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ICCV 2013: A Statistical Snapshot. As of 29 Aug, 2013

Papers submitted1: 1629
Withdrawals and administrative rejections: 128
Accepted as Orals: 41 (2.52% oral acceptance rate)
Accepted as Posters: 413 (27.87% total acceptance rate)

Acceptance per Primary Subject Area:
Primary Subject Area Submitted Accepted Acceptance rate

Low-level vision and
image processing 132 28 21%

Saliency detection, about 12 Papers.

1. Efficient Salient Region Detection with Soft Image Abstraction
Mingming Cheng. Project Link

2. Benchmarking Computational Model of Visual Saliency
Ali Borji, Laurent Itti. Oral.

3. Category-Independent Object-level Saliency Detection
Yangqing Jia (UC Berkeley), Mei Han (Google Research).
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Introduction

From IIAU Lab, DLUT.

Xiaohui Li, et al.

Saliency Detection via Dense and
Sparse Reconstruction

ICCV 2013.
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Idea I

Given an image, we have feature matrix X = [x1, x2, · · · , xN ] ∈ RD×N

and background templates B ∈ RD×M .

Incentive 1: PCA

compute the bases of the template B.

dimensionality reduction: P ∈ RD′×N (here D ′ = 3).

pi = UT
B (xi − x) (1)

εdi = ‖xi − (UBpi + x)‖22 (2)

where εdi denotes how much different the i-th segment is from the
background template.
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Idea II

Incentive 2: Sparse Representation

choose template B as the dictionary.

find the sparse representation Q ∈ RM×N via optimisation.

use Q to reconstruct X = BQ.

qi = arg min
qi

(1

2
‖xi − Bqi‖22 + λ‖qi‖1

)
(3)

εsi = ‖xi − Bqi‖22 (4)

where εsi also denotes how much different the i-th segment is from the
background template.
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3.1.1 Dense Reconstruction Error
A segment with larger reconstruction error based on the
background templates is more likely to be the foreground.
Based on this concern, the reconstruction error of each re-
gion is computed based on the dense appearance model gen-
erated from the background templates B = [b1, b2, ..., bM ],
B ∈ RD×M using Principal Component Analysis (PCA).

The eigenvectors from the normalized covariance matrix
of B, UB = [u1, u2, ..., uD′ ], corresponding to the largest
D′ eigenvalues, are computed to form the PCA bases of the
background templates. With the PCA bases UB, we com-
pute the reconstruction coefficient of segment i (i ∈ [1, N ]).

i = UB
⊤(xi − x̄), (1)

and the dense reconstruction error of segment i is

εdi = ‖xi − (UB i + x̄)‖22 , (2)

where x̄ is the mean feature of X. The saliency measure is
proportional to the normalized reconstruction error (within
the range of [0, 1]). Figure 2(b) shows some saliency detec-
tion results via dense reconstruction. Dense representations
model data points with a multivariate Gaussian distribution
in the feature space, and thus it may be difficult to capture
multiple scattered patterns especially when the number of
examples is limited. The middle row of Figure 2 shows an
example where some background regions have large recon-
struction errors (i.e., inaccurate saliency measure).
3.1.2 Sparse Reconstruction Error
We use the set of background templates B as the bases for
sparse representation, and encode the image segment i by

αi = argmin
αi

‖xi − Bαi‖22 + λ‖αi‖1, (3)

and the sparse reconstruction error is

εsi = ‖xi − Bαi‖22 . (4)

Since all the background templates are regarded as the ba-
sis functions, sparse reconstruction error can better suppress
the background compared with dense reconstruction error
especially in cluttered images, as shown in the middle row
of Figure 2.

Nevertheless, there are some drawbacks in measuring
saliency with sparse reconstruction errors. If some fore-
ground segments are collected into the background tem-
plates (e.g., when objects appear at the image boundaries),
their saliency measures are close to 0 due to low sparse re-
construction errors. In addition, the saliency measures for
the other regions are less accurate due to inaccurate inclu-
sion of foreground segments as part of sparse basis func-
tions. On the other hand, the dense appearance model is
not affected by this problem. When foreground segments
are mistakenly included in the background templates, the
extracted principle components from the dense appearance

(a) (b) (c) (d)
Figure 2. Saliency maps based on dense and sparse reconstruction
errors. Brighter pixels indicate higher saliency values. (a) Original
images. (b) Saliency maps from dense reconstruction. (c) Saliency
maps from sparse reconstruction. (d) Ground truth.

model may be less effective in describing these foreground
regions. As shown in the bottom row of Figure 2, when
some foreground segments at the image boundary (e.g., tor-
so and arm) are not detected via sparse reconstruction, these
regions are still be detected by the dense counterpart.

