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We propose a novel framework for visual saliency de- 070
tection based on a simple principle: images sharing 071
their global visual appearances are likely to share similar 072
salience. Assuming that an annotated image database is 073
available, we first retrieve the most similar images to the 074
target image; secondly, we build a simple classifier and we 075
use it to generate saliency maps. Finally, we r_efine .the m"?‘psFigure 1. Left, sample image from MRSA datas&f][ saliency 076
a_nd we extract thumbnails. We show that in spite of its ;g fairly unambiguous. Right, sample from PASCAL datasit | o077
simplicity, our framework outperforms state-of-the art ap , this case, saliency is more complex, ambiguous and ajgiic 078
proaches. Another advantage is its ability to deal with vi- gependent. 079
sual pop-up and application/task-driven saliency, if appr 080
priately annotated images are available. 081
jects make the saliency analysis subjective and more am- 982
biguous. This ambiguity might be reduced if we take into 983
1. Introduction account the final intent/task of the thumbnailinig openatio 984
. o o (e.g. a thumbnail containing the person might be salient for 9>
Image thumbnailing consists in the identification of one g,ming applications, whereas the dog might be more rel- 086
or more regions of interest in an input image: salient parts o\ an¢ for highlighting the query results in image retrieval 087
are aggregated in foreground regions, whereas redunda pplications). 088
and non informative pixels become part of the background. ) ) . 089
The range of applications where thumbnailing can be em- e designed a generic framework able to deal with vi-
ployed is broad. It includes traditional problems like ireag sual pop-up or t{;\sk-dnven sa!|ency, i we have images an- .,
compression, visualization, summarization and more tecen hotated W'th_ salient thumbnail]] or salient thumbnails 092
applications like variable data printing], assisted content and semantic labels). 093
creation (], etc. The framework was built upon a simple idea: images g4
Thumbnailing and more generally visual saliency detec- sharing global visual appearance are likely to share simi- 45
tion are intrinsically challenging problems. In fact, diésp  lar salient regions. Following this principle, we approach g4
the many theories recently formulatet[ 16], it is still thumbnailing as a learning by example problem, and we g,
not completely clear how the human visual attention pro- show that the visual similarity is advantageous to detect g5
cesses work. However, all theories seem to agree upon th&aliency and to build thumbnails. Finally, we show thatin g9
fact that : subjects selectively direct attention to olgjgsta  SPite of its simplicity, our approach outperforms statetiu 100
scene using both bottom-up, image-based saliency cues andrt saliency detection methods. 101
top-down, task-dependent cues. The rest of the paper is organized as follows. Firstly, in 102
Bottom-up saliency can be considered task-independentsection2 we study the literature around visual saliency and 103
In fact, if a stimulus is sufficiently salient, it will pop-up image thumbnailing. Then, we describe in detaiBiour 104
from a scene as in Figute image on the left. In this case, framework. Sectiod presents the experimental validations 105
saliency is fairly unambiguous. However, in a more clut- and finally in sectiorb we discuss the advantages of the 106
tered image (e.g. see Figuteon the right), multiple ob-  methods and the future challenges. 107
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2. State-of-the art surround histogram, and color spatial distribution whieh d 162
. . . scribe a salient object locally, regionally, and globally. 163

