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Abstract We study visual attention by detecting a salient
object in an input image. We formulate salient object detec-
tion as an image segmentation problem, where we separate L‘ v
the salient object from the image background. We propose 4
a set of novel features including multi-scale contrastjexen
surround histogram, and color spatial distribution to désc

a salient object locally, regionally, and globally. A Condi
tional Random Field is learned to effectively combine these
features for salient object detection. We also construated
large image database containing tens of thousands of care-
fully labeled images by multiple users. To our knowledge, it
is the rst large image database for quantitative evaluatib
visual attention algorithms. We validate our approach @ th

image database, which is public available with this paper. (@) (b) (c)
Figure 1. Salient map. From top to bottom: input image, satieap
1. Introduction computed by Itti's algorithm (http://www.saliencytootboet), and

salient map computed by our approach.

“Everyone knows what attention i5... ) ) o
—William James. 1890 walk [6] using multiple features. After normalization and

linear/non-linear combination, a master map [24] or a salie

The human brain and visual system pay more attentiof’@P [11] is computed to represent the saliency of each im-
to some parts of an image. Visual attention has been studié@© Pixel. Last, a few key locations on the saliency map are

by researchers in physiology, psychology, neural system?@emi_ ed by winngr-take—alll, or inhibition-of-return rather
and computer vision for a long time. There are mampon-llnear operations. While these approaches have worked

applications for visual attention, for example, automaticVell in nding a few xation locations in both synthetic and
image cropping [23], adaptive image display on small denatural images, the_y have not been able to accurately detect
vices [4], image/video compression, advertising design [7 Where visual attention should be.
and image collection browsing. Recent studies [18, 22, 26] For instance, the middle row in Figure 1 shows three
demonstrated that visual attention helps object recammiti salient maps computed using ltti's algorithm [10]. Notice
tracking, and detection as well. that the saliency concentrates on several small local negio
Most existing visual attention approaches are based ofyith high contrast structures, e.g., the background gri@)n
the bottom-up computational framework [3, 6, 8, 9, 10, 11the shadow in (b), and the foreground boundary in (c). Al-
19, 25] because visual attention is in general unconsgiousthough the leaf in (a) commands much attention, the saliency
driven by low-level stimulus in the scene such as intensityfor the leaf is low. Therefore, these salient maps computed
contrast, and motion. These approaches consist of the fdicom low-level features are not a good indication for where a
lowing three steps. The rst step fgature extractionin ~ user's attention is while perusing these images.
which multiple low-level visual features, such as intepsit In this paper, we incorporate the high level concept of
color, orientation, texture and motion are extracted frbm t salient object into the process of visual attention comtria
image at multiple scales. The second stepalency com- In Figure 1, the leaf, car, and woman attract the most visual
putation The saliency is computed by a center-surroundattention in each respective image. We call them salient ob-
operation [10], self-information [3], or graph-based ramd jects, or foreground objects that we are familiar with. As ca



= ; Figure 3. Labeled images from 3 users. Top: two consistéelilag
-4 3 examples. Bottom: three inconsistent labeling examples.
¢ “ ‘ arectangle.
5 A = Image source We have collected a very large image database
Figure 2. Sample images in our salient object image database  with 130,099 high quality images from a variety of sources,
mostly from image forums and image search engines. Then
be observed in Figure 2, people naturally pay more attentiowe manually selected 60,000+ images each of which contains
to salient objects in images such as a person, a face, a car, asalient object or a distinctive foreground object. Welfart
animal, or aroad sign. Therefore, we formulssédient object  selected 20,840 images for labeling. In the selection mxce
detectioras a binary labeling problem that separates a saliente excluded any image containing a very large salient object
object from the background. Like face detection, we learrso that the performance of detection can be more accurately
to detect a familiar object; unlike face detection, we detec evaluated.
familiar yet unknown object in an image. Labeling consistency. For each image to be labeled, we
We present a supervised approach to learn to detectask the user to draw a rectangle which encloses the most
salient object in an image. First, we construct a large imsalient object in the image according to his/her own under-
age database with 20,000+ well labeled images for trainingtanding. The rectangles labeled by different users usuall
and evaluation. To our knowledge, it is the rst time a largeare not the same. To reduce the labeling inconsistency, we
image database is available for quantitative evaluatidme T vote a “ground truth” labeling from the rectangles drawn by
user labeled information is used to supervise the salient olnultiple users.
ject detection. It can be viewed as top-down information in In the rst stage, we asked three users to label all 20,840
the training phase. Second, to overcome the challenge that wnages individually. On average, each user took 10-20 sec-
do not know what a speci ¢ object or object category is, weonds to draw a rectangle on an image. The whole process
propose a set of novel local, regional, and global features ttook about three weeks. Then, for each labeled image, we
de ne a generic salient object. These features are optymallcompute a saliency probability m&= fgxjgx 2 [0; 1]g of
combined through Condition Random Field (CRF) learningthe salient object using the three user labeled rectangles:
Moreover, the segmentation is also incorporated into the CR 1 M