We note sparse reconstruction error is more robust to
deal with complicated background, while dense reconstruc-
tion error is more accurate to handle the object segments at
image boundaries. Therefore, dense and sparse reconstruc-
tion errors are complementary in measuring saliency.

3.2. Context-Based Error Propagation
We propose a context-based error propagation method

to smooth the reconstruction errors generated by dense and
sparse appearance models. Both dense and sparse recon-
struction errors of segment i (i.e., εdi and εsi ) are denoted by
εi for conciseness.

We first apply the K-means algorithm to cluster N im-
age segments into K clusters via their D-dimensional fea-
tures and initialize the propagated reconstruction error of
segment i as ε̃i = εi. All the segments are sorted in de-
scending order by their reconstruction errors and considered
as multiple hypotheses. They are processed sequentially by
propagating the reconstruction errors in each cluster. The
propagated reconstruction error of segment i belonging to
cluster k (k = 1, 2, ...,K), is modified by considering its
appearance-based context consisting of the other segments
in cluster k as follows:

ε̃i = τ

Nc∑

j=1

wikj ε̃kj + (1− τ) εi, (5)

wikj =
exp(−‖xi−xkj‖2

2σx2
) (1− δ (kj − i))

Nc∑
j=1

exp(−‖xi−xkj‖2

2σx2
)

, (6)

where {k1, k2, ..., kNc
} denote the Nc segment labels in

cluster k and τ is a weight parameter. The first term on

3

Input Image PCA Sparse Representation Ground Truth

Figure: Saliency Map Comparison. (X. Li, et al. c©IEEE 2013)

As the author puts it:
1. PCA is robust to boundary salient objects; whereas

2. Sparse is more accurate to complicated background.
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where x̄ is the mean feature of X. The saliency measure is
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model may be less effective in describing these foreground
regions. As shown in the bottom row of Figure 2, when
some foreground segments at the image boundary (e.g., tor-
so and arm) are not detected via sparse reconstruction, these
regions are still be detected by the dense counterpart.

We note sparse reconstruction error is more robust to
deal with complicated background, while dense reconstruc-
tion error is more accurate to handle the object segments at
image boundaries. Therefore, dense and sparse reconstruc-
tion errors are complementary in measuring saliency.

3.2. Context-Based Error Propagation
We propose a context-based error propagation method

to smooth the reconstruction errors generated by dense and
sparse appearance models. Both dense and sparse recon-
struction errors of segment i (i.e., εdi and εsi ) are denoted by
εi for conciseness.

We first apply the K-means algorithm to cluster N im-
age segments into K clusters via their D-dimensional fea-
tures and initialize the propagated reconstruction error of
segment i as ε̃i = εi. All the segments are sorted in de-
scending order by their reconstruction errors and considered
as multiple hypotheses. They are processed sequentially by
propagating the reconstruction errors in each cluster. The
propagated reconstruction error of segment i belonging to
cluster k (k = 1, 2, ...,K), is modified by considering its
appearance-based context consisting of the other segments
in cluster k as follows:

ε̃i = τ
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} denote the Nc segment labels in

cluster k and τ is a weight parameter. The first term on
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Figure: Saliency Map Comparison. (X. Li, et al. c©IEEE 2013)

As the author puts it:
1. PCA is robust to boundary salient objects; whereas

2. Sparse is more accurate to complicated background.
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Refinement along the road

1. Saliency (recons. error) Update via Propagation

Apply k-means to cluster N segments(superpixels) into K clusters.

ε̃i = τ

Nk∑

j=1

wij ε̃j + (1− τ)εi (5)

where Nk denotes the number of segments in the k-th cluster.

Aim: to smooth saliency values and highlight the salient objects;

Mechanism: sorted in descending order and processed sequentially;

Other methods? like PageRank.
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2. Pixel-level Saliency: Multi-scale and Object-biased

Let E (z) indicate the saliency value of each pixel under different SLIC
Alg. scales. Also we integrate an object-biased Gaussian model.

S(z) = E (z) · Go(z) (6)

Go(z) = exp

[
−
(

(xz − xo)2

2σ2
x

+
(yz − yo)2

2σ2
y

)]
(7)

Hongyang Li (oø�) Two New Methods in Saliency Detection
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Bayesian Integration of Saliency Maps

B How to integrate two methods?

