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ABSTRACT

Pictures have become increasingly common and popuala
mobile communications. However, due to the limitatof mobile
devices, there is a need to develop new technaldgidacilitate
the browsing of large pictures on the small scréerthis paper,
we propose a novel approach which is able to autrtize
scrolling and navigation of a large picture witimaimal amount
of user interaction on mobile devices. An imageraton model is
employed to illustrate the information structurehivi an image.
An optimal image browsing path is then calculatedeal on the
image attention model to simulate the human brogvbighaviors.
Experimental evaluations of the proposed mechaiisginate that
our approach is an effective way for viewing laigeages on
small displays.

Categories and Subject Descriptors
1.4.9 [Image Processing and Computer Vision]: Applications

General Terms
Algorithms, Human Factors

Keywords
Adaptive content delivery, image adaptation, attentmodel,
form factor, browsing path, information foraging

1. INTRODUCTION

Recently, we have experienced an explosive grovitmabile
multimedia applications. In these applications,gesmplay a more
and more important role in sharing, expressing exchanging
information in our daily lives. People prefer toash special
moments with each other using visual contents sscimages to
stay connected when they are apart. Accompanyirty thiis
revolution, mobile handheld devices with diversepatalities
including embedded digital camera are also undeggoa
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considerable progress because of their portatslitgt mobility.
Now people can easily capture and share persomabplon these
small-form-factor devices anywhere and anytime.

In order to make people really enjoy the ease ofbilao
communications, many hurdles still need to be @wsgL5].
Among them, major crucial challenges include thmitéd
accessing bandwidth and display sizes of mobilécésy Thanks
to the galloping development of both hardware aoftivare, the
bandwidth condition is expected to be greatly inmprh However,
in the foreseeable future, the display, i.e. themfdactor, will
continue to be the major constraint on small modégices such
as cell-phones and handheld PCs. A brief overviethe current
display capabilities of various mobile devices haeen given in
[14]. In this paper, we will focus on facilitatingage viewing on
devices with limited display sizes.

Many efforts have been put on image adaptationreladed fields
from quite different aspects. For instance, the R@ling scheme
and Spatial/SNR scalability in JPEG 2000 [7] havevjged a
functionality of progressive encoding and displiyis useful for
fast database access as well as for deliveringrdiit resolutions
to terminals with different capabilities. Foveateadding [2] has
been employed to reduce the transmission bandwidthages by
exploiting the space-variant degradation in thelg®n of the
human eye. Smith J. R. et al. [18][20] presented irange
transcoding system based on the classificatioomafje type and
purpose. Most of these works only focused on cosging and
caching contents in order to reduce the data tresgon for fast
delivery. Therefore, the results are often not w=iest with
human perception on small displays because of sxees
resolution reduction or quality loss.

We have recently proposed an attention model basede

adaptation approach in [3][8]. Instead of treatargimage as a
whole, we manipulate each region-of-interest in tineage

separately, which allows delivery of the most impot region to

the client when the screen size is small.

In [3], an extensible image attention model isddtrced based on
three attributes (region of interest, attentionuealand minimal
perceptible size) associated with each attentigacbland a set of
automatic modeling methods are presented to supgiost
approach. One of our modeling methods leveragewthi on
saliency map [11], which has been proposed as guatational
model of focal visual attention. A branch and boatgbrithm has
been also developed to find the optimal solutioficiently.
Though this approach achieved satisfactory resoltsur user



study, much other information which a user careg bwlost due
to the space limitation, especially for large immage

In [8], we proposed to employ a widely-used preston

technique, Rapid Serial Visual Presentation (RSM#)which

space is traded for time [1]. An image is decomgdasto a set of
spatial-temporal information elements which areldiged serially,
each for a brief period of time, to aid users’ bsow or searching
through the whole image, which coincides with arpamant
psychophysiological activity — visual attention fshg [11].

Visual attention can rapidly direct and shift thazg towards
interesting parts of the visual input. We depicted attention
movement as two statuses: the fixation status hedsaccade
status. The iterations of these two statuses coengles whole
simulation of the shifting process in a way simidarRSVP. The
acquirement of the fixated region depends on tgerghm in [3].

