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An Interactive Approach for Filtering out Junk
Images from Keyword Based Google Search Results
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Abstract—Keyword-based Google Images search engine is nowassociated text terms for automatic indexing of largeescal
becoming very popular for online image search. Unfortunately, online image collections. Unfortunately, Google Imagesce
onIy the text terms that are epr|C|tIy or |mpI|C|tIy linked with the engine is still unsatisfactory because of the relativelw lo

images are used for image indexing but the associated text terms . t d th £l ts of iunk
may not have exact correspondence with the underlying image Pr€C!SION rale and the appearance ot large amounts of jun

semantics, thus the keyword-based Google Images search enginédMages [1-5]. One major reason for this phenomena is due
may return large amounts of junk images which are irrelevant to the fact that Google Images search engine simpli es the
to the given keyword-based queries. Based on this observation,image search problem as a purely text-based search problem,
we have developed an interactive approach to lter out the anq the underlying assumption is that the image semantics
junk images from keyword-based Google Images search results - . .

and our approach consists of the following major components: &€ directly related_ to the associated tex_t terms (whichbzan
(a) A kernel-based image C|ustering technique is deve|oped to extracted automat|ca|ly from the associated text document
partition the returned images into multiple clusters and outliers. the le names or the URLs). However, such oversimpli ed
(b) Hyperbolic visualization is incorporated to display large image indexing approach has ignored that the associatéd tex
amounts of returned images according to their nonlinear visual terms may not have exact correspondence with the underlying

similarity contexts, so that users can assess the relevance beeme . tics. This is th . hy G le|
the returned images and their real query intentions interactively 'Mag€ SemMantics. This 1S the major reason why -00gi€ Images

and select one or multiple images to express their query intentions Sear.Ch engine may rgturn large amounts of jU”_k imaggs V_VhiCh
and personal preferences precisely. (c) An incremental kernel are irrelevant to the given keyword-based queries. In aadit

learning algorithm is developed to translate the users' query g |ot of real world settings, such as photo-sharing web sites

intentions and personal_ preferences for updating the_mixture- may only be able to provide biased and noisy text terms for
of-kernels and generating better hypotheses to achieve more .

accurate clustering of the returned images and Iter out the junk image annotation which may furth_er mislead the keywo_rd-
images more effectively. Experiments on diverse keyword-bage based Google Images search engine. Therefore, there is an
queries from Google Images search engine have obtained veryurgent need to develop new algorithms for Itering out theku

positive results. Our junk image ltering system is released for images from keyword-based Google Images search results [1-
public evaluation at: http://www.cs.uncc.edu/jfan/google demo/. 5].
. _ _ _ The visual properties of the returned images and the visual
Index Terms—Junk image ltering, mixture-of-kernels, incre-  similarity contexts between the returned images are very im
mental kernel learning, hyperbolic image visualization, user- ,ant for users to assess the relevance between theadturn
system Interaction. . . . .
images and their real query intentions. Unfortunately, g®o
Images search engine has completely ignored such important
I. INTRODUCTION characteristics of the images and the keywords for image

S online image sharing and personal journalism becorifglexing may not be expressive enough for describing tfte ric
more and more popular, there is an urgent need @gtails of the visual content of the images, thus it is vemdha
develop more effective image search engines, so that usisGoogle Images search engine to assist users on looking fo
can successfully access large-scale image collections th@me particular images according to their visual propertie
are available on the Internet. Keyword-based Google ImagBge huge number of returned images and the appearance of
search engine has achieved great success on exploiting thfejunk images may bring huge burden on users to look for
some particular images through page-by-page browsingn Eve
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Ié?;;‘;em;::;:;l || Pt Fenture Misture LKk | |y Tuags the returned images and create more precise visualization o
Search Basic Kernels Image Clustering | Visualization the returned images for next hypothesis making loop.
The paper is organized as follows. Section 2 briey re-
@ views some related works on junk image ltering; Section
No 3 introduces our work on fast feature extraction for image
Query Intention content representation; Section 4 introduces our mixtdire-

Expression &

Increment Kernel Learning | Hypothesis Making kernels algorithm for diverse image similarity charactation;

Fig. 1. The owchart for our interactive junk image lIteringystem. Section 5 describes our incremental kernel learning dlyori
to achieve more accurate image clustering and generater bett
hypotheses for junk image ltering; Section 6 summarizes ou

that the underlying techniques for query result displag.(i. work on algorithm and system evaluation; We conclude in
page-by-page ranked list of the returned images) canmwallsection 7.