B Incentive: Rahtu, ECCV10. Recall that

S(x) = P(H0|F (x)) =
P(F (x)|H0)P(H0)

P(F (x)|H0)P(H0) + P(F (x)|H1)P(H1)
(8)

,
hK (x)p0

hK (x)p0 + hB(x)(1− p0)
(9)

Given two saliency maps Si and Sj from either dense or sparse
reconstruction, we treat Si as the prior and the other Sj to compute the
likelihood. Therefore, we obtain

P(Fi |Sj(z)) =
P(Sj(z)|Fi )Si (z)

P(Sj(z)|Fi )Si (z) + P(Sj(z)|Bi )(1− Si (z))
(10)

Hongyang Li (oø�) Two New Methods in Saliency Detection
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Bayesian Integration of Saliency Maps

Once we have P(Fi |Sj(z)), the final saliency measure is formulated as

SB(z) = P(F1|S2(z)) + P(F2|S1(z)) (11)

where the subscript ‘B’ stands for Bayesian integration.

Input

Sparse

PCA

SparseProp SparsePropGau

PCAProp PCAPropGau

Bayesian Combo

Figure: Saliency Maps on the whole.
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Figure 9. Performance of the proposed method compared with seventeen state-of-the-art methods on the ASD database.
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(a) MSRA (b) SOD

Figure 10. Performance of the proposed algorithm compared with other methods on the MSRA and SOD databases.

C11 [7], while the dense one is comparable with it. The
context-based reconstruction error propagation method uses
segment contexts through K-means clustering to smooth the
reconstruction errors and minimize the detection mistakes
introduced by the object segments in background templates
with improved performance (Figure 7(a)). The reconstruc-
tion error of a pixel is assigned by integrating the multi-
scale reconstruction errors, which helps generate more ac-
curate and uniform saliency maps. Figure 7(b) shows the
improved performance due to the integration of multi-scale
reconstruction errors. Figure 7(c) shows that the object-
biased Gaussian model further refines the results and per-
forms better than the center-biased one.
Bayesian Integrated Saliency Detection. In Section 4,
we discuss that the posterior probability can be more ac-
curate with likelihood computed by a saliency map rather
than the CIELab color space on the condition of the same
prior in the Bayes formula. We present experimental re-
sults in which we treat the saliency map by dense (or s-
parse) reconstruction as the prior, and use the other saliency
map by sparse (or dense) reconstruction and Lab color to
compute the likelihood probability, denoted respectively by
Dense-Sparse (or Sparse-Dense) and Dense-Lab (or Sparse-
Lab) in Figure 8(a) (or (b)). Figure 8(a) shows that with
the saliency via dense reconstruction as the prior, the result
with the likelihood based on sparse reconstruction (Dense-
Sparse) is more accurate than that with the CIELab color
space (Dense-Lab). While using the saliency map based on
sparse reconstruction as the prior, the result with the likeli-
hood based on dense reconstruction (Sparse-Dense) is com-

parable to that with the CIELab color space (Sparse-Lab)
as shown in Figure 8(b). Although both precisions of the
Sparse-Dense and Sparse-Lab models are lower than that of
the prior, the recalls are improved, which also suggests the
fact that the likelihood probability may introduce noise that
has been removed by the prior thus lead to worse posterior
than the prior in certain cases.

In addition, we also present the F-measure curve depict-
ed by the mean F-measure at each threshold from 0 to 255
in Figure 8(c). We evaluate the performance of Bayesian
integrated saliency map SB by comparing it with the inte-
gration strategies formulated in [5]:

Sc =
1
Z

∑
i

Q (Si) or Sc =
1
Z

∏
i

Q (Si), (15)

where Z is the partition function. In Figure 8(c),
we denote the linear summation Sc with Q(x) =
{x, exp(x),−1/ log(x)} respectively by identity, exp and
log, while denote the accumulation Sc with Q(x) = x by
mult. Figure 8(c) shows that the F-measure of the proposed
Bayesian integrated saliency map is higher than the other
methods at most thresholds, which demonstrates the effec-
tiveness of Bayesian integration.
Comparisons with State-of-the-Art Methods. We present
the evaluation results of the proposed algorithm compared
with the state-of-the-art saliency detection methods on the
ASD database in Figure 9, and the MSRA and SOD
databases in Figure 10. The precision-recall curves show
the proposed algorithm achieves consistent and favorable
performance against the state-of-the-art methods. In the bar
graphs, the precision, recall and F-measure of the proposed

7

Figure: Performance of the proposed alg. compared with state-of-the-art
methods on the ASD database. (X. Li, et al. c©IEEE 2013)
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Introduction

From Boston University.

J. Zhang and S. Sclaroff.

Saliency Detection: A Boolean Map
Approach

ICCV 2013.

