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As digital cameras and online photo sharing services be-
come more popular, digital images are growing exponen-

tially on the Internet. Thus supporting more effective re- ‘?E‘{f;i'ei:i'g:‘g"
trieval from large-scale image collections has become a Increment Kernel Learning | Hypothesis Making
challenging issue for CBIR community. In this paper, we Figure 1: The flowchart for our interactive junk image filtering
have developed a human-centered computing frameworksystem.

for assisting users to access large-scale online image col- . .

lections: (a) filtering out junk images from Google Images; 2. Junk | mage Fllterlng

and (b) exploring large-scale Flickr images.

Google Images search engine has been widely used for ac-
cessing large-scale online image collections, but it may se
. riously suffer from the low precision problem and return

1. Introduction large amounts of junk images. To filter out the junk im-

ages from Google Images, our visual analytics framework
Two commercial systems are now becoming very popular consists of six key components as shown in Fig. 1: (a)
to support keyword-based retrieval from large-scale image Keyword-based image retrieval is first performed on Google
collections: (a) Google Images has incorporated the as-Images, and a set of low-level visual features are extracted
sociated texts for image indexing, but it may return large from the returned images to characterize their visual prop-
amounts of junk images; (b) Flickr has exploited social tag- erties; (b) Multiple basic kernels are combined for charac-
gings to enable keyword-based image retrieval, but may seterizing the diverse similarity contexts between the redar
riously suffer from the problem of vocabulary discrepancy images more precisely; (c) One-class SVM is performed to
(image holders and image seekers may use different key-achieve an initial partition of the returned images (major-
words). To support large-scale image retrieval, we have de-ity versus outliers), where the returned images in the eutli
veloped a new human-centered computing framework for: group are automatically treated as obvious junk images; (d)
(1) filtering out the junk images from Google Images ac- The returned images are visualized according to their Visua
cording to user's personal query intentions; and (2) explor similarity contexts, so that users can explore large ansount
ing large-scale manually-tagged Flickr images. Obvisouly of returned images interactively and express their query in
users are treated one part of this human-centered multimetentions by clicking few images; (e) The users’ inputs are
dia computing framework [2-3]. integrated to achieve a new partition of returned images and

Visual analytics [1], which can seamlessly integrate data filter out more junk images via incremental learning.
analysis and visualization to enable visual-based commu- To characterize the visual properties of the returned im-
nication between users and systems, is very attractive forages, both global visual features and local visual features
developing new human-centered computing framework to are extracted for image content representation. The the
support more effective retrieval from large-scale image co global visual features consist of 32-bin global color his-
lections. In this paper, we have developed a novel visualtogram and 62-dimensional texture features from Gabor fil-
analytics framework for accessing large-scale image col-ter banks. The local visual features consist of 10 32-bin lo-
lections. In section 2, we present a novel visual analytics cal color histograms and they are extracted from 10 image
framework to filter out junk images from Google Images. partition patterns.

In section 3, a new visual analytics framework is developed The diverse visual similarity contexts between the re-
for assisting users on exploring large-scale Flickr images turned images are characterized more effectively and effi-
We conclude this paper at section 4. ciently by using a linear combination of these three basic



Figure 3: Junk image filtering: (a) the images returned by the
keyword-based search “red rose” and the images in blue bound-
aries are selected as the relevant images by users; (b) the filtered
images after the first run of relevance feedback.

Figure 2: The obvious junk images for “sunrise” are separated support vectors on the boundary of the cluster sphere for the
from the majority of the returned images effectively and are pro- majority of the returned images):
jected on the left-upon corner according to their visual properties.
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where 3; > 0 is the importance factor for th&h basic After the optimal values for initial combination of these
image kernek;(x, y) for image similarity characterization. three basic image kernels are obtained, the correspond-
The importance factor§ depend on two issues: (1) sig- ing mixture-of-kernels is used to create a good partition
nificance of the relevant feature subset for visual similari  of the returned images and generate a precise visualiza-
characterization; and (b) user’s preference or query inten tion of the returned images as shown in Fig. 2. Through
tion. such a similarity-preserving image visualization prod8ss

One-class SVM is used to determine a smallest enclos-4], users can assess the relevance between the returned
ing sphere of radiu® to cover the majority of the returned images and their real query intentions effectively. As

images for the given keyword-based query [6]: shown in Fig. 3, users can simply click one or few im-
ages to indicate their real query intentions, and such the
VL s o) — P < R*+ ¢, >0 (2) query intentions are integrated to filter out more junk im-

ages as shown in Fig. 3. Online system is released at:
Thus the problem for incorporating one-class SVM for im-  http: /iww.cs.uncc.edu/~jfan/google_ demo/
age clustering can be defined as:

3. Personalized Image Retrieval

N
min { R? + %ij (3) Social tagging is now becoming very popular for people
j=1 to organize, share and retrieve large-scale images. Thus it
is very important to develop new framework for exploring
subject to: large-scale Flickr image collections. In this paper, weehav
N S12 ) developed a novel visual analytics scheme to allow users
Vi1 llo(z;) —pIP < R7+&, 20 to explore large-scale Flickr image collections at two lev-
els: (a) atopic network is incorporated for users to explore
whereC' is a constant ang: 37, ¢; is a penalty term. large-scale collections of Flickr images at a semanticljeve

A good combination of these three basic image kernels (b) statistical image sampling and similarity-preserviimg
(i.e., the mixture-of-kernels with the optimal values sk age visualization [4-5] are integrated to enable image ex-
three importance factoys) should be able to achieve more  poration at a perceptual level. After the images and their
accurate approximation of the diverse visual similaritgco  gqcja| taggings are downloaded from Flickr.com, the text

texts between the returned images and result in better Sepag ¢ \yhich are relevant to the image topics (tags for image
ration between the majority of the returned images and theto ic interpretation) are separated automatically by isin

outliers. Thus the optimal values of the importance factors P dard P s hp' dthe b Y yg:) |
3 for an initial combination of these three basic image ker- Standard text analysis techniques, and the basic vocgbular

nels (i.e., without considering users’ query intentiond an ©f image topics (i.e., keywords for image topic interpreta-
personal preferences) can be obtained by maximizing thetion) are determined automatically.

margin between the outliers and the majority of the returned ~ The topic network consists of two components: (1) im-
images (i.e., the margin between the outliers and the closerage topics; and (2) their inter-topic similarity contextie



e p— % where the first part denotes the semantic context between
the image topicg’; andC;, the second part indicates their
inter-topic visual contexty(C;, C;) is the visual context
T o between the image sets for the image togigsand C;, €
andn are the importance factors for the inter-topic semantic
context and the inter-topic visual context.

One part of our topic network for Flickr images is shown
in Fig. 4, where each image topic is linked with multiple
relevant image topics with larger values gof:, -) and the
geometric closeness between the image topics is related to
the strengths of their inter-topic similarity contexts. uh
such a graphical representation of the topic network can
reveal a great deal about how these image topics are cor-
gy ) related and how the relevant tags for interpreting multiple
inter-related image topics are intended to be used joiotly f
image tagging. Througbhange of focus of topic network
[4], users can interactively explore large-scale colteddiof

inter-topic similarity contexts consist of: (a) inter-tope-  Flickrimages at the semantic level.
mantic contexts; and (b) inter-topic visual contexts. The Eachimage topic on the topic network may contain large
inter-topic semantic context(C;, C;) between two image  amounts of images, thus keyword-based image retrieval

Figure 4:0ne portion of our topic network for indexing and sum-
marizing large-scale collections of Flickr images at the topic level.

topicsC; andC; is defined as: may seriously suffer from the problem of information over-
load. In order to tackle this problem, we have developed
p(Ci, Cy) = — P(Ci, Cy) (5) a novel framework for personalized image recommenda-
v log P(C;, Cy) tion and it consists of three major components: T@pic-

Driven Image Summarization and Recommendation: The
semantically-similar images under the same topic are first
partitioned into multiple clusters according to their non-
linear visual similarity contexts, and a limited number of
images are automatically selected as the most representa-
tive images according to their representativeness forengiv

whereP(C;, C;) is the co-occurrence probability of the im-
age topicg”; andC; in the Flickr image collections.

The inter-topic visual context(C;, C;) between the im-
age topicsC; and C; can be determined by performing
canonical correlation analysis [11] on their image sgts

ands;: image topic. Our system can also allow users to define
0T (Si)(S,)9 the number of such most representative images for rele-
~C,cp) = T AN (6) vance assessment. (@pntext-Driven Image Visualization

0.9 \/0TK2(S:)0 - 9T K2(S;)0 and Exploration: Kernel PCA and hyperbolic visualization

are seamlessly integrated to enable interactive imag®expl
ration according to their inherent visual similarity corts

so that users can assess the relevance between the recom-

tween two image set$, ands, for the image topics's and e o oo (i.e., most representative images) and their
C;, k(S;) andk(S;) are the kernel functions for character- 1ages {1.€., pre 1ages)
real query intentions more effectively. (gjtention-Driven

izing the visual correlations between the images in the same . . . .
. Image Recommendation: An interactive user-system inter-
image setsS; and.sS;.

face is designed to allow the user to express his/her time-

N N varying query intentions easily for directing the system to
K(S)) = > Klwnam), K(S;) > lan,zr) find more relevant images according to his/her personal

wheref and are the parameters for determining the opti-
mal projection directions to maximize the correlations be-

Ty, Tm €S Tp,Tr €S

(7) preferences.
where the visual correlation between the images is defined ~Our visual summarization (i.e., the most representative
as their kernel-based visual similarity-, -) in Eq. (1). images) results for the image topic “rose” is shown in Fig.