The saccade status can be described as a shifonggs from the
most informative region to the second one, thenthivel and so
on. A motivation of this process comes from a psyttysical
phenomenon called ‘“inhibition-of-return”  [11], wihic
demonstrates that current attention focus will iygpsessed while
selecting the next focus. We implemented it by rémp the

attention objects contained in the current displga and
applying the same algorithm to the rest objectsnndedecting the
next fixating area. The trace of the saccade isneééfas the
shortest path between centers of the two fixatreas

Nevertheless, the method described in [8] is aik@tiapproach
to generate the RSVP process where the numberewdtians,
fixation duration, and saccade speed are all pirgetif It does not
tell us how to calculate an optimal browsing pattmaximize the
information throughput under limited space and tirhe this
paper, we address this problem by first extending revious
image attention model [3] to include a time coristtaWe also
mathematically formulate the optimal browsing pattoblem
based on information foraging theory [6][19] whichs been used
to analyze the trade-offs in the value of informatgained against
the costs of performing activity in human-compuiteteraction
tasks.

The novel contributions of this paper include:

¢ The automatic image browsing problem is formulated an
optimal browsing path selection problem based oe th
information foraging theory [19].

* The image attention model based on our previouk weor
extended to model users’ attention which considesth
spatial and temporal constraints.

¢ An efficient algorithm to generate the optimal being path
based on extended image attention model is proposed

The rest of this paper is organized as followstiBe@ compares
three different image adaptation methods and inited the
system framework of our approach. Section 3 dig=gs detail
the image attention model and our extensions. Basedhis

model, we formulate the optimal browsing path peobland
present the corresponding algorithms in Sectiom4Section 5,
we give the experimental results and demonstrateutiefulness
of our proposed scheme. Finally, concluding remasksl

discussions are provided in Section 6.

2. OUR SYSTEM FRAMEWORK
2.1 Information Fidelity

Visual attention can be seen as the ability of @i@o of an image
to attract the user’s attention. Studies show dneas with higher
visual attention tend to have more information. Witecomes to
the problem of image adaptation or browsing basedittention

model, it is helpful to introduce a conceptlnformation fidelity

as the perceptual ‘look and feel’ of a modifiedsien of content
object, a subjective comparison with the originatrsion.

Information fidelity can be calculated as the sufnatiention

values during the adaptation or browsing procetss.value is
confined between 0 (lowest, all information lostidal (highest,
all information kept).

In the following, we use this concept to compare #xisting
approaches with our new approach for image adaptatind
browsing.

Let us consider an imadeas a set oM x N evenly distributed
information blockd:

L ={1,} ={(AY, .1,

where(i, j) corresponds to the location at which the inforovati
block I is sampledAV is the visual attention value &f I jis
the spatial scale dfj, representing the minimal spatial resolution
to keepl;; perceptible. For example, considering a typicatioar
image, the house is around ten meter range, andates are
likely in less than three decimeter scale rangeerdfore, the
house can be scaled down more aggressively thaadas.

f, 1<si<sMl<j<N,r
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In our work, the attention value of each informatislock in an
image is normalized so that their sum is 1.

2.2 Direct Down-sampling

For direct image down-sampling as shown in Figufa),1the
information fidelity on a specific display size cha described as
a functionfp:

fo(1) =D AU, = 1)) @)

1,00

whereu(x) is a step function defined as

1, if x=0
u(x) = .
0, otherwise

®)

andrp is the down-sampling scale defined as

ry = min Wl.dtrgcreen, Hel_ghTScreen
Wldthmage Helghtmage

(4)

The bigger the image, the smaller the Whenrp is smaller than
most of the spatial scales, the information will best
substantially.

2.3 Cropping-based Approach

A cropping based image adaptation approach wasibedan [3].
Its philosophy is to choose the most important aegin the
original image to accommodate as much informati®mpassible,
as shown in Figure 1(b). The information fidelitf tbis image
adaptation strategy can be defined as a funégion
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wherel is a subset of the entire image blocks and

Widtrgcreen HeightScreenJ (6)
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This strategy assumes that most information isllysoanfined to
a small number of image blocks, which however, a¢ always

true for images of natural scenes.
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Figure 1. A comparison of threeimage adaptation strategies.