Project website:
http://cs-people.bu.edu/jmzhang/BMS/BMS.html
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Idea

B Incentive: A Boolean Map Theory of Visual Attention2.
‘An observer’s momentary conscious awareness of a scene can be
represented by a boolean map.’

B A(B) Computation: A Gestalt principle for figure-ground segregation.

‘Surrounded regions are more likely to be perceived as figures.’

Computationally, we employ Flood Fill algorithm to assign 1 within the

surrounded regions and 0 to the rest of the map.

2 http://www.pashler.com/Articles/Huang Pashler PR2007.pdf
Hongyang Li (oø�) Two New Methods in Saliency Detection
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Figure: The Pipeline of Boolean Map Saliency

Figure: Saliency Maps
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Algorithm 1 Boolean Map Saliency, S = BMS(I )

1: B = {} . B = {B1,B2, · · · ,Bm, · · · ,BN}
2: for each color channel map {φk(I ), k = 1, 2, 3} do
3: for θ = 0 : δ : 255 do
4: B = THRESH(φk(I ), θ), B̃ = INVERT(B)
5: add OPENING(B, ω0) and OPENING(B̃, ω0) to B
6: end for
7: end for
8: for each Bm ∈ B do
9: Am = ZEROS(size(Bm))

10: set Am(i , j) = 1 if Bm(i , j) belongs to a surrounded region
11: Am = DILATION(Am, ωd1), Am = NORMALISE(Am)
12: end for
13: A = 1

N

∑N
m=1 Am

14: S = POST PROCESS(A) . for Eye Fixation, Salient Detection
15: return S
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Post-processing for Salient Object Detection
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Figure 4: Average Shuffled-AUC against the STD of Gaussian Blur. X-axis represents the Gaussian blur standard deviation (STD) in
image width and Y-axis represents the average shuffled-AUC score on one dataset.

BMS BMS ∆QDCT SigSal LG AWS HFT CAS Judd AIM GBVS Itti
Dataset Lab RGB [33] [14] [3] [10] [27] [11] [20] [6] [13] [19]

MIT [20] .7017 .6825 .6808 .6756 .6868 .6979 .6606 .6803 .6726 .6787 .6518 .6559
opt. σ .05 .04 .04 .04 .07 .01 0.1 .05 .05 .06 .01 .06

Toronto [6] .7221 .7029 .7176 .7068 .6888 .7130 .6914 .6970 .6910 .6913 .6430 .6610
opt. σ .03 .04 .03 .00 .05 .01 .02 .04 .05 .04 .02 .03

Kootstra [24] .6220 .6057 .6025 .6013 .6046 .6174 .5891 .6021 .5941 .5922 .5579 .5798
opt. σ .00 .00 .00 .00 .04 .00 .01 .03 .03 .01 .01 .00

Cerf [7] .7365 .7257 .7286 .7281 .7026 .7091 .7011 .7151 .7159 .7251 .6830 .6787
opt. σ .01 .01 .03 .01 .06 .01 .03 .04 .04 .03 .01 .05

ImgSal [27] .7712 .7562 .7434 .7412 .7357 .7510 .7498 .7591 .7510 .7467 .7665 .7507
opt. σ .08 .08 .10 .12 .12 .08 .10 .06 .10 .10 .06 .10
Avg. .7107 .6946 .6946 .6906 .6837 .6977 .6784 .6907 .6849 .6868 .6604 .6652

Table 2: Average Shuffled-AUC with Optimal Blurring. Optimal average shuffled-AUC of each method with the corresponding Gaussian
blur STD is reported. The highest score on each dataset is shown in red color; the second and third highest are underlined. As in [39], we
repeat the shuffling for 20 times and compute the standard deviation of each average shuffled-AUC, which ranges from 1E-4 to 5E-4.

participants and the experimental environment. Although
several compared methods have similar performance as
BMS on some of the datasets, e.g. AWS [10] on MIT
and Kootstra, ∆QDCT [33] on Toronto and Cerf, GBVS
[13] on ImgSal, none of them achieves top performance
on all five datasets. We note that for all the compared
methods, their average AUC scores are worse than those
of BMS by more than 0.025 on at least one datset. All
the methods perform drastically worse on the Kootstra
dataset, whose inter-observer consistency has shown to be
low [3]. On average, BMS, either using Lab or RGB, and
the recent methods like AWS [10], ∆QDCT [33], CAS
[11] and SigSal[14] give better performance than the others.
GBVS [13] has significantly worse AUC scores on the MIT,
Toronto, Kootstra and Cerf datasets. Interstingly, it ranks
the 2nd on the ImgSal dataset.