to detect a salient object with unknown size and shape. The % = a; 1)

last row in Figure 1 shows the salient maps computed by our m=1
approach. whereM is the number of users ard" = f &' g is the binary

mask labeled by theath user. Figure 3 shows two highly con-

2. Image Database s?stent example; and three inponsi_st_em examples. ThBTinco

) ) ) sistent labeling is due to multiple disjoint foregroundeatip
~ People may have different ideas about what a salient oy the st two examples at the bottom row. The last example
jectin an image is. To address the problem of “what is they; the bottom row shows that an object has hierarchical parts
most likely salient object in a given image”, we take a votingnat are of interest. We call this image et In this paper,
strategy by labeling a “ground truth” salient objectin the i \ye focus on consistent labeling of a single salient object fo
age by multiple users. And in this paper, we focus on the casg;ch image.
of a single salient object in an image. To measure the labeling consistency, we compute statistics
Salient object representation. Formally, we represent the ¢, for each image: P
salient object as a binary magk= fayg in a given image O
| . For each pixek, ax 2 f 1;0gis a binary label to indicate C = _XBotg T, (2
whether or not the pixet belongs to the salient object. For x &
labeling and evaluation, we ask the user to draw a rectaagle C; is the percentage of pixels whose saliency probabilities
specify a salient object. Our detection algorithm also otgp are above a given threshald For exampleCo.s is the per-




framework [13], the probability of the labél = fayg given
the observation imagk is directly modeled as a conditional

v the background. In the Conditional Random Field (CRF)
ﬂﬂ distributionP (Ajl ) = zl exp( E(Ajl)), whereZ is the par-

o 02 s o5 o8 xi o 02 o4 08 08 X1 tition function. To detect a salient object, we de ne the en-
(@) (b) ergyE (Ajl) as alinear combination of a numben6fsalient
Y ¥ featuredy (ax; | ) and a pairwise featurg(ay ; axo; 1 ):
X X X
E(Ajl) = kFr(ax;l) + S(ax;axo;1); (3)

X k=1 X;x 0
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Figure 4. Labeling consistency. (a) (B).o (agreed by all 3 users) where k 1S th? weight of thekth .feature, andx; x are.
and Co:s on image sefA. (c) (d) Cos (agreed by at least 8 of 9 WO adjacent pixels. Compared with Markov Random Field

users) anco.s on image seB. (MRF), one of advantages of CRF is that the feature func-
tionsFy(ayx; 1) andS(ay; axo; 1) can use arbitrary low-level

centage of the pixels agreed on by at least half of the usersr high-level features extracted from the whole image. CRF
Coo 1 means that the image is consistently labeled by alflso provides an elegant framework to combine multiple fea-
the users. Figures 4(a) and 4(b) show the histogran®ef tures with effective learning.
andCy:5 on the image seA. As we can see, the labeled re- Salient object feature. Fy (ax; ) indicates whether or not a
sults are quite consistent, e.§2%of the labeling results are pixel x belongs to the salient object. In next section, we pro-
consistent between at least two users (Figure 4 (b))6&%d  pose a set of local, regional, and global salient objectifeat
of the labeling results are highly consistent among allghreto detect the salient object. Each kind of salient object fea
users (Figure 4 (a)). ture provides a normalized feature migg{x; ) 2 [O; 1] for

In the second stage, we randomly selected 5000 highlgvery pixel. The salient object featufe(ax; I') is de ned as
consistent images (i.eGo.o > 0:8) from the image sef.  follows:
Then, we asked nine different users to label the salientbbje o f(x) a,=0
rectangle. Figures 4(c) and 4(d) show the histogran@yaf Fe(as)= 4 f(cl)  ac=1 (4)
andCy.5 on these images. Compared with the imageAset
this set of images has less ambiguity of what the salienbobje pajrwise feature. S(ay; ayo; 1) models the spatial relation-
is. We call these images as image Bet ship between two adjacent pixels. Following the contrast-