2.4 Our RSVP-based Approach

Rapid Serial Visual Presentation (RSVP), a reprasiem
technique used to support electronic informatioowsing, was
used to improve the image browsing on small deviod8]. As
we discussed in the introduction, the previous oeths a
heuristic approach and does not tell us how to utaile an
optimal browsing path under limited space and time.

The information fidelity of this RSVP-based apprhoacan be
described as a function of both space and time:

frsul1,T) = j Vu(r (£) =)t et 01 (1)

1 01 RS\/F’(I

wherelrsydt) is a subset of the information blocks and varigh w
time and

idtr&creen
Wldth rsvp(t)

r() =

max 1, < min
| DIRSVP(‘)

Heightsyeen | (8)
Helght rsvp(t)

Figure 1(c) shows an example. In fact, the RSVRedapproach
is just a simulation of our real-life experience emhbrowsing

large images on a small screen. We manually sthellwindow
horizontally and vertically to view the differenéups of an image,

which is equivalent to chandasydt). Viewing the detail of an
interesting region by zooming is then equivaleradustr(t).

As it is an inconvenient and very time-consumingcess to zoom
and pan a large image fully manually on a smalliavour

objective is to detect the optimal path to autoosdly pan/zoom
the window to browse through the different partamfimage.

A complete framework of our approach is shown igufFé 2,

which includes different stages from image modelimye-

processing to the optimal browsing path generatirst of all,

the input image is analyzed to extract both top+t@wd bottom-
up features, e.g., human faces, texts or saliefjgcts. Then
different modeling methods are adopted to genesateisual

attention model for the image. Afterwards, someriséa rules

are applied to the pre-processing phase in ordgeterate a set
of attention groups which can fit into the dispkige. Finally, an
optimal browsing path is generated according to theer

preference. An interactive browsing scheme canlszeemployed

in our approach, in which users can interrupt tlheomatic

process to adjust the browsing path. The detailsach step in
this framework will be discussed further in followi sections.
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Figure 2. The framework of attention based image browsing.

3. EXTENDING IMAGE ATTENTION
MODEL

Computational attention allows us to break down gheblem of
understanding a content object into a series ofpetationally
less demanding and localized analytical probleniiodigh there
are still debates on the mechanics of visual agerand many
models have been proposed to depict the visuaitatteactivities
[5][10][17], it is gradually deemed that a completemputational
model would be the integration of bottom-up (eaiesicy map)
and top-down (e.g. face and text) cues.

With the new image browsing mechanism based on RS¥ere
space can be traded for time, the different pdrésiamage can be
displayed serially, each for a brief period of tirge the user.
Therefore, we need to extend the existing imagentitin model



to include a time factor. That is, the attentionlueaof an
information block in an image should not only béeetfed by its
area of presentation, but also the duration oferadion on the
screen.

Definition 1: The visual attention model for an image is defined
as a set of attention objects:

{a0}={(ROI,AV,,MPS,MPT,)}, 1<i<N(9)

where
AO, thei™ attention object within the image
ROI, Region-Of-Interest oAQ
AV, attention value 0AQ
MPS, minimal perceptible size &G,
MPT,, minimal perceptible time &G,
N, total number of attention objects in the image

We assign four attributes to each attention objedtich are
Region-Of-Interest (RQJ) attention value (AV) minimal
perceptible size (MPSand minimal perceptible time (MPTYhe
notion of ‘Region-Of-Interest (ROI)is borrowed from JPEG
2000 [7], which is referred as a spatial regiorhimitan image that
corresponds to an attention objeétitention value (AV)is a
quantified value indicates the weight of each gitenobject in
contribution to the information contained in thdgoral image.
Minimal perceptible size (MPS$gpresents the minimal allowable
spatial area of an attention object. It is introglli@s a threshold
to avoid excessively sub-sampling during the redacdf display
size. The values oAV andMPS can be computed from the type,
position and size of each object [3].

