key goals of our work — to provide a uni-
fied framework for learning such relationships directly from
training data, without the need to create domain-specific
models that require manual intervention and possibly ex-
tensive engineering.

8.1. Dataset Construction

Corel Stock Photo Library2 includes 186 categories of
photos, such as African Wildlife, Autumn in Maine and
Freestyle Skiing, etc. Each category has 100 color images
of size 768 x 512 or 512 x 768 , with quite different visual
contents.

We randomly selected 20 categories as source for the
training data, and another 20 categories for testing data. All
the images are resized to 25% of original size by bilinear
interpolation, and changed to grayscale images.

We experimented with two differently constructed
datasets:

e Type (1) dataset. The positive set is composed of im-
age pairs related by transformation, and the negative
set is composed of unrelated image pairs, possibly con-
taining different visual content.

e Type (2) dataset. The positive set is composed of im-
age pairs related by a subset of transformations, while
negative set is composed by image pairs related by a
different subset of transformations (i.e. the transfor-
mations in the positive set have a different range of
parameters compared to those in the negative set).

8.2. Filter Bank

The raw filtered features are derived from 6 simple fil-
ters: Delta, LoG and 4 oriented edge filters with 45° steps,
each filter size is 3 by 3. The filter responses are divided
into 8 ranges evenly distributed between -256 and 256, cor-
responding to 8 different features for each filter. One feature
response is the number of responses of one filter fall in one
range within the whole image. So totally there are 48 fea-
tures used.

8.3. Results for Geometric Transformation

The geometric transformation is composed of a random
but moderately small projective transform component fol-
lowed by a random large rotation component. The projec-
tive component is defined by 4 pairs of reference and cor-
responding points. The four reference points are located
at (50,50),(50,-50),(-50,50) and (-50,-50), and each corre-
sponding point is randomly located within a 20 by 20 box
centered at the reference point. The rotation component is a
pure rotation of a random degree centered at (0,0). All the
coordinates are using pixel as unit. For doing image trans-
formation, the origin is at the center of that image.

For the type (1) dataset, the transformations comprise a
small random projective component followed by a random
rotation between 0° and 180°. For either the training set and
testing set, we randomly chose 10 images from each of the
20 categories, cropped the 96 x 96 center part as reference
images, resulting in 200 reference images. We applied 5
random geometric transformations on each reference image
to obtain 5 corresponding images. Hence there are a to-
tal of 1000 matched image pairs in each (training and test-
ing) positive data set. Furthermore, we created 2000 mis-
matched image pairs for each negative dataset, where each
reference image has 10 transformed but mismatched cor-
responding images. Some positive image pairs in training
set are shown in figure4. The corresponding ROC curves is
shown in figure 5.

b 3 i £
Figure 4. Some of the positive image pairs in training set are
shown.

We also tested our approach on a type (2) dataset where
the reference images are the same as type (1) dataset. For
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Figure 5. ROC curves for the experiment on a type (1) dataset
involving geometric transformations

positive image pairs, the transformations comprise a small
random projective component followed by a random rota-
tion between 60° and 90°, while for negative pairs, the ro-
tation is set randomly between 120° and 150°. For each ref-
erence image, we apply 5 random transformations, resulting
in 1000 image pairs for both positive and negative data sets.
The ROC curve for type (2) dataset is shown in figure 6.
The resultant y? discriminative weights across CRT entries
are shown in figure 7.

The classifications results were good, which is somewhat
surprising since the proposed framework did not in any way
directly model the spatial transformations. More signifi-
cantly, the strong results for the type 2 dataset would not
be possible just by naively applying affine-invariant region
detectors, as both positive and negative image pairs are re-
lated by projective transformations — the difference lies in
the range of transformations that are only implicitly cap-
tured in the training data.

type (2) dataset for projective transform

— training
----- testing | |

03t
02}

01

Figure 6. ROC curves for the experiment on a type (2) dataset
involving geometric transformations

8.4. Results for Adobe Photoshop Special Effects

We made use of two Adobe Photoshop effects to pro-
vide the image transformations in this experiment. The first
effect is graylevel histogram equalization followed by the

type(1) dataset
Figure 7. x? discrimination across CRT entries. Each bin in the 2D
plane corresponds to a bin in the CRT table, while the peaks denote
the importance of the corresponding ratio in a discrimination task.

type(2) dataset

Wave distortion, the second is intensity inversion followed
by the Rough Pastels and the Twirl distortions. For both
training and testing set, 50 images were randomly chosen
from each of 20 categories, resulting in 1000 reference im-
ages in each set.

For both effects, we constructed a type (1) dataset, i.e.
we appled the effect to all reference images through a batch
process, producing 1000 positive image pairs. We also cre-
ated 2000 negative image pairs by selecting 2 mismatched
transformed images from each reference image.

Three reference images and their corresponding trans-
formed images by effects 1 and 2 are shown in figure 8.
The ROC curves for the type (1) dataset for effects 1 and 2
are shown in figures 9 and 10 respectively.

