An Asymmetric Approach
to Signature M atching

Tatiana Jawor ska

Abstract. The image signature concept can be a successfrbagpto image compari-
son in content-based retrieval, but it is a vergliemging task. Fundamental for this pur-
pose is defining signature similarity. There exidbt of similarity models which measure
similarity of images or their objects in multimediatabases. In order to deal with semantic
retrieval, we have introduced a three stage seamgine. At each stage, we need different
but equally effective similarity measures. Here,ha@e analysed asymmetric and symmet-
ric approaches to signature comparison. In our raxeat, we present an extensive com-
parison of some similarity measures dedicated smemretrieval.
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1 I ntroduction

In the recent years, many researchers have intysianalysed similarity
evaluations between whole images, their fragmemtspme image elements, such
as contours. Content-based similarity models haenlkdeveloped [1] so as to
comply with the system needs and user requiremeatmrding semantic
multimedia retrieval.

According to Beecks et al. [1], a similarity modeitween the query and image
or a group of image objects can be determined, doera large multimedia
database, by working out only the distance betwéeir corresponding feature
representations. We claim that, even though a giseaiytomatically generated by
a CBIR system or is prepared manually by a usefioasnstance, we proposed in
our system introducing a special dedicated GUI &, introduction of the spatial
object location is strongly recommended.

Therefore, we provide in this paper a comparisawéen the Beecks’ concept
of feature signatures and their similarity measare] our search engine concept
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where image signature and spatial object locatien teeated as global image
information, but object features are only local. ézided to compare two kinds
of signatures in order to check what gain it wobiithg if we found objects and
compare their locations, as we proposed in ourckeangine [3], [4]. The

aforementioned knowledge is crucial for the effestiess of multimedia retrieval
systems.

2 Signature Matching

2.1 Metrics Properties

Generally, when we analyse a metric space we asbynaefault that four basic
conditions are satisfied:

» Non-negativity:d(x,y) >0;

* Identity: d(x,y) = 0 <=>x=Yy;,

e Symmetry:d(x,y) = d(y.X); Q)
» Triangle inequalityd(x,y) + d(y,2) > d(x,2) for any points,y,z of the set.

These conditions express our common notions ofuigt. For example, the
distance between distinct points is positive areldistance from poinA to B is
equal to the distance froBito A.

We may also need to find the distance between tegiovs, namely, feature
vectors. Then, in a normed vector spaXgl(|) we can define a metric ohby

d(xy) = k=l (@)

A metric defined in such a way is translation in&at and homogeneous. The
most widely used similarity measure is the Euclidesasure. It can be applied to
measure the distance between two points or bettvemfeature vectors.

However, in real life the symmetry is questionalite,example, the way up a
hill and down a hill takes different time. A similaituation is when we compare
images. We can imagine various criteria, for inséarthe number of particular
elements or segments which constitute a query. ¢Jemben we select as a query
an image among the previous matching images, wairola different set of
matching images because the symmetry is incomplete.

In such a situation a quasimetric may be needeguasimetric is defined as a
function that satisfies the previously mentionedoms for a metric without
symmetry:

d(xy) # d(y.x). @)

This notion is more often used in practice thamathematics, and that is why
sometimes it is called a semimetrics [5].



2.2 Signatures

In our system [3], at the first stage, objemfsire extracted from an imagebased
on low-level features. These features are used dbject classification.
Additionally, the objects’ mutual spatial relatitnys is calculated based on the
centroid locations and angles between vectors atimgethem, with an algorithm
proposed by Chang and Wu [6] and later modifiedGayu and Punitha [7], to
determine the first three principal component vect@C\;, i=1,...,3 for each
objecto;). Spatial object location in an image is usedhasgiobal feature [4].