users to assess the relevance between the returned imabes an
their real query intentions effectively. Many pages aredege
for displaying large amounts of returned images, thus it is
very tedious for users to look for some particular images of Some pioneer works have been done to improve the per-
interest through page-by-page browsing. Things may becofaemance of keyword-based Google Images search engine [1-
worse when the ambiguous keywords with many potentig]. To Iter out the junk images from keyword-based Google
word senses are used for query formulation. Because theages search results, Fergus et al. have applied conistella
visual properties of the returned images are completelgrgsh model to re-rank the returned images according to the appear
for image ranking, the returned images with similar visualnces of the image objects and some promising results have
properties may be separated into different pages. Idesrs been achieved [1-2], where both the appearance models for
would like to have a good global overview of the returnethe distinct object parts and the geometry model for all the
images in a way that can re ect their principal visual proppossible locations of the object parts are incorporateeaon
erties effectively and allow them to navigate large amountise object models explicitly from a set of training images.
of returned images interactively according to their nagdin Unfortunately, large amounts of high-quality training ipes
visual similarity contexts, so that they can assess theaete are needed to learn such complex object models reliably.
between the returned images and their real query intentidgaswever, image search results (returned by Google Images
interactively. search engine) are very noisy and cannot directly be used
By integrating multi-modal information (visual similayjt as the reliable image set for training such complex object
associated text terms, and users' query intentions), we hamodels. Because large amounts of training images are needed
developed an interactive approach to Iter out the junk iesg to achieve reliable learning of the object models, suchgssc
from keyword-based Google Images search results. Our intéar object model learning could be computation-sensitind a
active junk image Itering scheme takes the following majothus it is very hard to achieve junk image ltering in real 8m
steps as shown in Fig. 1: (a) Keyword-based Google Imaggisnearly in real time. In addition, the image semantics doul
search engine is rst performed to obtain large amounts bf interpreted in multiple levels: the underlying objectssles
returned images for a given keyword-based query. (b) Fawtd the semantics of entire images at different conceptsleve
feature extraction is then performed on the returned imégeg14, 17-20].
extract both the global visual features and the local vigegl The research team from Microsoft Research Asia have
tures for image content representation. (c) The diversealis developed several approaches to achieve more effectige clu
similarity contexts between the returned images are charéering of image search results by using visual, textual and
terized more accurately by combining multiple kernels.(i.elinkage information [3-5]. Instead of treating the asstezia
mixture-of-kernels) and a kernel-based clustering tamimiis text terms as the single information source for image inuexi
used to partition the returned images into multiple clistard and retrieval, they have incorporated multi-modal infotiova
outliers. (d) A hyperbolic visualization algorithm is igi@ted sources to exploit the mutual reinforcement between the
to display large amounts of returned images according itbages and their associated text terms. In addition, a tri-
their nonlinear visual similarity contexts for supportingpre parties graph is generated to model the linkage relatipsshi
understandable relevance assessment. (e) If necessarg, wmong the low-level visual features, images and their assoc
can select one or multiple relevant images to express thated text terms. Thus automatic image clustering is actiieve
query intentions and personal preferences precisely angerge by supporting tri-parties graph partition. Incorporatimglti-
ate better hypotheses for junk image ltering. An increnzént modal information sources for image indexing may improve
kernel learning algorithm is developed to translate thasisethe performance of image search engines signi cantly, but
guery intentions and personal preferences for updating tihenay be very hard to extend such approach for achieving
mixture-of-kernels to achieve more accurate charactiwiza junk image lItering because the tri-parties linkage graphild
of the diverse visual similarity contexts between the insagée very complex and tri-parties graph partition could be a
and learn more accurate SVM classi er for ltering out thecomputation-sensitive process.
junk images more effectively. (f) The updated mixture-of- On the other hand, both the interpretation of image seman-
kernels is further used to achieve more accurate clustefingtics and the assessment of image relevance are user-depende

Il. RELATED WORKS
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(i.e., user's background knowledge plays an important rg
in image semantic interpretation and relevance assesgme!
it is very important to incorporate users' expertises arglrth
powerful capabilities on pattern recognition for enhagoim- ?
line image search. Thus one potential solution for junk imag,
Itering is to involve users in the loop of image retrievalavi
relevance feedback, and many relevance feedback teclsnig
have been proposed in the past [6-13]. Unfortunately, ali¢h
existing relevance feedback techniques require userbéd éa
reasonable number of returned images into the relevans cl.._ -
and the irrelevant class for learning a reliable model taljopte F'9: 2. Wavelet transformation for texture feature extaetand 10 simple
. . . image partition patterns for local color histograms extcti

users' query intentions, thus they may bring huge burden on
the users. When large-scale image collections come intg, view ) _ _
a limited number of labeled images may not be representati/dery intentions more precisely and make better hypotheses
for large amounts of unseen images and thus a limited numif@y junk image Itering.
of labeled images may not be sufcient for learning an
accurate model to predict users' query intentions pregi€& IIl. FAST FEATURE EXTRACTION
data page is used for image display and the nonlinear visuaFor supporting online junk image ltering, the underlying
similarity contexts between the images are completelynegio approach for image content representation and feature ex-
for image ranking, thus the returned images with similanais traction should be able to: (a) characterize both the global
properties may be separated into different pages. Such pagsual properties and the local visual properties of thegeza
by-page image display approach cannot allow users to seeffectively and ef ciently; (b) reduce the computationalst
good global overview of large amounts of returned imagesgni cantly for feature extraction and image similaritgter-
(i.e., image clusters and their similarity structures)he rst mination because such junk image ltering process should be
glance, thus users cannot assess the relevance betweerathé&ved in real time or nearly in real time.
returned images and their real query intentions effegtiagid Based on these understandings, we have developed an
provide their feedbacks precisely for junk image Itering. alternative approach for fast feature extraction to achiav
addition, all these existing relevance feedback techmidna®e good trade-off between the effectiveness for image content
not provided a good solution for hypotheses visualizatiod arepresentation and the reduction of the computational cost
assessment (i.e., visualizing the margin between theaetevfor feature extraction and image similarity determinatido
images and the junk images to enable better hypothesis makathieve more accurate representation of the diverse visual
and assessment). properties of the images, both the global visual features an

New visualization tools are strongly expected to suppattie local visual features are extracted for image contgmt re
user-dependent and goal-dependent choices about whatetentation and similarity characterization [14-20]. ®duce
display and how to provide feedback. Image seekers oftdre computational cost for feature extraction, we use the
express a desire for a user interface that can organize thembnails from Google Images instead of the original-size
search results into meaningful groups, in order to help theémages for feature extraction.
make sense of the search results, and to help them decide whaihe global visual features such as global color histogram
to do next. Some pioneer works have been done on supportargl wavelet texture features (shown in Fig. 2(a)) can pmvid
similarity-based image visualization [19-20, 26-30], bubst the global perceptual properties of entire images, but they
existing techniques for image projection and visualizatitay may not be able to capture the object information within the
perform well when the images belong to one single clustémages accurately. Our local color histograms can provide
and fail to project the images nicely when they are spredite principal visual properties of the image objects ataiert
among multiple clusters with diverse visual properties. accuracy level and reduce the computational cost signtlgan

