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Abstract

Near-duplicate image detection requires the matchofh
slightly altered images to the original and willsiss in the
detection of forged images. Much effort has beevotisl to
visual applications that require effective imaggnsiture and
similarity metrics. This paper presents an attentmased
similarity measure in which only very weak assumipsi are

Image matching, visual attention, similaritydetection based on our previous work on attentiaset

similarity [9, 1]. The approach computes a similameasure
on a trial and error basis. This has the significdvantage
that features that determine similarity can matdmatever
image property is important in a particular regiamether it is
a colour, texture, shape or a combination of att¢h Efforts
are expended searching for the best feature forr¢geon
rather than expecting that a fixed feature set w#tform
optimally over unknown patterns in addition to tkkown
patterns. In this context, the proposed image nragcamethod
is based on the competitive evolution of matchiegions

imposed on the nature of the features employeds Thietween two images rather than depending on firatufes

approach generates the similarity measure on laatmh error
basis and has the significant advantage that magdhibased

which are intuitively selected to distinguish image

on an unrestricted competition mechanism that i rOolour and texture- based signatures are also a&ttaand
dependent upon a priori assumption regarding the. d&ompared to the proposed method with applicatiometar-

Efforts are expended searching for the best feafore
specific region comparisons rather than expectiag & fixed
feature set will perform optimally over unknown fegahs. In
this paper colour and texture-based signaturesxdracted to

duplicate image matching. Results are reportedhenBBC
open news archive with different distortions of gma
including cropping, resizing, additive Gaussiansegiimage
shift and contrast change.

compare the presented method in the context of-near

duplicate image matching, and results are repootedhe
BBC open news archive.

1 Introduction

Digital images are easy to manipulate and edit gu¢he
powerful functionality of image processing softwdE3].

This brings the challenge of matching slightly gtk copies
to their originals, which is termed “near-duplicat®age
detection” [2, 5]. Watermarking inserts informatiorio the
media prior to distribution, which can be late agted to
establish ownership. However, sufficient fidelitynda
robustness of effective watermarking algorithms raoé yet
available. Content based near-duplicate image rnmajcls

another complementary method to identify the owmersf

images. The primary theme of content based imagehing

is “the media itself is the watermark”, - the mediédeo,
audio, image) contains enough unigue informatia tan be
used for detecting copies [3]. In this regard, dbermble
effort has been devoted to effective representadiormage
signatures and similarity matching. This is normalased on
the assumption that near-duplicated images wilsteluin a
pre-defined feature space [12]. Due to the greadrdity in a
comparatively general image database, there isuasagtee
that the selected features will cope with unsedtepss. In

The remainder of this paper is arranged as folldw&ection
2 different similarity measurements such as thenstin
based similarity measure, colour histogram intdisecand
texture based signature matching are describederiErents
are conducted on the BBC open news archive andtseme
shown in Section 3. Conclusions are addresseddtioBed.

2 Signature extraction and similarity matching

2.1 Visual Attention Similarity Measure

Studies in neurobiology [11] suggest that humanualis

attention is enhanced through a process of competin

interactions among neurons representing all of gtieauli
present in the visual field. The competition resuh the
selection of a few points of attention and the sapgion of
irrelevant material. In this context of visual atien, we
argue that humans are able to spot anomalies imgles
image or similarity between two
competitive comparison mechanism, where dissiméad
similar regions are identified and scored by meafna new
similarity measure. The comparison is a flexible @ynamic
procedure, which does not depend on a particulatufe
space which may be thought to exist in a generalgen

this research we present an attention based sityilaflatabase.

matching method with application to near-duplicatege

images through a



Let a measuremera:(ai,az,ag) correspond to a pixel Step 4: Define a corresponding fog ;

X = (Xl, x2) in image A and a functioR is defined so thad
= F(X).
Consider a neighbourhood N &f where

N ={x ON if andonlyif |(x -x) < &}
Select a set (called a fork) of random pixelsS, from N

where Step 7: Otherwise loop to Step 3.
Sy ={X1, X310 X} -
Select another random pixgin image B and define the forkthe total similarity (called Cognitive Visual Attéon CVA)

Sy score between images A and B is calculated as befowh
. . , v is normalised by the number of trials and pixelsniage A:
S, ={V1. 2. Y} Wherex—x =y-y, Oi. y P g

The fork S, matCheSISy f Cas =%Z ( Z 1| S, matchesS,,, O|otherwisg
F (v)-F(x)ss O M A & viSee