Definition 2.1 (Image signature [3])

Let the query be an imadg, such aslq={0g, Og,..., Oq}, Where o; are
objects. An image in the database is denotel),ds = {0p1, Op,..., Opm}. LEL US
assume that in the database there are, in tdtalasses of the objects marked as
Ly, Ly, ...,Ly. Then, as the image signatureve denote the following vector:

Signaturel;) = [nobg;, nobg,, ..., nobgy] (4)

where: nobg are the number of objeats of classL, segmented from an image
Note that the length of a signature is always #raesand is equal 1d.

As the second kind of signature we adopt the feagignature defined by
Beecks et al. [8] in 2009 who aggregated features i compact feature
representation, for the purpose of effective caltbtah of similarity between two
data objects. Rubner et al. [9], used two commeaiuire representation types:
feature histograms and feature signatures, whicte werked out from global
partitioning of the feature space and local featlostering for each data object.
Contrary to our approach, these authors appliedaglpartitioning to the feature
space, regardless of feature distributions of singhjects, in order to create
feature histograms which in turn correspond torthmber of features located in
the global partition.

According to Beecks et al. feature signature isnéef as follows:

Definition 2.2 (Feature signature [1])

Let FS O R‘be a feature space ai= C,,...Cy be a local clustering of the
featuredf;,..., f,0FS of objecto;. Then a feature signatu of lengthM ' can be
defined as a set of tuples fronfr& x R such as:

S ={(ce,wl)k=1,.., M} (5)

Zfeckf

where:cy = ol
k

S

is a centroid of similar objects; of imagel; andwy = % i

its weight.



It means that a feature signat&eof objecto;; is a set of centroids; JFS with
the corresponding weightg? [0 R".

According to Def. 2.2. carrying out the featurestéring individually for each
data object reflects aggregation of feature distidm in a better way than any
feature histogram. However, feature histograms arspecial case of feature
signatures, whose centroids stay the same for thelewdatabase and the
information about objects is reflected only via glgs, which results in a
limitation of object representation.

By this approach, Beecks et al. aggregated thectshjlocation in the feature
space which is substituted only by grouping simiégature values in signature and
histogram form. They proposed only seven basiafeat two coordinates, three
components of colour and two texture descriptorsereas we offered 45 features
for a particular object, for example: moments drtrma and Zernike’s moments
[10].

In our adaptation of their method, a number of ctgj@f a particular class were
interpreted as weights. Object centroids repredenttions of real, early
segmented, objects in the image space. Here, ctagsoids are situated in the
geometrical centre among particular object censroid/e also use different
methods to determine the similarity in these twprapches.

2.3 Similarity Functions

Asymmetry is one of the most controversial progsrtof similarity. In this
subsection we describe the asymmetric approaaiage signature matching and
a signature quadratic form distance in comparisdth wtandard similarity
measures, such as Euclidean, absolute differen¢tgaoming. All the measures
are implemented in our search engine [3], [4].

In order to answer the quety, we compare it with each imadg from the
database in the following way. A query image isagted from the GUI, where the
user constructs their own image from selected DBeatb. First of all, we
determine a similarity measure gymbetween the signatures of quegyand
imagely:

sim,,(I,.1,) = Y (nob, —noh,) (6)

computing it as an equivalent with the Hammingatise between two vectors of
their signatures (cf. (4)), such that sjpe0 and max(nob,—nob,; ) <thr, thr is
I

the limitation of the quantity of elements of a farar class by which, andl,
can differ. It means that we select from the DB de®m with the same classes as
the query. The above comparison is asymmetric tsecduwe interchange the
query and the image, we obtain negative similaréjue, that is: simn(lq, Ip) =

= simygn(lp, Ig). Then, the condition of non-negativity of simitgris incomplete.



5

This fact is crucial from the semantic matchingmpaf view because the human
brain recognizes things in context with others.