To capture users' query intentions precisely and generdte our current implementations, the global visual features
better hypotheses for junk image Itering, three key issuansist of 32-bin global color histogram and 62-dimensiona
should be addressed jointly: (a) incremental kernel legrnitexture features from Gabor Iter banks. The local visual
should be supported for reducing the computational cost [Features consist of 10 32-bin local color histograms ang the
33], so that users can interactively change the underlying hare extracted from 10 simple image partition patterns as
potheses for lItering out the junk images in real time or rigar shown in Fig. 2(b) and Fig. 2(c), so that the principal visual
in real time; (b) the convergence of the underlying techegjuproperties of the image objects will not be weakened by the
for incremental kernel learning should be guaranteed; ific) sisual properties of the background which may cover the most
interactive interface should be developed to enable siityita space of the picture. When people take the photos, they may
based visualization of large amounts of returned images [I8ormally put the attended objects in the centers of the image
20, 26-30], generate more understandable assessment ofTties we assume that the image objects of attention normally
hypotheses for junk image ltering (i.e., make the margitocate at the centers of the images in two ways as shown
between the relevant images and the junk images to be mord-ig. 2(b) and Fig. 2(c), and such assumption is correct in
visible and more assessable), and allow users to expreiss tigeneral for our experiments.
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One major advantage of our fast feature extraction approathus it is very hard to de ne suitable criteria to achieve
is that it can achieve a good trade-off between the effanisse automatic junk image lItering. One promising solution for
for image content representation (i.e., characterizinty Iioe these dif culties is to allow users to interactively proeid
global visual properties of the entire images and the locatlditional information (i.e., their query intentions aretgonal
visual properties of the image objects) and the signi camreferences) for generating better hypotheses for junigéma
reduction of the computational cost for feature extragtiortering. Unfortunately, most existing relevance feedkaech-
thus it can be performed in real time. It is also importantiques require users to label a reasonable number of returne
to note that our local color histograms focus on extractirg timages into the relevant class and the irrelevant classzhwhi
local visual properties of the image objects for achievimgen may bring huge labeling burden on the users and may further
accurate image clustering by reducing the misleading &ffestop them to use such tools for junk image Itering.
of the background on image similarity characterizationh&t t In order to allow users to express their query intentions
object level, such local color histograms are not requied more precisely and assess effectiveness of the underlying
be discriminative enough to achieve automatic object dietec hypotheses for junk image ltering more effectively, it ieny
and recognition because users will be involved in the loop ohportant to support similarity-based visualization ofgia

image retrieval. amounts of returned images [26-30], so that users can see the
margins between the relevant images and the junk images at
IV. | MAGE SIMILARITY CHARACTERIZATION the rst glance. To generate more precise visualizatioracjé

ﬁlmounts of returned images, it is very important to create a
good partition of large amounts of returned images accgrdin
to their nonlinear visual similarity contexts.

To lter out the junk images from Google Images searc
results, the rst question is to de ne more suitable simithar
functions to characterize the diverse visual similaritytexts
between the returned images accurately. Recently, the fuse o
kernel functions for data similarity characterizationydaan V. JUNK IMAGE FILTERING
important role in the statistical learning framework [24},2

. : . _In this paper, we have developed an incremental kernel
where the kernel functions may satisfy some mathematlcfal ; ; : .
earning algorithm to determine the optimal values of the

requirements and possibly capture some domain knO\Nledﬂ%'por’[ance factors for kernel combination (i.e., mixtafe-

To achieve more accurate approximation of the diverse Yemels construction) by taking users' query intentionsl an

sual similarity contexts between the images, differenhé&kr . : o .
. . . ersonal preferences into consideration: (1) The mixbfire-
should be designed for different feature subsets becaese t . . o L
kernels for diverse image similarity characterizationniial-

statistical properties of the images are very different. In . : .
) . ized by maximizing the margins between the majority group of

this paper, we have incorporated three feature subsets for . . . : i

. : o the returned images (i.e., the returned images which ddmina

image content representation and three basic image kereels

. : ) R 2 the visual properties) and the outliers (i.e., obvious junk
designed for diverse image similarity characterizatioB][2 images which their visual properties are siani cantly diént
The diverse visual similarity contexts between the retdrn g prop 9 y

. . . N&om the dominant visual properties). An interactive ifdee
images are characterized more accurately by using a linear

L o ; .. IS designed to visualize the returned images according to
combination of these three basic image kernels (i.e., mextu , . ; . Co .
of-kemels) [23]: their nonlinear visual similarity contexts, which can allo

users to assess the relevance between the returned images

X3 and their query intentions more effectively and expres# the
(x;y) = iKi(%y); i=1 (1) query intentions more precisely. (2) An incremental kernel
i=1 i=1 learning algorithm is developed to translate and incorgora
where ; 0is the importance factor for thieh basic image the users' query intentions and personal preferences for up
kernelK;(x;y) for image similarity characterization. dating the mixture-of-kernels and learning the SVM classi

The rules for kernel combination (i.e., mixture-of-keselincrementally to Iter out the junk images more effective(8)
construction by selecting the optimal values for theseethrd@he updated mixture-of-kernels is further used to createemo
importance factors ) depend on two key issues: (a) Theaccurate clustering of the returned images and achieve more
relative importance of various feature subsets for diveregje precise visualization of the returned images for next hiyesis
similarity characterization; (b) The users' query intens and making loop.
personal preferences (which may not be known without users'
inputs). Based on these observations, we have developed an )
incremental approach to achieve optimal kernel combinatidA' Image Clustering
which treats the junk image Itering process as an incremlent Our online junk image Itering system is implicitly con-
process for SVM classi er training by taking users' querynected with the keyword-based Google Images search engine,
intentions and personal preferences into consideration.  thus users are allowed to type in keywords to start their goal

Because the keywords for query formulation may not ba&f image search and the returned images for a given keyword-
able to capture the users' query intentions effectively arzhsed query are automatically obtained by the Google Images
ef ciently, the keyword-based Google Images search engigearch engine. For the given keyword-based query, ourenlin
may not know which image cluster is relevant to the usergink image ltering system can download 200 returned images
intentions or which image cluster is irrelevant at the begfig. automatically from Google Images. Obviously, our system ca
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also allow users to de ne the number of returned images the-
want to look for according to their personal preferences. -

The user-independent hypothesis (i.e., hidden hypothes
for junk image lItering is that the returned images for a give
keyword-based query can be partitioned into two groups:
majority group of the returned imageshich dominate the
visual properties of the returned images and locate inside=-:
cluster sphere; (bputliers which their visual properties are
signi cantly different from the dominant visual propersief
the returned images and locate outside the cluster sphere.