~ Alfter the above two-stage labeling process, the salient obsensitive potential function in interactive image segraent
ject in our image database is de ned based on the “majorityion [2], we de neS(ay; ayo; 1) as:

agreement” of multiple users and represented as a saliency _ _

probability map. S(ax;axo; 1) = jax  axo] exp( dxxo); (5)

Evaluation. With the saliency probability maf®, for any . L )

detected salient object magk we de ne region-based and WNerédkxe = jilx  Ixcjj is the L2 norm of the color differ-
ence. is arobust parameter that weights the color contrast,

boundary-based measurements. . o .
We use the precision, recall, and F-measure for regiona-md canbesetas= (2hjlx 1xojj%i) ~[1], wherehiisthe

based measurement. Precision/Recall is the ratio of Cop_xpectation operator. This feature function is a penalyte

rectly detected salient regiongto the degected/“grounthtru when a_djr_::cen; p|xe:s arefars]mgned \_N'ﬂ; d|ffererr]1t I?belslgk'l'lh
salient region: Precision = | Gya,= , a;Recall =  More similar the colors of the two pixels are, the less likely

&= 0 F-measure is the weighted harmonic mear]Ehey are aSS|g_ned c::ffehrent labels. Wlth th|s pa|_rW|s_eu‘_?;t )
of precision and recall, with a non-negatve F = or segmentation, the homogenous interior region insige t
salient object can also be labeled as salient pixels.

(1+ ) Precision Recall, - Nn- H
Precisio Recal - We set = 0:5 following [17]. The
F-measure is an overall performance measurement. 3.1. CRF Learning

For the boundary-based measurement, we use boundary
displacement error (BDE) [5], which measures the average s ) _ T
displacement error of corresponding boundaries of two recf)f CEF learning is to e_stl_mate t_he _Imear Welghts_ =
angles. The displacement is averaged over the differersuse! k%=1 under the Maximized Likelihood (ML) criteria.

GivenN training image pair§é1"; A"g\_, , the optimal pa-

3. CRF for Salient Object Detection rameters maximize the sum of the log-likelihood:

We formulate the salient object detection problem as a bi- ! = arg max X logP (A"l n!; ): (6)

nary labeling problem by separating the salient object from

To get an optimal linear combination of featur(-i:s, the goal

n



The derivative of the log-likelihood with respect to the pa-
rameter  is the difference between two expectations:

|
dlogP (A"jI™ )

<Fr(A™17) > P (AN]I o, ) <F(A™17) > P(A"jG") - Figure 5. Multi-scale contrast. From left to right: inputdage, con-
(7)  trast maps at multiple scales, and the feature map fromrlineam-
Then, the gradient descent direction is: bining the contrasts at multiple scales.
X X | .
e ! ( (Fe (@ 1M)p@jI " ) 4.2. Center-surround histogram
n xap As shown in Figure 2, the salient object usually has a
F(@l; 1 Mp@sjgn))); (8) largerextentthan local contrast and can be distinguistoea f
| R | its surrounding context. Therefore, we propose a regional
wherep(aljl™; ) = ... P(ARjI™; ) is the marginal salientfeature.

Suppose the salient object is enclosed by a rectaRgle
. B We construct a surrounding contoRg with the same area
p(aljgr) = 1 ngx ax - 0 : of R, as shown in Figure 6 (a). To measure how distinct
Ox a=1 the salient object in the rectangle is with respect to its sur
I roundings, we can measure the distance betvikamdRg
Exact computation of marginal distributige(aljl"; ) is  using various visual cues such as intensity, color, and tex-
g\tf%ﬂf\?e- However, the psgudo-mc?rginal (beligf) cotepu ture/texton. In this paper, we use thé distance between
y belief propagation can be used as a good approximags . 2(D- _ 1" (R"_RL)2.
tion [21, 14]. The tree-reweighted belief propagation[d2h fistograms of RGB color: *(R;Rs) = 2 R'+ Ry

be run under the current parameters in each step of gradieme use histograms because t.hey are robust global descnlp-
tion of appearance. They are insensitive to small changes in