We introduceminimal perceptible time (MPTh this paper as a
threshold for the fixation duration when browsing attention
object. If an attention object does not stay on dbeeen longer
thanMPT, it may not be perceptible enough to let usersictie
information. For instance, considering a human ,fégseIPT can
be defined to be 200ms which is the shortest plessime to
show the face without severely degrading its peiio#ipy.

The image attention model can be manually pre-asdigby
authors or publishers, which however could be labtansive. A
more plausible approach is to detect each attentibject
automatically and build up the entire image attantnodel. A set
of algorithms to generate the attention model hsenldiscussed
in [3], and in this paper we will focus on the cdition of MPT
attribute.

The Computation of MPT

In our current implementation, we consider thrgeesyof image
features, saliency [12][16], face [13] and text,[#]} detect the
attention objects.

Fixation durations are variable, typically rangifigm 100ms to
300ms. In our experiments, we predefine MRT of a saliency
region proportional to its attention value. It che adjusted
according to the user preference and the displayegb such as
whether the screen is reflective or backlit. Foaraple, theMPT
of a saliency region in perusing mode (more infaromapreferred)
will be larger than that in skimming mode (lesseipreferred).

The appearance of dominant faces in images withitdy attract
viewers' attention. By employing the face detectaigorithm in

[13], we obtain the face information including tmember of
faces, the pose, region, and position of each faweour
implementation, th#PT of a face region is defined as 200ms.

Similar to human faces, text regions also attrémwers’ attention

in many situations. ThBPT of a text region can be defined as a
function of several parameters such as the numberoods,
which can be estimated by a text detection modie.define an
averageMPT for each word according to the experimental result
in [21][22]. In our system, we employ &P T, erageOf 250ms for

a word and thIPT of a text region is defined as:

MPT,, =N, X MPT

text average

(10)
where N, denotes the number of detected words. Since the
fixation duration for a text region usually changesh users’
education background and addPT,, can be also adapted to
users’ preference.

4. AUTOMATIC BROWSING OF IMAGES
According to our observations, when browsing laigages on
small devices, people often devote considerablertsffin
scrolling and zooming to view the content. Our audtic RSVP-
based image browsing method would provide users wfothe
image content in reasonable time, that is, makmegféective use
of both time and space.

4.1 The Definition of Image Browsing Path

The human browsing behavior can be approximatelgetea by
two mutually exclusive statuses: the fixation state.g.,
exploiting an interesting region) and the shiftistatus (e.g.,
scrolling to the next region). The fixation statmresponds to
the static viewing of an attention objects, and shdting status
can be simulated by traveling between differergrdgibn objects.
The shifting path is the shortest path betweenetsnif the two
fixation areas (i.e. attention objects).

Definition 2: The image browsing path is defined as a
collection of successive path segments:

P={P}={(SR,ER,SR,ER.,T))}, 1<i<N (11)

where

P, thei™ path segment

SR, starting point oP;

EPR, ending point oP;

SR, starting resolution d®,

ER, ending resolution d?,

T, time cost for scrolling fron$Rto EP,

Since the path segments are successive, we shawgd h

SR= EP,; andSR= ER_, for everyl<i<N 12)

Generally speaking, three types of browsing pastesist, that is,
panning, zooming, and panning with zooming. Suppbeee is a
virtual intelligent camera which can pan and zoonthie original
image, it will be automatically steered to delitkose important
regions in an efficient way. A maximal panning \etp MPV and

a maximal zooming rat®ZR are defined to avoid hypermetric
motion. We also assume that the velocity is unifarnile moving.
Therefore, the time codi for scrolling from starting poinBR to
ending pointEP, can be calculated as:



(13)

T = max{dlst(se, EP) [SR - ER }
MPV MZR

wheredist(SR, EPR) is defined as the Euclidean distance between

SR andEP,. The values oMPV and MZR are currently defined
by experience.

4.2 Finding the Optimal Path

According to the information foraging theory [19jeople will
modify their strategies or the structure of the immment to
maximize their rate of gaining valuable informatiduet R denote
the rate of gain of valuable information per urast; which can
be computed as follows.