One-class SVM algorithm [22] is used to model such hidde
hypothesis by determining a smallest enclosing sphere |
radiusR to cover the majority group of the returned image‘,‘gi‘g. 3. The obvious junk images for the keyword-based query.l};nmin"
for the given keyword-based query: are separated effectively from the majority group of the megd images and

are projected on the left-upon corner.
8J-N=1 k(%)) k> R? 2

whereN is the total number of images returned by the givegypject to
keyword-based image query, is de ned as the center of the

majority group of the returned images, N C. X
8J =1 - 0 J ﬁ' i = 1
)(\I J =1
= () ©) . . .
=1 Thus the decision function (i.e., one-class SVM classifer)
To enhance its robustness to the outliers, soft constrairts 'Mage clustering can be determined as:
incorporated by adding slack variables: X M
- R2 X o (x .
8, 1k (x)) K R*+ ;; ;0 (4 Te)=R ; i (Xiixp)+2 | i (Xx) (%x)
Thus the problem for incorporating one-class SVM algorithm (10)
for image clustering can be de ned as: We can further de ne the distance between an image with
g " 9 the visual featureg and the center of the cluster sphere:
min  R?+ % j . (5) ,
' j=1 R°(x)= (x;x) 2 i (Xpix)+ i (Xisxj)
subject to . N (11)
8, 1k (x) Kk RZ+ §; i 0

x3 x3
= (Xisxj) = iKi (Xi5%j); i=1 (12)
whereC is a constant an% jN:1 j is a penalty term. i=1 i=1
We can solve this optimization problem with Lagrangian tpe image with the visual features which locates on the

multipliers: surface of the cluster sphere (i.8%(x) = R?), is treated as
L = R2 X (R K (x) K2) | X - c X ~asupport vectorOn the other hand, the image with the visual
j ! J J '1ON I featuresz is treated as the outlier (i.eQ(z) =1):
_ - ® g 1, R2(z)>R?2
where ; Oand ; 0 are the Lagrangian multipliers. O(2) = (13)
The Lagrangian multipliers problem can be solved by: * 0 otherwise
%:;z %‘: g‘ =0 (7) whereR is the radius of the smallest enclosing cluster sphere
J to cover the majority group of the returned images for the
which can lead to: given keyword-based query.
X C A good combination of these three basic image kernels (i.e.,
=1, =N (11)  the mixture-of-kernels with the optimal values of theseeéhr

i importance factors ) should be able to achieve more accu-
| =0; (R2 + k() k2) ;=0 (8 rate approxmanon of the d|ve.rse visual S|m|I:_ar|ty corgex
_ - between the images and result in better separation between t
The dual form for the Lagrangian optimization problem camajority group of the returned images and the outliers. Thus

be re—writte% as: 9 the optimal values of the importance factorsfor an initial
< W W = combination of these three basic image kernels (i.e., witho
max i (Xj5%5) i (XirXj). (9) considering the users' query intentions and personal prefe

j i ’ ences) can be obtained by maximizing the margin between
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of the smallest enclosing cluster sphere for lttecluster and
— it is de ned as:

. o X 1 XX
Ri(xi) = (Xi;xi) N (Xi;Xj)+W_ iom o (X5 Xm)
j=1 j=1 m=1
P (16)
whereN, = =1 i Searching the optimal values of the

membership parametersthat minimizes the expression of the
; trace in Eq. (15) can be achieved effectively by performing
q kernel K-means algorithm [21].
e Partitioning the returned images into multiple clusters ac
cording to their nonlinear visual similarity contexts caairg

= «—  several bene ts: (1) It can provide a good global overview of
Fig. 4. The obvious junk images for the keyword-based quecgdn” are

separated effectively from the majority group of the retdriraages and are Ia}rg'e a,mounts of retum_ed images (i.e., |mage cIus'Fershmd t
projected on the left-down corner. similarity contexts), which may reveal the interesting vere

unexpected distribution trends of the returned images.sThu
users can assess the relevance between the returned images
and their real query intentions more effectively. (2) It can

the outliers and the majority group of the returned images:

max ( X ) provide a good insight of large amounts of returned images
min  (z:%);R%(z) > R? R?(x;) = R? and achieve more precise visualization of the images with
I=1 better preservation of both their global similarity stuwets

_ o ) (14) (i.e., image clusters and their similarity contexts) andirth
whereT is the total number of outlying images, is the set |ocal similarity structures (i.e., nonlinear visual siaity

of the support vectors (i.e., the returned images locatehen toniexts between the returned images in the same cluster).
boundary of the cluster sphere). (3) It can support automatic label propagation and reduee th

After the optimal values for initial combination of thesgsers' efforts signi cantly for labeling the images to eteab
three basic image kernels are obtained, the correspondifgremental kernel learning.

mixture-of-kernels is used to create a good partition of the
returned images and generate an initial visualization ef th
returned images, so that users can assess the correctues$a
the effectiveness of the underlying hypothesis for junkgma To incorporate image visualization for assisting users on
Itering. relevance assessment and better hypothesis making, ityis ve
The returned images in the majority group, which have beénportant to develop new visualization algorithms thataiée
separated from the outliers (i.e., obvious junk images?, &io preserve the nonlinear visual similarity contexts bemthe
further partitioned into multiple clusters according teeith returned images. In this paper, locality preserving prigec
nonlinear visual similarity contexts. In this paper, we éaJs used to preserve the nonlinear visual similarity corstéat
seamlessly integrated one-class SVM algorithm [22] with tHmage projection and visualization [25].
kernel K-means algorithm [21] to achieve better partitiofis ~ The local similarity matrix for theseN returned images
the returned images in the majority group. Our algorithnesakcan be obtained by calculating the kernel-based similarity
the following major steps: (a) We assume there amdusters distance between the images and its compongntis used
for the returned images in the majority group, the centet@ characterize the local visual similarity context betwéeo
and the radias for these clusters are denoted ag, R, returned images with the visual featuresandx; :