.MOSt quels for \(lsua}l saliency detection .and thumb- Other approaches targeting thumbnailing applications 164
nail extraction were _|nsp|red by the human visual SYSIM can be found in the state-of-art, however they use standard *°°
and can be grouped in bottom-up, top-down and hybrid ap'bottom-up saliency maps or they discuss the advantages 166
proaches . Lo . of auto-crop over simple image resizing methods through *°’
_Bottom—gp Methods falling in th|s. category are  yser preference experimenis)] 8, 25]. An alternative to 168
stlmulus—dn\{en._ T_hey generally starts with the extrattio thumbnailing has been recently studied in computer graph- 169
of a set_ of |n_tr|n3|c low Ie\_/el features such as contr_ast, ics [26, 1, 27] and it consists in intelligent rescaling and 170
polor, orientation, etc. at dlﬁerent scales. Then, theaide re-targeting of several relevant regions. 171
is to seek for the so-called “visual pop-out” saliency. In 172
f?.Ct, human attention is interpreted by some, as a cogni-3 The Framework 173
tive process that selectively concentrate on the most whusu 174
aspects of an environment while ignoring more common  We assume, the existence of an annotated image 175
things. To model this behavior, various approaches weredatabase representing a wide variety of subjects, where in 176
proposed such as center-surround operatiGh ¢r graph each image we have salient and non-salient regions man- 177
based activation maps[]. Gao et al (] reformulated the  ually annotated. Our framework operates in two different 178
“center-surround” hypothesis in a decision theoretic #am phases: 179
work where saliency is identified with features that well dis . _ . . . 180
criminate “center” and “surround” regions. Hou and Zhang 1. Off-line database indexation For each image n the 181
in [12] proposed a method based on residual of images in database we extract local paiches and associated low 182
the spectral domain that locates salient regions by taking Ie\{el de;crlptors. In the low leve] feature space, we g,
into account the “noise” in the logarithmic magnitude fre- pwld avisual vocapulary. we then compute h|gh level 184
quency curve of an image. image re_zpresentatlons for sah_ent and non salient re- -
Top-down Top-down visual attention processes are con- gions. Finally, for each image in the dataset, we store 1 g¢
sidered driven by voluntary control, and related to the ob- a3|g_nafcure bqsed onthe high level representations (see 187
server's goal when analyzing a sced€][ These methods details in sectior3.1). 188
take into account higher order information about the image 2. On-line saliency detection and thumbnail Given a 189
such as context, structure, etc. Object detection can lve see new image, we apply the steps sketched in Figlire 190
as a particular case of top-down saliency detection, where (1) we retrieve the’k’ most similar images from the 191
the predefined task is given by the object class to be de- indexed database (see secti®), (2) we compute 192
tected [L9). An additional example is4] where Ciocca et a salient (foreground) and non-salient (background) 193
al. propose a self-adaptive image cropping method that first model, (3) we classify each image patch as salient/non- 194
classify the image in landscape, close-up, faces, etc. and  salient, (4) we propagate the result of classification to 195
then it applies the most appropriate thumbnailing/crogpin pixels generating a saliency map, (5) we refine the map 196
strategy. and we extract the thumbnail. 197
Hybrid. Most of the saliency detection methods are hy- 198
brid models leveraging the combinations of the bottom- . . 199
up and top-down approaches/[ 3, 29, 31]. In general, 3.1. High Level Visual Features 200
they are structured in two levels, a top-down layer filters  In the image classification literature, the traditional ap- 201
out noisy regions in saliency maps created by the bottom-proach to transform low-level features into high-levelreep 202
up layer. In most part of the cases, the top-down compo-sentations is the bag-of-visual-words (BO\25[ 6]. How- 203
nent is actually a human face detectd#,[29). However, ever, Perronnin et Dance]] showed that Fisher Kernel 204
Chen et al §] combined a face and text detector finding outperforms bag-of-words in image categorization scenar- 205
optimal solutions efficiently through a branch and bound ios. Additionally, Fisher representation was succesgfull 206
algorithm. Instead, Wang and Li combines spectral resid- used in image retrievab] and semantic segmentatior]| 207
ual for bottom-up analysis with features capturing similar For this reason, we employed Fisher vectors as high level 208
ity and continuity based on Gestalt principlesl]] Re- image descriptors. Given a generative mqdeith param- 209
cent approaches suggest that saliency can be learned froraters\, Fisher kernelfZ] consists in deriving a fixed-length 210
manually labeled examples. Sun et al. in’][formulate representation of variable length sample séts- {x;,t = 211
salient object detection as an image segmentation problem]...T'} using the following gradient vectoi¥ log p(X |)). 212
where they separate the salient object from the image backThe Fisher representation can be interpreted as the direc- 213
ground. They use a Conditional Random Field to effectively tion in which the parameters of the generative model should 214
learn a set of features including multi-scale contrastteren  be modified to best fit the data skt 215
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216 ~ where the superscrigtdenotes thd-th dimension of a vec- 210
2L ‘i - E tor and; (z¢) is the occupancy probability given by: 2
218 k... | 272
219 ' w;pi (24) 273
220 ag ) = SN wipy () -
221 reste H e H cssoer H saem H ittvenenr H B s TP 275
222 S Here, we use only the gradient with respect to the mean and 276
223 " standard deviatioh 277