R=—C (14)
T +T,
whereG is the total net amount of valuable informatioringd,
which can be seen as the information fidelity dediin Section 2.
Tg is the total amount of time spent on shifting besw
subsequent fixation areas (attention objecTsg). the exploiting
cost, is the total amount MPTs spent on the fixation areas.

The problem of identifying the optimal image bromgsipathP is
to maximizeR, which is equivalent to the following equation:

Max{wm} (15)
P T,

wherefs (I,Tp) = G and Tp = Tg + Tw. fp (1, Tp) denotes the
information fidelity provided in the image browsipgth P, and
Tr stands for the total amount of time spent for tfo and
shifting in P. Note thatf; (1,Tp) is a special case dgsyp(l,T) in
Equation (7) because of the additional conditianpdsed on the
image browsing path (Section 4.1).

From Definition 2, we know that

To=> T+

I<isN

SMPT, +Y Y wmpT, (16)

AO,DA(ER, ERy)  I<i<N AO,DA(SR,SR)

whereA(loc, res)stands for the set of attention objects which are

perceptible when the focus location sc and the display

resolution isres It can be easily calculated based on the image

attention model and the screen size. We refer]tif3etails.

Similarly, we have

foll,Tp) = an

DAV DAY

AO;DA(ER ER,) 1<isN AO,0A(SR,SR)

The maximization ofR can be achieved by either maximizing
information fidelity or minimizing time cost. Thdoge, we
propose two image browsing modes here:

e Perusing mode users prefer to spend as little time as

possible as long as a certain percentage of tloenation is
presented to him.

e Skimming modeusers prefer to read as much information as

possible within a limited period of time.
For the skimming mode, the optimization problemdrees:

Given T, <A, Mpax{fp(I,Tp)} (18)

where/y is the threshold of maximal time cost that ther s
afford, which is usually less than the minimal timest to
browsing all the attention objects

For the perusing mode, the problem becomes:

Given f (I,T,)2A,,, Mpin{TP} (19)
where sy stands for the minimal attention value or inforimat
percentage that user prefer to obtain, which isillsiess than the
total attention value in the image

In order to solve the optimization problem effidlgnwe employ
a two-step approach here. First we need to do gwemrocessing
to split large attention objects and group nearbjgds to form a
set of attention groups Then the optimal browsing path is
generated to connect the attention groups.

4.2.1 Pre-processing

The image attention model itself does not ensuaettie minimal
display area for each attention object will be $enghan all kinds
of target screen sizes. A large attention objedtvat be able to
be viewed properly if the screen size is smallantlisMPS This
causes problems to the optimal browsing path géoara
Therefore, there is a need to split large attentibjects before
grouping. A big saliency or text attention objecil vibe split
evenly according to the screen size andAit%$ MPS and MPT
values will be evenly distributed to the newly d¢egh objects
proportional to their area. For a face attentiofect since its
MPSwill be usually smaller than the screen size, vilenot split
it.

After the splitting stage, we will combine nearlifeation objects
to form a set of attention groups. This helps tduce the
computational complexity of browsing path genema@gorithms.
The combination is based on the branch and bouyatitim in
[3]. After obtaining the first attention group, wemove the
objects in this group and apply the same algoritbmhe rest
attention objects iteratively. We define t#&/ of an attention
group as the sum AAVs of perceptible attention objects in the
group and théMPT as the sum of correspondiMPTs.

4.2.2 Path Generation under Skimming Mode

In this browsing mode, the objective of optimizatiis to find a

sequence of?; to maximize the information fidelity within a
limited period of time. The general problemN®-hard and no

efficient solution exists in terms of computatiotiale or storage
space. Here we use a backtracking algorithm to erate all the

possible paths and then find the best one amomg; the

1) Arrange the attention groups according to theierdibn
values in a decreasing order. For each group,tsitlas the
starting point and do the step 2 and 3.

2) Use the backtracking algorithm to search amongaskible
paths from the starting point and calculate thal tbtowsing
time and the information fidelity for each path.