Jmage Projection and Visualization

=1, , . lIdeally, the optimal number of image clusters 3@
should be determined by an iterative process, but suchmera i = )T (x)= (xiix) = Ki(xisx)  (17)
process could be computation-sensitive and it is unpractic =1

for enabling online junk image ltering. Thus we set theBy integrating multiple kernels for image similarity char-

maximum number of image clusters as 10 heuristically for acterization, our mixture-of-kernels algorithm can di

all th_e queries, and good performance can be obtained far i nonlinear visual similarity structures between thegew
ambiguous search terms (ambiguous search terms may hgﬁfgctively

more clusters for different word senses) in our experiments Given a set of returned images and their visual features
(b) The optimal partition of the returned images in the nigjor

. . N - X = fXx1;X2;  ;Xn G, let A be the transformation matrix
roup is obtained by minimizing the trace of the within-¢&rs e P ;
gcattzr matrix,S,, T):we scatter ngnatrix is given by: andY = fyi;Y2; iy g be the projection locations of these
: 9 y: N returned images on 2-D display screen, we can have the
1 X W following transformation:
— 2
= = i Ry (Xi) (15)
SW N =1 i=1 o I yi = AT (XI) (18)

where i is the membership parametef, = 1 if x; 2 C, and Given the local similarity matrix for all theseN returned
0 otherwise,C; is thelth image clusterR?(x;) is the radius images, the optimal projection can be obtained by solvirg th
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following minimization problem:

8 9
RN\ =
argmin
Aoptimal = gA . (vi Yj )2 ij .
T '
8 9
argmin <X =
— T T 2
= A . AT ) AT G .
T '
_ argmin 1 T
= SO0 AT () T()A (19)
where is the graph Laplacian, e —
Fig. 5. The obvious junk images for the keyword-based quemrise” are
X separated effectively from the majority group of the retdrireages and are
= D ; D = i (20)  projected on the left-upon corner.

j
whereD is a diagonal matrix. The optimal solution for Eq.

(20) is to ensure that if two images with the visual featurd¥h€res is the scaling factor. Intuitively, the Poinéamap-
xi andx; are close in the high-dimensional feature spaéﬁng makes a unit Euclidean distance correspond to a longer

and their projection locationg; andy; are also close each"YPerbolic distance as it approaches the rim of the display
other on 2-D display screen. Thus the algorithms for kerndfnit circle. In other words, if the images are of xed slze,
based image clustering and locality preserving projectio €y would appear larger when they are closer to the origin
integrated seamlessly for preserving both the global aiitjt of the dlgplay unit circle and.smaller V\_/hen they are fu.rt.her
structures and the local similarity structures between tR¥/@y. This property makes it very suitable for visualizing
images, and a nearest neighbor search in the 2D image dispfige @mounts of returned images because the non-uniformit
space will obtain the same results in the high-dimension‘gl'ﬁtance_mappm_g creates an emph_a3|s for the f?‘%"”ed Im-
feature space. By integrating the mixture-of-kernels ael tages wh|;h are in current focus, while de-emphaS|_Z|ng those
locality preserving projection for image clustering and-pr returned images that can further form the focus point.
jection, our algorithm can preserve both the nonlinear ienag Our hyperbolic visualization of the returned images for the
similarity structures (i.e., local visual similarity sttures keyword-based queries “mountain”, “sunrise”, “grass”dan
between the returned images in the same cluster) and theim#fean” are given in Fig. 3, Fig. 4, Fig. 5 and Fig. 6, where
distribution manifolds (i.e., image clusters and theiritanty ~the returned images for multiple clusters are layouted liygus
contexts) effectively. context-preserving projection and Poingamapping. From
The transformation vecloa (i.e., components for the trans-these experimental results, one can conclude that: (a) The
formation matrixA) for context-preserving image projectionobvious junk images (i.e., outliers) can be separated effec
which minimizes the objective function in Eq.(19), is givieyn tively from the majority group of the returned images, thus

the minimum eigenvalue solution to the generalized eigerva our mixture-of-kernels algorithm can characterize theedie
problem: visual similarity contexts between the returned imagesemor

precisely with higher discrimination power and our hidden
x) Txya= (X)D T(x)a (21)  hypothesis is correct for Itering out the obvious junk inesy
which can further be re ned as: effectively. (b) Our hyperbolic imagg vi_sua_lization algbm .
| | can allow users to see th<_a glopal distribution structures, (i
"a=D " a (22) image clusters and their similarity contexts) of large arisu
) ) ) _of returned images and their nonlinear visual similarityr-co
The retumed images, which are projected by preservigg s at the rst glance. Such global image distributiorustr
their nonlinear visual similarity contexts, are furthedl@ut ¢ es can help users assess the relevance between thedeturn
on the hyperbolic plane to enable interactive image nawigat jmages and their personal query intentions more effegtive)
and exploration. After such context-preserving projeti@  The change of focus is implemented for allowing users to nav-
the returned images is obtained, Poirecdisk model [19-20, jyate and explore the returned images interactively adegrd
28-29] is used to map the returned images on the hyperbqficiheir nonlinear visual similarity contexts. Users caame
plane onto a 2D display coordinate to support change of fociz,ir focuses of the returned images by clicking on any iésib
and interacti_ve image explorgtion._ Formally, if let be the image to bring it into focus at the screen center, or by dreggi
hyperbolic distance of one given image to the center of thgy \isible image interactively to any other screen logatio
hyperbolic plane and be the Euclidean distance of the samgihqut losing their nonlinear visual similarity contexhere
image to the center of the display unit circle, the relafops {he rest of the images can be transformed appropriatelys Wit
between their derivative is described by: the power of high interaction and rapid response for expépri
2s and navigating large amounts of returned images according t

d = 1 ; d (23) their nonlinear visual similarity contexts, our hyperisalihage
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enabling incremental kernel learning. If these clicked gesm
belong to multiple clusters, the returned images from akéh
relevant clusters will be treated as the relevant images for
supporting incremental kernel learning.