224 The Fisher gradient vectdi = Vlogp(z:|)\) of the 278
225 descriptorz; is by definition the concatenation of the par- 279
226 tial derivatives shown in equations)(and @) leading to a 280
227 2xDxN dimensional vector, where D is the dimension of the 251
228 low level feature space. While the Fisher representationis 252
229 general high dimensional, it can be made relatively sparse, 293
230 as only a small number of components (relevant Gaussians) 284
231 Figure 2. On-line saliency detection. Given an image to thum have non-negligible values. 285
232 nail, we retrieve theg< most similar images (see sectidr?) and From (1) the Fisher Vector of the set of descriptdfs—= 286
233 we train a simple classifier to detect salient (foregroumd) mon- {z¢,t = 1...T} is the sum of individual Fisher vectors: 287
234 salient (background) regions. Saliency maps are geneeated 288
235 thumbnails extracted (see sectidd). T 289
236 fx=> f 3) 290
237 . t=1 291
228 If we further assume independence between the samples, _ _ 200
239 and using the linearity of the gradient we can write: 3.2. Image Indexation and Retrieval .
240 T T For each image in the database, we extract a set of lo- 294
241 Viogp(X|A) = V(Zlogp(xtp\)) = Z V log p(a|\) Cal_image patches and we label each of them accor(_jing to 295
242 P P their overlag with the manually annotated salient regions. 296
243 This leads to two sets of annotated descripférsand X ~ 297
244 In our case, we employ a Gaussian mixture model (salient and non-salient). Using equati@), (we compute 208
245 (GMM) to build a visual vocabulary in some low level fea-  the two corresponding Fisher vectdis: andfy- and we 299
246 ture space where each Gaussian corresponds to a visuglse them as a pair of signatures for each image. 300
247 word. LetA = {w;, p;, 04,4 = 1..N} denote the set of Given a new image to thumbnail, we retrieve fiemost 301
248 parameters of the GMM, wher¥ is the number of Gaus-  gjmijlar images as follows. First, we extract a set of lo- 302
249 sians andw;, p; ando; are respectively the weight, the  ca) image patches with their low level descriptdrs = 303
250 Mmean vector and the variance vector (representing the diagy, 4, ...y/,,. We use the visual vocabulary (GMM) trained 204
251 onal covariance matriX; of theith Gaussian). The GMM  off_|ine for image indexation and we compute a Fisher vec- 205
252 vocabulary is trained using maximum likelihood estimation oy f,, using equation3). To compute the similarities be- 306
253 (MLE) considering all or a random subset of the low level tween two images, we use the following normaliZedsim- 307
254 descriptors extracted from the training set. ilarity measure: 308
255 Given a new low level descriptog,, the probabil- 309
256 ity that it was generated by the GMM ig(a:|\) = sim(X,Y) = —||fx — fy | = _Z Ife — fi] (@) 310
257 vazl w;p;(x¢|\), where i 311
258 ) ) N _ 312
259 pilzA) = exp {—Q(It —wi)'S (2 — M)} wrleref is the vectorf normalized to normZ; equal 1 313
60 i(Tt 2m)D2[5, |12 , (I[fll = 1) andfy = fx+ + fy- represents the global 5,
261 set of descriptors (salient and non salient) of image 315
262 The partial derivatives oflog p(x;|\) according to the ] ) 316
263 GMM parameters can be computed by the following for- 3.3. Saliency Detection 317
264 mulas P7: We assume, that for the test image, we retrieved the K 318
265 d d most similar image as described in secti®2. We have 319
266 dogp(ae|A) () [u] 1) 320
267 autii = Tl (0?)2 ! ‘1According to P2, e_ldd_ir_]g thg gradient with respect to the mixture 321
weights does not add significant information.
268 dlogp(x|\) () (zf — pd)? 1 @) 2The patch is labeled as salient if its overlap with the saliegion is 322
269 agéi = il (Uf)3 B Uf ' above 50% of its area and non relevant otherwise. 323
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seen that for each retrieved image we have two available ~ 3.4. Map Refinement and Thumbnail Extraction 2;3
Fisher vectorsfxx and f)?f corresponding .to the salient The aim of this step is to build one or more thumbnails 330
and_to the non sal!eqt regions. We sum all F|shervecto_rs Strom the saliency mag$. A straightforward option is to .
soc_lated to the(" similar images for salient and non salient i\4rizes with an appropriate thresholthy;,, leading to 250
regions. a the binarized saliency ma;. Note that by increasing 383
X X or decreasing the threshold, we can give more importance 334
_ _ respectively to precision or to recall. The drawback of this 335
fre = ;fxf and fze = ;f i ®) simple approach is that it does not take into account the 335
contours of the salient object. 387
and we call them (abusively) foreground and background However, we can overcome this drawback using a seg- 3ss
Fisher models. mentation method inspired by’4]. The main idea is to 389
A patchz; then is considered salient, if its normalized Use the saliency maP to initialize the Graph-Cut algo- 390
L, distance to the foreground Fisher model is smaller thanrithm, then iterate between energy minimization based re- 391
to the background Fisher model: gion labeling and foreground and background GMM up- 392
dates. First, we choose two threshold (one positiveand 393
||fm _ fFGHl < ||fmf, _ fBGIIl (6) one negativgth_) th_at separates the sgliency nm&ynto 3 394
different regions: pixels labeled as salienS(u) > th.), 395
However, this classifier is too dependent on a single local pixelsv labeled as non-salien8(v) < th_) and unknown 396
patch which makes it locally unstable. Therefore, in order (the others). Two Gaussian Mixture Models (GMM3) 397
to increase the model’s robustness, instead of considaring and(, are created, one using RGB values of salient (fore- 393
single patch we sum Fisher vectors of patches over a neighground) pixels and one using RGB values of non salient 399
borhoodV: (background) pixels. Then the following energy is mini- 400
£y = Z £, (7) mized: 401
e o BL) =Y. Du)+ Y Vaulwr)  (Q0) o