That is, a match occurs if all colour values (suff) of

corresponding pixels ir§, and S, are close. The similarity Where”P“ is the number of pixels in image A aMlis the

score of a pixek is incremented each time one of a selMof number of forks which are generated to centr& and match
neighbourhoods S, matches a neighbourhoods, image B. The final CVA score is normalised by af-sel

surrounding somg in pattern B. This means that pixelh A matching score, i_e_C'::AB =CAB/CAA' where A is a query
that corresponds to large numbers of matches bateeange image and B is a target from the database.
of M neighbouring pixel set§, and pixel neighbourhoods

somewhere in B are assigned high scores. In Fign £ 3 2.2 Colour-based Signature and Matching
pixels x' are selected in the neighbourhood of a pixeh
pattern A and matched with 3 pixels in the neighhood of
pixel y in pattern B. Note that pixel itself does not have to
match pixely.

Step 5:p=p+1;if p>M thengo to Step 2

Step 6: If S, matchesS, thenC,g =C,g +1 and generate
anothelS, ; loop to Step 4.

Swain and Ballard [10] first introduced colour bigtam
intersection (HI) as a similarity measure to ind@ages and
demonstrated its robustness to many variationaudingy a
change in orientation, a shift in viewing positamd a change

A parameters is introduced to limit the area in pattern B" the scene background, partial occlusion, or hslig

within which the locationy is randomly selected.s = 2 degradation.. A polour histogram simply represerte
defines the dotted region in Fig. 1. This improube number of pixels In an image having a partlculgrﬁ?@Iue.
efficiency of the algorithm in those cases wheris iknown Then, the colour histogram is normalised by dividby the

that corresponding regions in the two images aifeeshby no number of pixgls in t.he his“’gfam- An inter§ectismppl?ed
more thans pixels. In effects represents the maximumt© the normalised histogram in order to find thmikirity

expected mis-registration or local distortion betwell parts Petween two images as follows.
of the two images. HI =" min(Q(i), T (i)
i

where i is the index of a component in the histogr®(.) and
T(.) represent the histogram of a query and a targage

________ ,_ﬁjﬂ ;
: - : T respectively.
[} 1 I
& | L

I ! L 1 2.3 Gabor-based Signature and M atching

Texture, like colour, is a powerful cue for the lgs&s of
images and it contains important information abalie
structural arrangement of image content, surfacek their
relationship to the surrounding environment [8]nc®i the
early 1990s researchers have introduced thavelet
transform and the Gabor filter into texture measurement
schemes. The Gabor filters have been demonstrateuk t
optimal in terms of minimizing the joint two-dimeanal

Figure 1 Neighbourhood at locatismatching at locatiog

The similarity score between image A and B is daked in
the following steps:

Stepl:C,z =0; uncertainty in space and frequency [6]. The Galmr$ can
be considered as orientation and scale-tuneable adg line

Step2: For each pixelin A, generate a random forg, ; detectors, and the statistics of these micro featim a given

p=0; region are often used to characterize the undeyly@xture
information.

Step 3: Select random pixeln image B;



A two-dimensional mother Gabor filter is representas

below [6] The similarity score between two images Q and T is
1 1 X2 y? normalised as:
Xy)= exp ——| — +—=— |+ 27qwx
a(x.y) (zmxay] 27 o 7iw. Q1) =1 dQT)
maxd @Q,T))

Gabor functions form a complete but non-orthogdizais set. where T is an arbitrary image from the database.
A set of filters can be obtained by expanding thethar _
Gabor filter by appropriate dilations and rotatioms 3 EXperiments

g(X,y) through the generation function as following. Experiments were carried out on images downloadsd the

oo X, y):a‘mg(x' Y ) BBC open news archives [4]. 75 videos (more tha®,&m
frames) cover different topics including conflicied wars,
disasters, personalities and leaders, politicsense &
_ _ B ; technology, and sports. Since many frames withiscene
m,‘Q ! s-1 and.n_Q 1 .. k-1. s Is the number c?f differ only slightly, and to utilise the diversity the database,
orientations andk is the number of scales. The following 395 non-contiguous frames were randomly extradtech
functions are used to calculate the parameters usétie i set of every 100frame in the videos to form the database.
above function. The size of the original frames is 352 x 288 pEx@ll images

1 were randomly chosen as queries from the databadeda

A
y

where x =a™(xcog+ysing), y =a"(-xsind+ycod), g-",

distorting transforms were applied to each imagguuting
additional Gaussian noise, contrast increase, arap shift,
and resize (see Fig. 2(a)-(e) ). These distorteajén were
where Uy, and U, denote the lower and upper Centrgen aqded to the image database making a totdl4d6

frequencies of the Gabor filters. images. Images are considered as near-duplicafgdsconly
_ \/E(a—l)uh if they match the distorted images as well as vamyilar
x = \/ﬁ(aﬂ)ﬂ frames that were in the same shot as the queryefrdimese

very similar frames are identified where people Idonot

and recognise the difference between them, for exantp&epairs

e 20,2 (2In2)0? > 2 of images in Fig. 3,. In Fig. 3, two images in fhist row are
o, =tan_— | u,—2In 2n2-——+

2 p at a 200 frame distance and the second group & HI0

u U : . .
" n frame distance, however, they are nearly identical.