In this paper, we have developed an incremental kernel
learning algorithm to take advantage of users' query inten-
tions and personal preferences for determining more ateura
combination of these three basic image kernels (i.e., g¢ingr
better hypotheses for junk image lItering). The users' quer
intentions are represented precisely by a set of visuaiytar
images, which are in the same clusters with the clicked im-
| ages. These visually-similar images are treated as theardle
Fig. 6. The obvious junk images for the keyword-based querasy are IMages to update the underlying mixture-of-kernels anenlea
separated effectively from the majority group of the retdriraages and are more accurate SVM classi er incrementally for Itering out
projected on the left-down corer. the junk images according to the users' query intentions and
personal preferences.

visualization scheme can support more effective solutmm f The junkimage lterf,(x) (i.e., SVM classi er to partition

users to assess the relevance between the returned imateghh returned images into the relevant class and the irnefeva
their real query intentions interactively. class) for the previous hypothesis making loop is de ned as:

fo(X)= Wy (X)+ b (24)

C. Incremental Kemel Learning where the regularization terlvy is learned from the boundary

The initial combination of these three basic image kefmages (i.e., which are treated as the support vectors fagém
nels may not be discriminative enough to characterize t@gistering in the previous hypothesis making l0opY; Vi),

diverse visual similarity contexts between the returneddes j =1, | L.

accurately and Iter out all the junk images effectively. In b

addition, such initial mixture-of-kernels has not takerenss Wo = iy (Xi) (25)

query intentions into consideration, thus it may not be able i=1

to lter out all the junk images which may depend on users' For a given keyword-based query, the SVM classi er for the

query intentions and personal preferences. current hypothesis making loop can be learned incremgntall
Through interactive navigation and exploration of larggs1-33]:

amounts of returned images according to their nonlinearabis ( 3o )

similarity contexts, users can builq up their mental models min }kW Wok? + 1 yi(WT  (x)+ b)]

about which types of the returned images they want to look 2 =1

for (i.e., which image clusters are more relevant to theergu (26)

intentions) and what are the most signi cant visual siniifar whereW; is the regularization term for the previous hypoth-

contexts between the returned images. After users nd sorasis making loop(x;;y;), | =1; ;m are the new training

images of interest through interactive image exploratimr, images for the current hypothesis making loop which are
system can allow them to zoom into the images of interesibtained via automatic label propagatioris the penalty term.
When the users nd some particular images via zooming into The dual problem for Eq. (26) is solved by:

the images of interest, they can select one or multiple image 10 X

to express their query intentions precisely as shown in Fig. min =

7(a), Fig. 8(a), Fig. 9(a), and Fig. 10(a). After our system 2 =1 h=1
capture the users' query intentions, it can automaticailyate

the underlying mixture-of-kernels and change the hypahes

for junk image Itering according to the users' personal
preferences. It is worth noting that our system just reguire
users to click one or few images to express their query intetHPIeCt t0:
tions and automatic label propagation is used to obtairelarg . X

amounts of high-quality images for supporting incremental = -0 1y1 =0

kernel learning. Because the returned images are clustered 1=1

according to their nonlinear visual similarity contextécking The optimal solution of Eq. (26) satis es:

one single image on the screen can obtain large amounts ” 0

of visually-similar images in the same cluster, which cany = w, + Y (X)) = (xi) + (X))
reduce the users' labeling efforts signi cantly for enalgji 1=1 i1 1=1

incremental kernel learning. If these clicked images bgltm (28)

the same cluster, the visually-similar returned imagesttier where is the optimal value of the weighting factors of
corresponding cluster will be treated as the relevant im&ge the images to optimize the Eq.(27). Thus the SVM classi er

I hY1Yn (Xi;Xn)

)
1 Yooy (Xi;X1) (27)
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fc(x) for the current hypothesis making loop can be updated
incrementally as:

X X
fox)= WT (x)+b=" jyi (xi)+ oy (Gxi)+b
i=1 I=1
(29)

The SVM classi er, which is learned incrementally by taking
the users' query intentions into consideration, is thenduse
to re-partition the returned images into two classes: elev
imagesversusirrelevant images, where the irrelevant images
(i.e., junk images according to the users' current quergrint
tions) either can be highlighted automatically or may not be
presented to the users. Because the hypothesis for junkeimag
Itering is changed adaptively according to the users' eutr
guery intentions, some returned images which are detested a
the irrelevant images in the previous hypothesis making loo
may become as the relevant images in the current hypothesis
making loop. On the other hand, some returned images which
are detected as the irrelevant images in the previous hgpisth
making loop may become as the relevant images in the current
hypothesis making loop because of the change of the users'
guery intentions and the updating of the decision boundéry o
the SVM classi er.

In such incremental SVM classi er learning process, the
underlying mixture-of-kernels for diverse image simitgri
CharaCterlzathn IS _also changed adaptively accordingéo tFi_g. 7. Junk image ltering: (a) the images returned by the keydvbased
users' query intentions and personal preferences. To robtgtarch “red rose” and the images in blue boundaries are edlédxt the
the updating rule of the importance factorsfor these three user to express hisiher query intentions; (b) the lteredgemafter the rst
basic image kernels, the objective functibf ) is de ned as; MYPothesis making loop.