Furthermore, we replace the binary classifier with non- wep (w)ec
binary score which is a simple function of the normalized 404
L, distances: where the data penalty functionD,(u) = 405
—logp(ull,,y,) is the negative log likelihood that — “%°
s(N) = |IEv — frall — ||Ev — faellr (8)  the pixelu belongs ta®;, , with I, € 0,1 and the contrast ~ “9’
term: 408
The proposed method is based on a simple distance met- 5 409
ric and can be replaced by more complex patch classifiers Vo (u,v) = Z 81,1, €XP ( _ M) (11) 410
[7]. However, the method proposed here has two main ad- (uo)€EC 2% 411
vantages. It is simple and computationally efficient. More- 412
over, it requires neither pre-trained patch class models, n With 0;,;, = 1if , = [,, C representing 4-way cliques, 413
the pre-processing of the retrieved images to extract patctand8 = E(|[u — v[|*) (see further details ir?{]). 414
descriptors, but it uses directly the pair of image sigresur The energy 10) is minimized using the min-cut/max- 415
Finally, to build a “saliency mapS we can consider that ~ flow algorithms proposed ir] leading to a binary annota- 416
each pixel in the neighborhood regiov takes the value tion of the image. Using the new Ia_bels, we L_deate (adapt) 417
sy = s(N). However, this is not a good strategy especially the two GMM parameters and similarly té4] iterate pe- 418
if we consider overlapping regions. Instead, we assign thetWeen energy minimizatiori() and GMM updates untilno 419
values, to the center pixel of each regioxf and then we  Modifications are_made to the blnar)_/ labels. This binary 420
either interpolate the values between these centers or wénap can be considered as a new saliency map, denoted by 421
use a Gaussian propagation of these values. The latter caR G- 422
be done by averaging over all Gaussian weigthed scores: Note, that the above minimization methods works well if 423
we have a relatively good initialization, but might fail etk 424
YN SNWA(P) wise. Therefore, we want to keep the refined rBaponly 425
s(p) = S vunp) ©) when the risk to deterioraf®; is low. Seen that (a) we can- 426
not directly estimate this risk and (b) Graph Cut does not 427
wherew,s is the value in pixep of the Gaussian centered in  reuse information about saliency during iterations, we in- 428
the geometrical center of each the regign In our experi- troduce a simple decision mechanism to choose a posteriori 429
ments we used a diagonal isotropic covariance matrix with betweernSg andS¢: if the overlap between the two maps 430
values(0.6 x R)?, RxR being the size oiV. is above a certain threshaldl; (i.e. we did not diverge too 431
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much from initialization), we choos®&; otherwise we keep
Sp:

SpUSqa

g* — Sq f Sp0Se thy
“ | S otherwise

with 0 < thy < 1 (settothg = 0.1 in our experiments).

Finally, different strategies can be designed to extract a
thumbnail from the binary map: we can select the biggest,
most centered salient region as thumbnail or, alterngtivel
all the detected salient regions and re-target them intn-a si
gle thumbnail as proposed iGid].

4. Experimental Results

The main objectives of the experiments were (1) to
show that image similarity is advantageous for detecting
saliency, (2) to prove that our approach can compete with

nail regions as well as thumbnail labels for 20 object

486

classes (person, bird, cat, cow, dog, horse, sheep, aero- 87

plane, bicycle, boat, bus, car, motorbike, train, bot-
tle, chair, dining table, potted plant, sofa, tv monitor).
(2) The images are much more challenging with re-
spect to visual complexity; they contain multiple, am-
bigous, often small objects and very cluttered back-
grounds. In our experiments, we used ¥@C 2008
Trainval dataseto build our indexed database and the
VOC 2007 Test Datasat perform the tests. The main
reason for this choice was to have independent train-
ing and test set and hence to avoid any bias in the per-
formances which might be caused by near duplicate
images (especially as our method is based on nearest
neighbor search).

state-of-the-art methods and (3) to test the behavior of the#-2- Experimental Set-up

framework in more challenging scenarios where saliency is

In all the experiments, we used two types of low level

“target/application-dependent”. descriptors: SIFT-like gradient orientation histogramg [

4.1. The datasets

We used two state-of-the-art datasets with thumbnailsscale grid. The dimensionality of the original featuresaver
manually annotated by one or several users: subsequently reduced to 50 by PCA. A GMM composed by

and simple local color statistics (RGB mean and variations)
They were computed on local patches extracted on multi-

32 Gaussian was computed in both PCA projected feature

e MRSA. The dataset described ifi{ is composed of  gy5ces leading to two visual vocabularies. Hence, for each

two parts: Part A (15000 natural images) and part patch, we computed two separate Fisher vectors: one for
B (5000 images) with good variety of different sub- g\ features and the second for color features. Finaky, th
jects. Only Part B was used, as it is the only one 4 Fisher Vectors were normalized and concatenated. The
currently made available by the authors. The anno- ggjiency mapss were created by setting the dimensions of
tation are highly consistent with generally small vari- e neighborhood\” to 50x50 pixels (close to the average
ance over 9 thumbnails. This dataset was used to teStpatch size).

the performances of the framework in the case of “vi- 14 gyaluate the performance we followed the startegy

sual pop-.up” saliency (i.e ungmbiguous and quective proposed in [7], and we computed precision, recafl,,
thumbnails). In fact, MRSA is composed by images \yith o — (.5 and BDE (Bounding Box Displacement Er-
containing a wide range of different objects, neverthe- ror) [21].