3) For each node in the backtracking tree, checkithe ¢ost to
ensure that it is smaller than the predefined tioles

4) Finally, select the browsing path with the largesbrmation
fidelity as the resulting path.



4.2.3 Path Generation under Perusing Mode

In the perusing mode, the objective of optimizatisrto find a
sequence oP; to minimize the time cost as long as a certain
percentage of the information is presented to HAim.solve this
problem, we just slightly adjust the previous beatking
algorithm as following:

1) Arrange the attention groups according to tiMRTs in an
increasing order. For each group, select it assthding

point and do the step 2-4.

2) Use the backtracking algorithm to search amongadkible
paths from the starting point and calculate thal tbtowsing

time and the information fidelity for each path.

3) For each node in the backtracking tree, therebsund on
the possible time cost it would spend among alitofsub-
trees. The lower bound is just the time that hanbspent
and the upper bound is the addition of all posdiiohe costs
for those unchecked attention groups after curtevel in

the backtracking tree.

4) Whenever the lower bound of a node is larger thenbiest
time cost currently achieved, the whole sub-trethaf node
will be truncated. If the information fidelity cuantly
achieved is already greater than the predefinessiioid, we

will also not go any deeper in the sub-tree.

5) Finally, we select the browsing path with the ldfse cost

as the resulting path.

The computational complexity of this algorithm igpenential.
However, by checking both the bound on possiblerméation
fidelity value and the time bound of each path, ¢tbenputation
cost is greatly reduced.

If 1a=1, which may be the most common case indicatia) tthe

user want to view all the information, we can tfams the

problem to aTraveling Salesman ProblenTherefore, some
approximation algorithms can be applied to getst faut sub-
optimal solution when the number of attention giglarge.

4.3 Interactive Image Browsing

Though the browsing path can be generated autcaligtior a

given image, it is reasonable to allow the userstop the

automated process at any time, choose where to Mk
interactively, and resume the automatic browsingcess

afterwards.

The optimal browsing path after user's interveniogn be
generated based on the following algorithm:

1) When the browsing process is paused, record thaimémg
set of attention object§.

2) During interaction, record the set of attentioneat$ S,
which has been viewed by the user.

3) Re-generate the optimal patR) based orS§ - S,

4) Move smoothly from current location to the startpgnt of

P, and complete the rest of path.

5. EVALUATION RESULTS

In order to validate the performance of our proposeheme, we
have implemented a prototype image browser on apagniPaq

3670 with 64M memory, 320x240 display and Pocke#®G2 as
its operating system.

Figure 3 gives an example of the optimal browsingthp
generation. In the image, eleven attention objecsdetected and
marked with green rectangles, including two texjeots, seven
face objects and two saliency objects. After the-gmocessing
step, we get four attention groups marked with ddgiectangles.
We label these four attention groups from the lefist one
clockwise asAB1, AB2 AB3andAB4 The optimal browsing path
is represented by a red line in this example, wisajenerated by
setting Za~=1 under perusing mode. During the automatic
browsing process, the window will move froiB1 to AB2, then
AB3 and AB4 The fixation points are marked by a red circle
whose diameter represents the fixation duration.e Th
corresponding attention value accumulation curvprésented at
the bottom of Figure 3. In our experiments, theraton value of
each object in an image is normalized so that them is 1.
Figure 4 shows the prototype with a real browsixanaple.

Fixation Duration

Attention Groups Saliency

Face

€

o o o
> o o

Information fidelity
1)
N

SP2 EP2

Time cost

SP3 EP3

Figure 3. An example of optimal browsing path generation.

During a pilot study of the browsing path genenataigorithm,
we found that ensuring “locality” is a very impartdactor of its
performance. There are two types of locality: zaagmiocality

and scrolling locality. People usually do not prefeoming back
and forth within a small area in the image, or Bicrg left and

right for a long distance. For example, in FigureAB1-AB3-

AB2-AB4 is not a good browsing path since it consaback and
forth scrolling which is quite annoying. Accordirig equation
(13), both of the cases will result in a largie Therefore, the
segment corresponding to these two cases will \iggly be

excluded in the optimal browsing path.