1 X x3
J()= > I hY1Yh i Ki(X1;%n)
=1 h=1 i=1
|
xXn b x3 '
1o i Vi i Ki(Xi;x1) (30)
1=1 i=1 i=1

For computing the derivatives df( ) with respect to , we
assume that the optimal value of does not depend on.
Thus the derivatives of the objective functidi{ ) can be
computed as:

@y)_10Xx

@i 2

8L, : I aYiYnKi (X5 Xn)+

I=1 h=1

xn X
rinYiKi(xisxi) (31)

=1 i=1

The objective functionJ( ) is convex and thus our gradient
method for computing the derivatives 8 ) can guarantee
to converge. In addition, the importance factordor these
three basic image kernels are updated while ensuring tkat th
constraints on are satis ed.

The importance factors for these three basic image kernels
are updated as:

Fig. 8. Junk image ltering: (a) the images returned by the kexdw

3 t+1 _ ot AR ) based search “forest” and the images in blue boundaries betess by the

8i =1 - i = it ot é I hYIYhKi(XI,Xh)"' user to express his/her query intentions; (b) the Iteredgesmafter the rst
1=1 h=1 hypothesis making loop.
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Fig. 9. Junk image ltering: (a) the images returned by the keydvbased
search “red ower” and the images in blue boundaries are tsdeby the
user to express his/her query intentions; (b) the Iteredgemafter the rst
hypothesis making loop.

Fig. 10. Junk image ltering: (a) the images returned by thevikayl-

based search “sailing” and the images in blue boundariesedeetsed by the
user to express his/her query intentions; (b) the Iteredgemafter the rst
hypothesis making loop.

Fig. 11. Hypotheses visualization and assessment for ritetihe junk
images for the keyword-based query “Allen Watch™: (a) Imagetsmed by
Google Images; (b) visualization of the returned images ardhifpothesis
for junk image ltering (i.e., margin between the relevant irragand the
irrelevant images) at the rst hypothesis making loop; (clueization of the
returned images and the hypothesis at the second hypothdsisgni@op; (d)
visualization of the returned images and the hypothesiseathtind hypothesis
making loop.

3
LY K (xgixi)® (32)

xn X
=1 j=1

where  is the step size for thith hypothesis making loop,

1 and ! are the importance factors for the current and
previous hypothesis making loops. The step siz&s selected
automatically with proper stopping criterion to ensurebgio
convergence. Our incremental kernel learning algorithm is
performed until a stopping criterion is met. This stoppimg c
terion can be either based on a maximal number of hypothesis
making loops or the variation of between two consecutive
steps.

The updated mixture-of-kernels (i.e., new combination of
these three basic image kernels) can characterize the non-
linear visual similarity contexts between the returneddgesa
more precisely according to the users' query intentions and
personal preferences, thus it can lter out the junk images
more effectively and generate more precise visualizatidhe
returned images for next hypothesis making loop. Because th
users' query intentions are interpreted precisely by usimgy
clicked images and their visually-similar images in the eam
clusters, the relevant images can be highlighted explicithe
irrelevant images, which have bigger margins with the eltsst
for the clicked images, are treated as the junk images and are
ltered out automatically. As shown in Fig. 11 and Fig. 12,
the effectiveness of our incremental kernel learning dfigor
can be improved sequentially (i.e., the relevant images and
the irrelevant images are more separable) by incorporating
the users' query intentions and personal preferences to lea
more accurate SVM classi er for junk image ltering. From
these examples, one can observe that most junk images can
be Itered out effectively after few hypothesis making I@op

Our hyperbolic image visualization algorithm, which lay-
outs the returned images according to their nonlinear Visua
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similarity contexts, can allow users to see the margins éetw performance of our algorithms for image clustering, contex
the relevant images and the irrelevant images and provide mpreserving projection and visualization. For a given kesowo
understandable approach to allow users to assess the effersed query, our system can automatically download the
tiveness of the underlying hypotheses for junk image heri returned images from Google Images search engine and users
interactively. Users can easily express their query iimest are allowed to de ne the number of returned images they
and personal preferences by selecting one or multiple imageant to look for. In our experimentf00 returned images
interactively to generate better hypotheses and learn mare downloaded from keyword-based Google Images search
accurate SVM classi er for junk image Itering. engine for each query.

In Fig. 7(b), Fig. 8(b), Fig. 9(b) and Fig. 10(b), the junk Our works on algorithm and system evaluation focus on: (a)
image Itering results for several keyword-based queries aevaluating the convergence of our incremental kernel lrgrn
given. From these experimental results, one can obserte thlgorithm; (b) evaluating the accuracy improvement of our
our system can lter out the junk images effectively. Inncremental SVM classi er when the number of hypothesis
order to enable social evaluation of our online junk imagmaking loops increases; (c) evaluating the prediction powe
ltering system, we have released our online system avf our SVM classi ers for2000 query concepts (i.e., image
http://www.cs.uncc.edu/jfan/google demol/ concepts) by using large amounts of unseen images; (d) eval-

It is worth noting that our interactive approach for junkiating the computational costs of our algorithms for kernel
image ltering is signi cantly different from traditionakele- based image clustering, context-preserving image piioject
vance feedback approaches for image retrieval. The toaditi and incremental kernel learning for junk image ltering;) (e
relevance feedback approaches require users to label@reasomparing the performance of junk image Itering algorithm
able number of images into the relevant class or the irralevavith the keyword-based Google Images search engine.
class for learning the modi ed queries reliably, thus thegyn  To evaluate the effectiveness of our algorithms of mixture-
bring huge burden on users. In contrast, our interactivé junf-kernels and incremental kernel learning, the accurécy o
image ltering approach can obtain large amounts of labeldde SVM classi ers for different hypothesis making loops is
images easily via automatic label propagation because ttadculated. Given theonfusion matrix for image clustering,
returned images are clustered into multiple groups acagrdithe accuracy is de ned as:

to their nonlinear visual similarity contexts. Thus clicgi Pp (iri)
one single image on the screen can obtain large amounts of Accurarcy = P—1PL_~" )
visually-similar images in the same cluster to enable imene- izt j= b

tal kernel learning and lessen the labeling burden on thesuseherec = 2 is the number of clusters (i.e. relevanérsus
signi cantly. Most existing relevance feedback approachse irrelevant clusters). As shown in Fig. 13, the performante o
page-based ranked list for displaying the returned ima@@s$, our junk image lItering algorithm (i.e., the performancetbe

the nonlinear visual similarity contexts between the mtdr underlying SVM classi ers for different hypothesis making
images are completely ignored. Thus it is very hard for usesops) can generally improve with the number of hypothesis
to assess the relevance between the returned images and theking loops, but it becomes stable after 4 hypothesis nyakin
real query intentions effectively. In contrast, our int#iee loops. Thus our proposed algorithm for incremental kernel
junk image ltering approach can allow users to see largearning has very good convergence property.