If the maximum component of (6) is bigger thanegithreshold (a parameter
of the search engine set by the user), then ihaigediscarded. Otherwise, it goes
to the next step and we find the spatial similasityxcy (7) of imaged, andly,
based on the City block distance between their P&Y/s

3
SiMpey (I, 15) = 1“2' PCV, —PCVy | (7)

i=1

Definition 2.3 (Signature Quadratic Form Distance [1])

If so={{cg, w2y k=1,..,M} and S7={{c],wl)k=1,..,N} are two
feature signatures, then the Signature QuadratimHistance (SQFD) between
S°andS‘is defined as:

SQFDSO, Sq) = \/(Wol - Wq)A(Wol - Wq) T (8)

where: ADRMNMN i the  similarity matrix, wy= Wy, ..., wg) and
Wo = W7,..., w2) are weight vectors anehvgf] —wg) = WY,..., w2, —w), ..., —w,}).
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Fig. 1 Matching results for image signature for query 1.

The similarity matrix A can be constructed assuming that there exists a
similarity functionf : FS x FS - R. Theay, components of are calculated as
follows:



ay = f(cg,cf) = —~ ; (9)

vra(egel) 1+[(C1‘§,x—cfx) +(Cl‘3,y_cfy)2]

wherek| =1,...,N+M.

In our approach, there is the same number of dafssesach image signature
(N=M), hence we decided to assume the length of veatpesxdw, equal toM
which implies the size of a square mathix;«v. Then the signature form distance
(8) can be simplified to the form:

SQFDE’ S% = /w,A w,T (10)

anda,, components are computed only kir=1,...,M, according to (9). Here, in
Def. 2.3 and in our approacl! means a query signature, wher&smeans
image signatures in the database. The signatuiiasty computed according to
SQFD (cf. (10)), gives more information than thee@omputed it according to
Simggn (cf. (6)) which is seen in the results.

3 Results
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Fig. 2 Matching results for image signature for query 2

Below we present examples of matching results nbthfor the above-mentioned
similarity measures. We applied two queries designeour GUI. The former is a

semidetached building with a hip roof and the faitea terraced house with three
gable roofs. From the semantic matching point efwithe best results should be
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images of houses with the same kinds of roofs amilas number of building
segments. All figures present query (far left pietin each) and 11 best matched
images which are ordered decreasingly, accordintpacsimilarity to the query.
Fig. 1 and Fig. 2 present results found accordingthe asymmetric image
signature (cf. (6)). We can see that both resuwtstain buildings with two flat
roofs and one with a semicircular type, which asedesired.

Fig. 3 and Fig. 4 present matching for both quecm®puted according to our
modification of signature form distance (cf. (1@j)d all results fulfil the semantic
requirements. Fig. 5 and Fig. 6 present matchinghlese same queries, computed
according to the signature quadratic form distgo€g8)).

Generally, in the case of semantic comparisory difficult to compare these
results in a quantitative way, so that is why wesent the result in full form. This
gives us the opportunity for a qualitative evaloati Hence, as we can see,
especially in Fig. 6, where there are no fully eatrmatchings because separate
doors, stairs, balconies appear strongly undesirakil happens because the
Beecks’ team analysed less information about olgpatial location than we did.
Even though we used the simplified signature foistatice, we obtained better
results thanks to the fact that we added the stparhject spatial location
similarity (cf. (7)).

4 Discussion

In our analysis we have not decided to add suchpalpr approach as the SIFT
method [11], because it mainly concentrates onidimda particular object
similarity without a deep object spatial locatiomadysis. The example of such a
matching is shown in Fig. 7 where to the threeatsed buildings seven houses
with balconies were matched because a gutter ahantess important element
added in the query were found in the DB.

5 Conclusion

In this paper we compare the asymmetric and synmneimilarity measures
applied to two kinds of signatures implemented ur @ontent-based image
retrieval system. In order to present the evalumatid the above-mentioned
similarity measures, we used the database createaur institute containing
mainly images of houses coming from the Internet.

We can observe that in a situation when a signatumndarity is enhanced by
object spatial location, the quality of semanticteching is better. All these
similarity measures are applicable to signaturediféérent size and structure.
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