less in most cases there is a single object per image | the case of the MSRC database, we used a leave-one-
that “pops-out” from a relatively simple background. ¢ startegy and then we averaged the performances over the

Ground truth data consist of 9 different thumbnails an- whole dataset. In PASCAL, we used independent training

notated for each image by 9 different users (see Figure,nq test data and the average was evaluated per category.
1 on the left). The users manually selected a thumb-

nail containing the region of interest, which is typically 4.3. Detecting saliency through visual similarity
represented by a full object or, in some cases by a sub-
part of the object (e.g. head of the dog). In average, the
MRSA thumbnails represent the 35% of the total area
of the image and the distance of their center of mass
from the center of the image is within 42 pixels.

First, we tested the performances of the saliency detector
by varying the parametdt (number of most similar images
considered). To quantify the advantage of visual simiarit
in cases of visual pop-up saliency, we performed the follow-

ing test: instead of taking into account themost similar
PASCAL VOC. To quantify the performances in the images, we selected in the indexed datab&segndom im-
case of “targeted” visual saliency, we opted for PAS- ages.
CAL Visual Object Classes Challenge dafj. [ In- These results are plotted in FiguBe the upper curve
deed, no other dataset is currently available for this showsF,, with K nearest neighboor images and the bot-
kind of analysis. Moreover, PASCAL has some fea- tom curveF,, with K random images. First, we notice that
tures which fit well our purpose: (1) Images are anno- for all tested values of{, we improve the performance us-
tated (see Figuré on the right) with multiple thumb-  ing visual similarity. As expected, we increase in both sase
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0.75

—#&— Random K ||
—6— KNN
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04 i i i i
0 20 40 60 80 100

Figure 3. Performances of the saliency detector by varyiega-

ages.

the performance by increasitfg. While we have large im-
provement for lowk’s, after K’ = 20 the performance in-
creases less. Beyonld = 50 the improvement becomes
negligible. Moreover, we know that even if both curves con-
tinue to sligthly increase after 100, they begin to decrease
with large K's arriving both toF,, = 0.64 for K = 4999
(i.e. all dataset except the test image). As we didn’t tested
K bigger that 100, we do not have the idéal(max of the
curve). Nevertheless, this is not a very significant value as
it will vary from database to database. In fact, what is more
important is to find a good compromise between accuracy
and cost. To this end, we believe thiat = 50 is a good
choice and we used it in the rest of the experiments.

Finally, we evaluated the refinement of the saliency maps
through Graph-Cut. In figuré, we plot F,, obtained by
varying the binarization threshaldh;,, from 0.1 to 1 with
step 0.1. As expected, Graph-Cut combined with pixel con-
nectivity provides better results for all valuestaf,;,, with
a global maximum fothy;,, = 0.6. We used this parame-
terization in the rest of the tests.

In Figure5 and6 we show some qualitative results ob-
tained on the MRSA dataset.

4.4. Comparison with State-of-the-art methods

We compared our framework with three state-of-the-art
methods designed for saliency and thumbnail detection:

e ITTI : a classical approach based on Itti's methdd
that leverages a neuromorphic model simulating which

3As the range of the scores vary in the images, we first norméttie

0.9

0.8
0.7+
0.6
q
0.5F

0.4

0.3r

0.2

0.1} —8—

—©— Pixel Connectivity
Pixel Connectivity +

Graph-Cut

0

0.1

0.2 0.3

0.4

0.5 0.6
Thbin

0.7

0.8

0.9

Figure 4. Thumbnail extraction strategies compared: Rbai-
rameterK, using nearest neighborhood images and random im- nectivity only, Pixels Connectivity + Graph-Cut.

value to be between 0 and 1. This allows to select the samshibicefor
different images.

4We
http://www.saliencytoolbox.net/

used the

Matlab

implementation

Figure 5. Some qualitive results collected in MRSA dataget o
tained using Pixels Connectivity + Graph-Cut .