amounts of returned images and their nonlinear visual simi-On average, our interactive approach for junk image ltgrin
larity contexts at the rst glance, thus users can obtainenogan achieve over 75% accuracy for image retrieval by Itgrin
signi cant insights, assess the relevance between thenedu out the junk images from Google Images search results.
images and their real query intentions more effectivelyd arCompared to the original 58% average accuracy of Google
express their query intentions and personal preferences menages search engine, our interactive approach for junigéma
precisely to generate better hypotheses and learn moreséecultering can achieve a signi cant improvement on the search
SVM classi er for junk image ltering. results.

To evaluate the generalization performance of the mixture-
of-kernels which is learned incrementally, the optimal tuir-
of-kernels (which are obtained afté&s hypothesis making

In order to evaluate our interactive approach for junipops) is used to train the SVM image classiers for the
image ltering, we generate the potential query concepi (I relevant image concepts (i.e., the keywords for query fdamu
of potential keywords) by randomly sampling the keywordgon). Thebenchmark metridor classi er evaluation includes
from WordNet. However, in WordNet, a lot of keywords argyrecision andrecall % They are de ned as:
rarely used in our daily life, thus we manually remove those
uncommon keywords after random sampling and obtain 2000 =
commonly-used keywords for our experiments. These 2000 +3
keywords are used as the query concepts to search the imaglesre is the set of true positive images that are related to the
from Google Images search engine. The keywords, which ar@responding image concept and are classi ed corregtly,
used to interpret the image concepts at the higher levelsisfthe set of true negative images that are irrelevant to the
WordNet and have multiple children nodes with different evorcorresponding image concept and are classi ed incorrectly
senses, are treated as the ambiguous text terms to evdleateand is the set of false positive images that are related to

VI. ALGORITHM AND SYSTEM EVALUATION

o p—
+
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Fig. 12. Hypotheses visualization and assessment for riterihe junk
images for the keyword-based query “anthrax™ (a) Imagesrmetli by
Google Images; (b) visualization of the returned images ardhifpothesis
for junk image lItering (i.e., margin between the relevant irmagand the
irrelevant images) at the rst hypothesis making loop; (cluaitization of the
returned images and the hypothesis at the second hypothdsisgni@op; (d)
visualization of the returned images and the hypothesiseathtind hypothesis
making loop. TABLE |

The accuracy comparison for Google Images search engine
with and without performing our online junk image ltering.

and %are precision and recall with SVM classi ers for junk

image lItering, and %are precision and recall for Google
Images search engine.
query % %

blood 16.7% 100% 155% 98%
mahogany 39.5% 100% 36.2% 96.8%
lamp 325% 792% 31.9% 78.3%
screw 443% 885% 42.8% 80.2%
amati 21.2% 64.0% 202% 61.1%
africa 40.7% 76.5% 385% 73.2%
african 33.3% 65.0% 32.8% 64.5%
apc 56.3% 87.5% 55.8% 86.5%
laurel 70.6% 100% 69.5% 98.3%
badger 71.0% 100% 695% 98.3%
besseya 952% 100% 75.0% 80.0%
afghan 88.2% 92.0% 62.1% 73.2%
terrier 96.2% 100% 70.2% 78.1%
oil plan 96.6% 100% 73.8% 76.3%
22 karat gold  68.1% 70.0% 50.0% 48.0%
african grey 94.3% 96.2% 72.5% 73.2%
daisy 91.3% 92.6% 68.8% 68.6%
elephant 95.9% 96.6% 70.0% 68.5%
violet 88.3% 83.3% 60.2% 60.8%
aertex 62.8% 56.0% 30.9% 32.8%

the corresponding image concept but are misclassied. T

12

Fig. 13. Clustering accuracy as a function of the number ofolygsis
making loops. The solid line represents the average clagtegcuracy while
the error bar shows the standard deviation over all 2000 &eyabased
queries.

Fig. 14. The empirical relationship between the computatioost (seconds)
and the number of training images for SVM classi er training.

for the returned images should be calculated and the computa
tional cost largely depends on the number of returned images
In our current system, we allow users to de ne the number of
returned images they want to see. The computational cost for
achieving kernel-based image clustering is approximated a
O( N 3), whereN is the total number of the returned images
and is the number of image clusters. We have obtained
the empirical relationship between the computational cqst
(CPU time) and the number of returned images as shown
in Fig. 15. One can observe that the computational cast
increases exponentially with the number of returned images
When the number of returned images is less tban, our
system can almost achieve image clustering nearly in naal. ti
It was reported that most people may just scan the rst few
pages of Google search results, thus it is reasonable tonassu
that people may just want to look for less thad0 returned
images.

After the returned images are partitioned into multiple
clusters via kernel-based clustering, our system can perfo

he

performances of our SVM image classi ers are given in Table
1 for the 10 queries with most signi cant improvement of
the performance and 10 queries with the least improvement

of the performance among the2000 query concepts. From
this table, one can observe that the classi cation accasach
large amounts of unseen images for different image conce
(queries) are signi cantly improved by performing incremtea!
kernel learning. Our incremental kernel learning alganittan
also reduce the computational cost signi cantly as shown
Fig. 14.

To achieve kernel-based image clustering, the kernel rmat

pts

in

Fig. 15. The empirical relationship between the computati@est

1
(éeconds) and the number of returned images.
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