descent to compute an approximation of the marginal distri-. : g _ .
buti ni n[np PP g size, shape, and viewpoint. Another reason is that the his-
utionp(ajl ;). togram of a rectangle with any location and size can be very
4. Salient Object Features quickly computgd by means of integral h|stog_ram mtroduced
) ) . ) recently [20]. Figure 6 (a) shows that the salient objeat (th
In this section, we introduce local, regional, and globalyry is most distinct using the 2 histogram distance. We
features that de ne a salient object. Since scale seledsion haye also tried the intensity histogram and oriented gradie
one of the fundamental issues in feature extraction, weeesi histogram. We found that the former is redundant with the
all images so that the max(width,height) of the imagdd8  ¢o|or histogram and the latter is not a good measurement be-
pixels. In the following, all parameters are set with respec  cayse the texture distribution in a semantic object is lisual
this basic image size. not coherent.
4.1. Multi-scale contrast To handle varying.aspect ratios of t.he object, we use
. ve templates with different aspect ratiof0:5; 0:75; 1:0;
Contrast is the most commonly used local feature for at;’ _ .- .
. . 1:5; 2:0g. We nd the most distinct rectangl® (x) centered
tention detection [10, 15, 16] because the contrast operat%t each pixek by varving the size and aspect ratio:
simulates the human visual receptive elds. Without know- P yvarying P '
ing the size of salient object, contrast is usually compated R (x)=argmax 2(R(x);Rs(X)): (10)
multiple scales. In this paper, we simply de ne the multi- R(x) ' '
scale contrast featufg(x; | ) as a linear combination of con-

distribution andp(a} jgy ) is from the labeled ground-truth:

trasts in the Gaussian image pyramid: The size range of the reCtangHX) is set tO[Ol, 07]
¥ X min(w; h), wherew; h are image width and height. Then,
fe(x;1)= jil '(x) [ '(Xo)ij (9) the center-surround histogram featéizgx; | ) is de ned as a
I=1 x9N (x) sum of spatially weighted distances:
X
wherel ! is thelth-level image in the pyramid and the number  f(x;1) / Wixo 2(R (x9;Rs(x9); (11)
of pyramid leveld is 6. N (x) isa9 9window. The feature fx%9x2R (x%g

mapf¢( ;I) is normalizedto a xed rangf®; 1]. An example _ o
is shown in Figure 5. Multi-scale contrast highlights thgrhi  whereR (x9) is the rectangle centered %t and containing

contrast boundaries by giving low scores to the homogenoue pixelx. The weightv, o = exp( 0:5 ,’jix  xY%j?) isa
regions inside the salient object. Gaussian falloff weight with variancéo, which is set to one



To describe the spatial-distribution of a specic color,
the simplest approach is to compute the spatial variance of
the color. First, all colors in the image are represented by
Gaussian Mixture Models (GMMdw,; ¢; cgg?:l , Where
fwe; ¢ cgis the weight, the mean color and the covari-
ance matrix of theth component. Each pixel is assigned to a
color component with the probability:

. WeN (Ix] ¢; ¢)
glx)= R _ :
Pl WeN(Ixj ¢ )

(12)

Then, the horizontal variané# (c) of the spatial position for
each color componeutis:

X
Ve(©= PGl fxn Ma(©F  (13)
XJe «
(b) Mn(c) = -
Figure 6. Center-surround histogram. (a) center-surrdnistdgram X
distances with different locations and sizes. (b) top roeviaput
images and bottom row are center-surround histogram feataps.

p(cjlx) Xn; (14)

here x, is x-coordinate of the pixek, and jXj. =

« P(cjlx). The vertical variance/, (c) is similarly de-
ned. The spatial variance of a components V(c) =
i Vh(c) + V(). We normalized V (c)g. to the rangd0; 1]
, (V(c) (V(c) mincV(c)=(max.V(c) mincV(C)).
ok

Finally, the color spatial-distribution featufe(x; 1) is de-
ned as a weighted sum:

X
Figure 7. The average center-surround histogram distamtfeedm- fs(x;1)/ p(cilx) (1 V(o): (15)

age sefA. 1. a randomly selected rectangle. 2. a rectangle center o c .
at the image center with5% ratio of area to image. 3-5. rectanglese-ij_he feature maps( ;1) is also normah;ed_to the ranff@ 1].
labeled by three users. Figure 8 (b) shows color spatial-distribution feature maps

several example images. The salient objects are well cdvere

third of the size oR (x9). Finally, the feature map,( ;1) Py this global feature. Note that the spatial variance of the
is also normalized to the rang@ 1. color at the image corners or boundaries may be also small
Figure 6 (b) shows several center-surround feature map8&cause the image is cropped from the whole scene. To re-

The salient objects are well located by the center-surroundtCe this artifact, a center-weighted, spatial-variaeegre

histogram feature. Especially, the lastimage in Figure (b 'S d& ned as: «

a dif cult case for color or contrast based approaches beit th .

center-surround histogram feature can cargiure the “object fsOat)/ p(dlx) (L V() (I D(@); (16)
level” salient region.