Figure 6. Some qualitive results collected in MRSA datadetne
the decision mechanism rejected Graph-Cut refinement.
elements are likely to attract visual attentipn

e SR a more recent method described irY[based on
the analysis of the residual of an image in the spectral

available
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Figure 7. Above, comparison of the performances, (—
measure) in a “visual pop-up” saliency scenario using MRSA
dataset]7]. Our method is compared with 8R) Spectral Resid-
ual saliency detection, 2.ITTI ) a classical approach based on
Itti's method [L3],and [LZ] and 3. CRF) a learning method pro-
posed in [7] based on Conditional Random Field. Below, com-

parison using BDE (Bounding Box Displacement Error).

domair?, and finally

e CRF: a learning method proposed if7, based on
Conditional Random Field.

As the first two methods evaluate only saliency maps, we

extracted thumbnails to make the comparison possible. In

particular, we applied the thumbnail strategy described in
section3.4 and we chose the most performing parameter
configurations (as for our method in sectiérg). For the
third method, we directly reported the results given byj [
on the same dataset.

As Figure 7 (above) shows, our method outperforms
ITTI') and SR) with a consistent margin on Precision,

Recall and F-measure, and it gives slightly better results

than CRF). Comparisons using BDE (see Figuiebelow)
show similar behavior.

4.5. Target-driven Visual Saliency

Figure 8 shows the quantitative results of the experi-

ments performed on the PASCAL dataset. Instead, in Figurework achieves satisfactory results with respect to other

9 we display on few qualitative results.

The experiments were performed on each target classframework can be used in various thumbnailing scenarios,

¢ as follows: 1. Among the training samples contain-
ing at least one object of the classwe retrieved theX'

5Matlab implementation available at http://bcmi.sjtu.e@ui houxiaodi

@ Pixel Connectivity B Pixel Connectivity + Graph Cut

o 05 — N
4

0 T T T T T T
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0’9‘ > K & Bs & ef\’Q ) <& ©
< & &

Figure 8. Performanceg,) in the PASCAL datasetd] with and
without Graph-Cut).

most similar imagesK'=50). 2. When we build the fore-
ground/background model, we consider as salient only the
bounding boxes labeled with the class 3. We average
the results taking into account the labels available for the
test images. This is motivated by the fact that in many ap-
plicative scenarios such as variable data printing or image
retrieval, we only need to localize the most representative
thumbnail for the targeted class . 4. We apply the same
strategy we used for processint the MRSA dataset to extract
the thumbnails 5. We evaluaté, with and without Graph-
Cut (see Figurs). Not surprisingly, the performances are
in general lower in comparison to MRSA. In fact, PASCAL

is a more challenging database characterized by high visual
complexity’. Also, Graph-Cut improves only a few cate-
gories because we have in most cases cluttered background

and occluded objects. ;gg

In this experiment, we cannot directly compare the re- 235
sults with other methods. In fact, there is no available -
benchmark data or quantitative results reported in the lit- -
erature for this specific problem. Object detection could be -

considered as the closest scenario, however the comparison

. ; 736

would be unfair because here we solve a different problem. 137
Indeed, while object detection aims at detecting and lacali 728
ing every object individually, target-driven thumbnadiis 739
less restrictive: it consists in higlighting region(s) tain- 240
ing one or multiple instance of the targeted objects. >
. 742

5. Conclusions 743
. - 744

We proposed a framework for image thumbnailing based s
on visual similarity. The underlying assumption was that 6
images sharing their global visual appearance are likely to .
share similar salience. Through exhaustive experimental 8
setup we showed that in spite of its simplicity, the frame- 49
I 750

state-of-the art methods. In addition we showed that the ey
i . 752

based on both “visual pop-ups” and “target oriented” sa- es
6This is also confirmed by the very low detection and segmientat 754
results (about 25% accuracy) reported in the literaturehmndataset. 755
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Figure 9. Some qualitive results collected in PASCAL datase

lency maps. At present, we took into account only natu-

ral images, however the framework is generic enough to
be applicable to other type of images such as medical or

documentimages providing that appropriate training data i
available.
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