Although many researchers have addressed the @fsimage
adaptation, still there is no objective measureetaluate the
performance of the algorithms. In this paper, weied out a user
study to evaluate the performance of our algorithm.
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We chose 30 test images from various sources. Tihesges vary
from 326x450 to 1600x1200 in size. Many of them al¢ained
from personal albums and popular Web sites. Theydarided
into five classes: group photos, news picturessqral indoor or
outdoor photos and scenery images, each clasviitiages.

Sixteen volunteers, including eleven males and fiaveales, were
invited to give their subjective scores on the Isiog
performance by our approach while comparing witsuits from
traditional image browsing method. They are familiaith
computers and are without any knowledge of the wiarkhis
paper. All the subjects were asked to give thailgjuents at the
following three questions:

1. Is our approach better than traditional image viede
2. Do the fixated regions really represent interestargas?
3. Isthe generated image browsing path reasonable?

The evaluation results are listed in Table 1, Tabknd Table 3,
respectively.

Table 1. Evaluation resultsfor the question #1.

Image class Good No difference Bad
Group 78.20% 15.38% 6.41%
Indoor 67.78% 22.22% 10.00%

Outdoor 70.00% 23.33% 6.67%

Scenery 64.44% 27.78% 7.78%
News 62.22% 27.78% 10.00%

Average 68.53% 23.30% 8.17%

Table 2. Evaluation resultsfor the question #2.

Image class Interesting Uninteresting
Group 76.92% 23.08%
Indoor 67.78% 32.22%
Qutdoor 74.44% 25.56%
Scenery 57.78% 42.22%
News 73.33% 26.67%
Average 70.05% 29.95%

Table 3. Evaluations resultsfor the question #3.

Image class Reasonable Unreasonable
Group 82.05% 17.95%
Indoor 68.75% 31.25%

Outdoor 68.89% 31.11%

Scenery 72.22% 27.78%
News 62.22% 37.78%

Average 71.49% 28.51%

As can be seen, for the first question, more th&8#o Gf the
subjects consider our solution better than the entional method
and only 8% of them consider worse. This means it users
prefer the new functions based on our techniqueosting to the
results, our browsing technique is especially &lgtfor group
photos, in which face objects, very important seinafactors
guiding the visual attention, are distributed wydeh the entire
image. The viewer can take advantage of the autorbedwsing
path to quickly and conveniently catch the contdrihe image.

As to the second question, the experimental reshltsv that our
extended attention model is effective, especiatly the group
photos, for locating the attention-getting regiamshe image. The
average result of the third question on browsinth gauality is
also satisfactory. More than 71% of the subjectsktithat the
optimal browsing path we generated is reasonalidehaipful for
browsing large images on the small display. Fog thiestion, we
use the perusing mode and &gt&1. The skimming mode has not
been tested since its performance heavily dependseosetting of
time bound. Different users usually choose diffetgme bounds
when browsing the images.

We also conducted an experiment on the efficien€yoor
algorithm. The time cost includes the pre-processind optimal
path generation procedure. We got an average tose at 230
microseconds per image, with variation from 150 380
microseconds. Without code optimization, our tegbsi is
already fast enough to be employed on mobile devioe real-
time image browsing applications.

6. CONCLUDING REMARKS

Currently, the predominant methods for accessirgelamages on
small devices are down-sampling or manual browbiyngooming
and scrolling. Image down-sampling or thumbnaiMviesults in
significant information loss due to the excessivsotution
reduction. Manual browsing can avoid informatiosddut it is
often time-consuming for users to catch the mosiciaf
information of an image.

In this paper, we propose a novel image browsirgtegy based
on image attention model to facilitate scrollingdamvigation of
large pictures on devices with small displays. Expental

evaluations indicated that our approach has s@aifly improved
the user’s browsing experiences on a variety ofjgsa

We are currently considering improving those adagpta
parameters in our approach by learning user feédgba®ith the
satisfactory results from our experiments, we glarextend our



work to other media types, such as videos [9] arab \Wages. We
will continue to investigate these directions i uture work.
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