Both the inter-topic visual context(C;,C;) and the 5, where200 most representative i_mages fo_rt.heimageto.pic
inter-topic semantic context(C;, C;) are first normalized ~ ‘T0Se” are selected for representing the original visuai-si
into the same interval, and they are further integrated to ilarity contexts between the images. One can observe that

achieve more precise characterization of their cross-todathese 200 most representative images can provide an effec-
inter-topic similarity contextp(C;, C;): tive interpretation and summarization of the original alu

similarity contexts among large amounts of semantically-
0(C;,C5) = €-¢(Cy,Cj)+n-~(Ci, Cj), e+n=1 (8) similary images under the same topic. The underlying the
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Figure 6:0ur interactive image exploration system: (a) the most
representative images for the image topic “planes”, where the im-
age in blue box is selected; (b) more images which are relevant to
the user’s query intentions of “plane in blue sky”.

s o

Figure 5: Our representativeness-based sampling technique can4. Conclusions

automatically select 200 most representative images to achieve

precise visual summarization 68829 semantically-similar im-  To support more effective retrieval of large-scale onlime i

ages under the topic “rose"”. age collections, we have developed a novel human-centered
. L ) i computing framework for: (@) filtering out junk images

visual similarity contexts have also provided good direc- ¢, Google Images; and (b) exploring large-scale Flickr

tions for users to explore these most representative image§mages at both the semantic level and the perceptual level.

interactively. Our experimental results on large-scale Google and Flickr
It is important to understand that the system alone can-images have obtained very positive results.

not meet the users’ sophisticated image needs. Thus user-
system interaction plays an important role for users to ex-
press their image needs, assess the relevance between the lR ef er ences
turned images and their real query intentions, and direct th
system to find more relevant images adaptively. Based on[1] J. Thomas, K.A. Cookllluminating the Path: The Research
these understandings, our system can allow users to zoom and Development Agenda for Visual Analytis, IEEE, ISBN-
into the images of interests interactively and select one of ~ 7695-2323-4, 2005.
these most representative images to express their query inj;) . sebe, Q. Tian, “Personalized multimedia retrieval: the new
tentions or personal preferences as shown in Fig. 6(a). trend?” ACM MIR, 299-306, 2007.

After such the user’s time-varying query interests are
captured, the personalized interestingness scores fanthe ~ [3] A.Jaimes, N. Sebe, D. Gatica-Perez, “Human-Centered Com-
ages under the same topic are calculated automatically, and ~ PUting: A Multimedia Perspectiv’, ACM Multimedia, 2006.

the personalized interestingness score p* (z) for a given im- [4] J. Lamping, R. Rao, “The hyperbolic browser: A fo-
age with the visual featureis defined as: cus+content technique for visualizing large hierarchies”,
Journal of Visual Languages and Computing, vol.7, pp.33-55,
() = p(a) + pl) x =@ (9) 1996,

wherep(z) is the original representativeness score for the [ B-Moghaddam, Q. Tian, N. Lesh, C. Shen, T.S. Huang, "Vi-
sualization and user-modeling for browsing personal photo

given image s (z, x..) is the kernel-based visual similarity libraries”, Intl. J. of Computer Vision, vol.56, pp.109-130
correlation between the given image with the visual fea- 2004, ’ ' '

turesx and the clicked image with the visual features

which belong to the same image cluster. Thus the returned[6] A. Ben-Hur, D. Horn, H.T. Siegelmann, V. Vapnik, “Support
images with larger values of the personalized interesting-  vector clustering”Journal of Machine Learning Research,
ness scores, which have similar visual properties with the Vo2, pp.125-137, 2001.

_CI',C,ked '”,‘age (ie., belongln.g to the §ame cluster)'and are 7] D.R.Hardoon, S. Szedmak, J. Shawe-Taylor, “Canonical cor
initially eliminated for reducing the visual complexityrfo relation analysis: An overview with application to learning
image summarization and visualization, can be recovered  methods”, Technical Report, CSD-TR-03-02, University of

and be recommended to the users adaptively as shown in  London, 2003.

Fig. 6(b). One can observe that integrating the visual simi- _

larity contexts for personalized image recommendation can (8] J. Fan, Y. Gao, H. Luo, “Integrating concept ontology and
significantly enhance the users’ ability on finding some par- ~ Multi-task learning to achieve more effective classifier train-
ticular images of interest even the low-level visual feasur :;‘r%é'.?lgltcgviyr?zg; ggggtanonlEEE Trans. on lmage
may not be able to carry the semantics of the image contents T '

directly.