Figure 8. Left column: reference images in training set; middle
column: corresponding transformed images by effect 1; right col-
umn:corresponding transformed images by effect 2

Two other image matching methods, SSD and classical
x? distance of graylevel histogram, are also tested on the
dataset for comparison. Only the results on training data
are shown, because no training is required, and the results
are very similar for both training and testing datasets.

We also constructed a type (2) dataset for the two Adobe
Photoshop effects. The reference images are the same as
those used in type (1) dataset, but this time the positive
dataset includes 1000 matched image pairs by effectl, and
the negative dataset includes 1000 matched images pairs by
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Figure 9. ROC curves for Adobe Photoshop effect] transformation
of type (1) dataset.
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Figure 10. ROC curves for Adobe Photoshop effect2 transforma-
tion of type (1) dataset.

effect2, the reference images are the same. The ROC curves
for type(2) dataset is shown in figure 11.

type(2) dataset for Adobe effects
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Figure 11. ROC curves for Adobe Photoshop effect2 transforma-
tion of type (2) dataset.

Despite the variation in the quality of the results, they
are still surprisingly impressive, given the severity of the
transformations. Note that the images themselves are even
difficult for humans to distinguish, and correspondences are
hard to recover, if at all possible.

8.5. Results for Partial Face Matching

We made use of the ORL face dataset [16] as a basis
to create multiple training and test sets for our partial-face
matching experiments.

In the first experiment, we attempt to validate the method
by testing if it was able to determine image pairs comprising
complementary parts of face (i.e. parts that together form a
complete face). A positive training set is created by taking
images from half the individuals in the ORL dataset, and
dividing the images into top and bottom halves as matched
pairs. To compound the problem, half of these pairs are
randomly selected and their relations reversed (i.e. half the
pairs have top—bottom relation, while the other pairs have
bottom—top relation). See figure 12. A negative training

Positive:

-- A n

Negative:

Figure 12. Dataset for Partial Face Matching Experiment 1

set is generated where for each image pair, one image is half
of the face, whereas the second image is either a copy of
the first image, or a random selected image from the Corel
database. The test sets are similarly constructed, except that
the individuals selected in the test sets do not appear in the
training sets. Note that the ORL dataset is not specially
aligned, and therefore images in the top and bottom halves
do not have aligned features, nor are all the features consis-
tently present in the same half (e.g. tip of nose may appear
in either half). See figure 13 for results.

Partial Face Matching Experiment 1

o
©

Detection Rate
o o o o
o o ~ ©

I
~

0 0.2 0.4 0.6 0.8 1
False Positive Rate

Figure 13. ROC Curve for Partial Face Matching Experiment 1

While equivalent results may be achieved if half-face
models are used in matching, the results indicate that our



proposed generic framework is able to deal with the match-
ing without domain-specific models.

In the second experiment, we attempt to evaluate if the
method was capable of distinguishing if pairs of images
comprising (a) left and right halves of a face, belong to the
same individual, and similarly for (b) top and bottom halves
of a face. More significantly, the testing phase involves
images of individuals who were not used in the training
phase. As before, a positive training set is created by taking
images from half the individuals in the ORL dataset, and
dividing the images into two halves as matched pairs (ex-
periment 2(a) involves left/right halves, while 2(b) involves
top/bottom halves). The negative training set involved ran-
domly swapping equivalent right (or bottom) halves of im-
ages such that pairs of images are not extracted from images
of the same individual. The results are shown in figure 14.

Partial Face Matching Experiments 2 (a) and (b)

Detection Rate

training (a) | |
= = = training (b)
----- testing (a) | 4
N testing (b)
0.1, 1
0 . . . .
0 0.2 0.4 0.6 0.8 1

False Positive Rate

Figure 14. ROC Curves for Partial Face Matching Experiment 2

The results of the final experiment are somewhat surpris-
ingly good, even though the actual detection rates are only
moderate. The experiment demonstrated that matching of
lower faces and upper faces belonging to the same individ-
uals can be carried out, even though the individuals have not
been encountered before in the training data. Moreover, the
results were obtained using a generic framework, without
the need for domain-specific face models and classifiers.

9. Conclusions

A novel approach for determining if a pair of images
match each other under the effect of heavy-distortion trans-
formation or non-structural relation. The co-occurrence
statistics between features across a pair of images are
learned from a training set comprising matched and mis-
matched image pairs — these are expresssed in the form of a
cross-feature ratio table. The proposed method does not re-
quire feature-to-feature correspondences, but instead iden-
tifies and exploits feature co-occurrences that are able to
provide discriminative result from the transformation. The
method not only allows for the matching of test image pairs

that have substantially different visual content as compared
to those present in the training set, but also caters for trans-
formations that do not preserve image structure. Experi-
mental results indicate that this matching process not only
clearly outperforms the classical methods of SSD and his-
togram matching, but are able to match images under ex-
treme transformations and non-structural relations.
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