To further verify the effectiveness of this feature, we com-whereD (c) = | p(cjlx)dy is a weight which assigns less
pare the center-surround histogram distance of a randamnly simportance to colors nearby image boundaries and is also nor
lected rectangle, a rectangle centered at the image canter, malized to[0; 1], similar toV(c). dy is the distance from
three user-labeled rectangles in the image. Figure 7 shovpxel x to the image center. As shown in Figure 8 (c), center-
the average distances on the image/setlt is no surprise weighted, color spatial variance shows a better prediaifon
that salient object has a large center-surround histogiam d the saliency of each color.

tance. To verify the effectiveness of this global feature, we plot
_ o the color spatial-variance versus average saliency pilityab
4.3. Color spatial-distribution curve on the image sét, as shown in Figure 9. Obviously,

The center-surround histogram is a regional feature. |§1e smallera colorvariance is, the higher probability thiec
there a global feature related to the salient object? We olelongs to the salient object.
serve from Figure 2 that the wider a color is distributed & th .
image, the less possible a salient object contains thisr.colos' Evaluation
The global spatial distribution of a speci c color can bedise ~ We randomly select 2,000 images from image Aeind
to describe the saliency of an object. 1,000 images from image sBtto construct a training set,
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(a)image seA (b) image seB
Figure 10. Evaluation of salient object features. 1. msdtide con-
trast. 2. center-surround histogram. 3. color spatiatidigtion. 4.
combination of all features.

@) (b) (c)
Figure 8. Color spatial-distribution feature. (a) inputaiges. (b)
color spatial variance feature maps. (c) center-weigtdelr spa-
tial variance feature maps.

Y
0.75

0.25 \ . - “ i -

0 0.2 0.4 0.6 08 x1 ) B
Figure 9. Color spatial variance (x-coordinate) v.s. agersaliency
probability (y-coordinate) on the image &t The saliency proba-
bility is computed from the “ground truth” labeling.

Figure 11. Examples of salient features. From left to righput
image, multi-scale contrast, center-surround histogcanoy spatial
distribution, and binary salient mask by CRF.

algorithm with two leading approaches. One is the con-

which are excluded from the testing phase. To output a recl: st and fuzzy growing based method [16], which we call
angle for the evaluation, we exhaustively search for a @sall “FG”. This approach directly outputs a réctangle An-

rectangle containing at lea86% salient pixels in the binary other approach is the salient model presented in [10], and

label map produced by the CRF. ) we call it “SM” (We use a matlab implementation from
Effectiveness of features and CRF learning.To evaluate http://iww.saliencytoolbox.net). Because the outputhis t

the effectiyeness of each salient object feature, we waine,nnroach is a salient map, we convert the salient map to a
four CRFs: three CRFs with individual features and one CREectangle containing5% of the xation points, which are

with all three features. Figure 10 shows the precision,lkeca determined by the winner-take-all algorithm [10].

and F-measure of these CRFs on the image Ae@dB.  frjgyre 12 shows the evaluation results of three algorithms
As can be seen, the multi-scale contrast feature has a high poin image seA andB. On image sef\, our approach
precision but a very low recall. The reason is that the innefe g ceds295 and34% overall error rates on F-measure, and
homogenous region of a salient object has low contrast. Thego, and31% boundary displacement errors (BDES), com-
center-surround histogram has the best overall performan%ared with FG and SM. Similarlyi9%and38%overall error

(on F-measure) among all individual features. This rediong g¢as on F-measure, a#8%and37%BDEs are reduced on
feature is able to detect the whole salient object, although, image seB.

the background region may contain some errors. The color Notice that as show in Figure 10 and 12, the individ-

ﬁpaglal-dlstnﬁunon has S"QHhSY Iowerhpref(:|3|on but tae 5| features (center-surround histogram and color spatial
ighest recall. Later, we will discuss that for attentiomee yiqyipy ition), FG, and SM all have higher recall rates than

tion, recall rate is not as important as precision. It demong,. approach. In fact, recall rate is not much of a useful
strates the strength and weakness of the global featurer Aft, | .- \re in attention detection. For examplapaderecall