Given a gray intensity level of an imadg,. with RxC

pixels, its Gabor transform is then defined as Fig. 2 shows the r(_alationship of the normalisedilair_irw
R C scores of the attention based method, the colostodriam

W,.(X Y) :ZZiwcgEm(x—xr,y—yc) intersection, and the Gabor based signature majamntwo

% =1y=1 groups of original examples and their altered capié is
where * indicates the complex conjugate. illustrated in Fig. 2 (f)-(g) that similarity scaef the near-

duplicated copies are most close to the originages based

The meanu®. and the standard deviatiad®. of W, are ©ONn the CVA method, followed by similarity matchirgf
i Gabor-based signature and colour histogram intéosec21
calculated as the feature components in a feate®ov ¢q,rce query images are examined and repeat thigt.re

Fgabor. According to our early research [1], with M increds the
R C trend of similarity score distribution was more @uws. It is
> > W (x,y)| interesting that blurred and contrast shifted insageem less

us =22y affected in the CVA similarity matching compared dther

RxC alterations. The colour histogram intersectionégnsensitive

to Gaussian noise and cropping operations.

)2

x=1 y=1

\/ ZZQWmn(x, y) = o,
Onn =

RxC
- [¢] (¢] [¢] (¢] g g
Fgabor - <:uOO’ 500! :uOl’ 501’ e uus—],k—l’ 53—1,k—l>

The distance between query image Q and target ifiage
calculated as below.

d@QT) = Y |Fonl) = P (i)

where i is the index of a component in a Gaboraect



in the database; precision is the ratio of the nremds near-
duplicate images retrieved to the total numberraflévant
and relevant images retrieved.

(b)

Figure 3 Examples of near-duplicated images
(a) Two frames with 200 frame distance
(b) Two frames with 100 frame distance

The proposed similarity measure takes about 1 skdon
compare two images in a single thread on a 2.0G&#itm
4 computer. The matching of forks can be carried iou
parallel as each operation is independent of therst and
could potentially run at video speeds of faster.
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Figure 2 Normalised similarity score distribution

(a) original images (b) with additional radius-1u@sian blur B,
(c) with contrast increased 25% (d) cropped anfieshto the precision

right (e) resized to 80% of original image (f) Naimsed o CVA similanty

similarity score distribution of (a)-(e) of the emple images -~~~ colour histogram intersection

in the first group (g) Normalised similarity scadestribution eexenr Gabor based signature matching
of (a)-(e) of the example images in the secondgrou

Figure 4 Average recall versus precision on 105igse
Fig. 4 illustrates the average precision and rqmafformance
on 105 queries of the attention based matchingrighgo The 105 queries consisted of the 21 randomly chasages
(M=20) against two other methods: (a) similarity rhitig together with their 4 distorted versions. It is euwtthat
based on colour histogram intersection and (bjutexbased although the Gabor-based signature matching method

signatures. Recall is the ratio of the number afrruplicate demonstrates a similarity score distribution claséhe CVA
images retrieved to the total number of near-dapdiémages



based similarity measure in context of near-dupidamages, [7] Multimedia

it obtains worse performance. The reason is thatGhbor-
based method is affected by close similarity sctretsveen
query images and other dissimilar images.

4 Conclusions

This paper has shown that a new attention basetasim
measure that is used to obtain promising near-cafeld

image detection performance. The similarity is dateed by [10]

the amount of matching structure detected in pafiisnages.
Such structure that is found to be in common betvspecific

pairs of images may not be present elsewhere inldtebase [11]

and would be unlikely to be taken into account Hixed set
of features applied universally.

[12]

Colour histogram intersection and Gabor based tigea
matching are introduced to compare to the proposethod.

Experiments are conducted on the BBC open newsvassh [13]

which contain a great diversity in the image dasgb&esults
demonstrate that the CVA based similarity measuréme
achieves the best precision and recall performafotiewed
by Gabor-based similarity measurement and colagtogram

intersection.

In the similarity score distributiortopied

images are most closely clustered to its originabpplying
attention based similarity matching compared withbGr
feature signature and colour histogram demonstatn
greater immunity to distortion.
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