CREF learning, the CRI_: with all three featpres produces the1o can be achieved by simply select the whole image. So
best result, as shown in the last bars in Figure 10. The begjqqrithm trying to achieve a high recall rate tends to gelec
linear weights we learnt are: = f0:24; 0:54; 0:22g. as large an attention region as possible sacri cing theiprec
Figure 11 shows the feature maps and labeling results @fion rate. The key objective of attention detection shoeld b
several examples. Each feature has its own strengths and lind locate position of a salient object as accurately as possi
itations. By combining all features with the pairwise featu ble, i.e. with high precision. However, for images with a
the CRF successfully locates the most salient object. large salient object, a high precision is also not too dift¢a
Comparison with other approaches. We compare our achieve. Again, for example, for an image with a salient ob-
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(a) preci./recallimage sed  (b) preci./recallimage seB

ln Ul

(c) BDE,image seA (d) BDE, image seB
Figure 12. Comparison of different algorithms. (a-b) andlYare
region-based (precision, recall, and F-measure) and laoyszhsed
(BDE - boundary displacement error) evaluations. 1. FG.\. &
our approach.

(2 3UHFLWILRAF ID)OPHD V

Figure 14. Comparison of different algorithms. From leftight:
ﬂ FG, SM, our approach, and ground-truth.

(a) preci./recall (b) BDE
Figure 13. Comparison on a small object (object/image ratio
[0; 0:25]) dataset from image sét. 1. a rectangle centered at the
image center and with:6 object/image ratio. 2. FG. 3. SM. 4. our
approach.

ject occupying80% of the image area, just select the whole
image as attention area will giv&0% precision with100%
recall rate. So the real challenge for attention detectdo i
achieve high precision on small salient objects. To coustru
such a challenge data set, we select a small object subset wit
object/image ratio in the rand®; 0:25] from the image set

A. The results on this small object dataset are shown in Fig-
ure 13, where we also show the performance of a rectangle Sgst
xed at the image center witB:6 object/image ratio. Notice
that both this center rectangle and FG achieve high redall ra
but with very low precision and large BDE. Our method is
signi cantly better than FG and SM in both precisid®7@6 ;
and37%improvement) and BDES5% and33% reduction). ) ) A (b)

Figure 14 shows several exa_mp_les with 9“?“”0' truth reCtarlfigure 16. Multiple salient object detection. (a) Two biate de-
gles from one user for a qualitative comparison. We can sé@ted at the same time. (b) The toy car is detected rstlg, asing
that FG and SM approaches tend to produce a larger attentigie updated feature maps, the boy is detected secondly.
rectangle and our approach is much more precise.

Figure 15. Our detection result on the images in Figure 2.

e

Figure 15 shows our detection results on the imagesin Fig@ Discussion and Conclusion

ure 2. The whole labeled database and our results are public In this paper, we have presented a supervised approach for
available from: http://research.microsoft.cofnsun/. salient object detection, which is formulated as an image se



Figure 17. Failure cases. From left to right: FG, SM, our apph,
and ground-truth.

[5] J. Freixenet, X. Munoz, D. Raba, J. Marti, and X. Cu. Yet

another survey on image segmentation: Region and boundary
information integration. IEECCV, pages 408—422, 2002.

[6] J.Harel, C. Koch, and P. Perona. Graph-based visuarsali

(7]
(8]

(9]

mentation problem using a set of local, regional, and global
salient object features. A CRF was learnt and evaluated onl&®!

large image database containing 20,000+ well-labeledé@siag

by multiple users.

retrieval. Manually collecting and labeling training inesgn
object recognition is very costly. With salient object dete

: . . . - [11]
Salient object detection has wider applications. For exam-

ple, a more semantic, object-based image similarity can be
de ned with salient object detection for content-baseddma [12]

tion, it is possible to automatically collect and label asub [13]

stantial number of images.

There are several important remaining issues for furthe
In future work,

investigation of salient object detection.

performance.
salient object detection framework to detect multipleesli

(141

we plan to experiment with non-rectangular shapes f0f15]
salient objects, and non-linear combination of features.
More sophisticated visual features will further improve th [16]

In particular, we are extending our single

objects or no salient object at all. Figure 16 shows twoahiti [17]

results.

In Figure 16 (a), our current CRF approach can
directly output two disjoint connected components so theat w

can easily detect them simultaneously. In Figure 16 (b), wél8]

use the inhibition-of-return strategy [10] to detect thkesd

objects one-by-one. Finally, Figure 17 shows two failure
cases, which demonstrate one of the challenges in the salidh®!

object detection — hierarchical salient object detection.
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