In our experiments, we found that BMS tends to be
less distracted by background clutter or highly textured
background elements than most of the compared methods,
and it is capable of highlighting the interior regions of
salient objects of different scales without resorting to any
multi-scale processing. Fig. 5 shows some examples. The
input images are roughly arranged in ascending order of the
size of their salient regions. In these examples, most of the
compared methods are more influenced by the cluttered and
highly textured areas in the background. Moreover, they
tend to favor the boundaries rather than the interior regions
of large salient objects, like the car and the STOP sign in
the last two examples, even with the help of multi-scale
processing [33, 3, 10, 11, 13, 19].
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Figure 6: Parameter Analysis.

Parameter Analysis. Five parameters are involved in
the implementation of BMS: sample step δ, kernel widths
of opening operation ωo, kernel widths of two dilation
operations ωd1 and ωd2 , and the Gaussian blur STD σ.
The influence of Gaussian blur has already been shown
in Fig. 4. Fig. 6 displays the influences of the other four
parameters on the average AUC scores on each dataset.
Overall, BMS is not very sensitive to these parameters
except the dilation kernel width ωd2 in the post-precessing
step. The influence of ωd2 is dataset dependent. Having a
slight dilation before the final smoothing improves the AUC
scores on all the datasets, while setting ωd2 to greater than
20 only improves the average AUC scores on the Toronto
and Kootstra dataset. The sample step size has a direct
impact on the runtime, since the time complexity of BMS
grows linearly with number of Boolean maps. On average,
the AUC scores start to drop slightly when δ is greater than
12. Applying an opening operation over Boolean maps does
not significantly change the average AUC scores on most of
the datasets, but the score on the ImgSal dataset improves
by more than 0.006 when ωo = 9 (the standard deviation
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Table 2: Average Shuffled-AUC with Optimal Blurring. Optimal average shuffled-AUC of each method with the corresponding Gaussian
blur STD is reported. The highest score on each dataset is shown in red color; the second and third highest are underlined. As in [39], we
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participants and the experimental environment. Although
several compared methods have similar performance as
BMS on some of the datasets, e.g. AWS [10] on MIT
and Kootstra, ∆QDCT [33] on Toronto and Cerf, GBVS
[13] on ImgSal, none of them achieves top performance
on all five datasets. We note that for all the compared
methods, their average AUC scores are worse than those
of BMS by more than 0.025 on at least one datset. All
the methods perform drastically worse on the Kootstra
dataset, whose inter-observer consistency has shown to be
low [3]. On average, BMS, either using Lab or RGB, and
the recent methods like AWS [10], ∆QDCT [33], CAS
[11] and SigSal[14] give better performance than the others.
GBVS [13] has significantly worse AUC scores on the MIT,
Toronto, Kootstra and Cerf datasets. Interstingly, it ranks
the 2nd on the ImgSal dataset.

In our experiments, we found that BMS tends to be
less distracted by background clutter or highly textured
background elements than most of the compared methods,
and it is capable of highlighting the interior regions of
salient objects of different scales without resorting to any
multi-scale processing. Fig. 5 shows some examples. The
input images are roughly arranged in ascending order of the
size of their salient regions. In these examples, most of the
compared methods are more influenced by the cluttered and
highly textured areas in the background. Moreover, they
tend to favor the boundaries rather than the interior regions
of large salient objects, like the car and the STOP sign in
the last two examples, even with the help of multi-scale
processing [33, 3, 10, 11, 13, 19].
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Parameter Analysis. Five parameters are involved in
the implementation of BMS: sample step δ, kernel widths
of opening operation ωo, kernel widths of two dilation
operations ωd1 and ωd2 , and the Gaussian blur STD σ.
The influence of Gaussian blur has already been shown
in Fig. 4. Fig. 6 displays the influences of the other four
parameters on the average AUC scores on each dataset.
Overall, BMS is not very sensitive to these parameters
except the dilation kernel width ωd2 in the post-precessing
step. The influence of ωd2 is dataset dependent. Having a
slight dilation before the final smoothing improves the AUC
scores on all the datasets, while setting ωd2 to greater than
20 only improves the average AUC scores on the Toronto
and Kootstra dataset. The sample step size has a direct
impact on the runtime, since the time complexity of BMS
grows linearly with number of Boolean maps. On average,
the AUC scores start to drop slightly when δ is greater than
12. Applying an opening operation over Boolean maps does
not significantly change the average AUC scores on most of
the datasets, but the score on the ImgSal dataset improves
by more than 0.006 when ωo = 9 (the standard deviation
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What exactly is Saliency?

The term ‘Saliency’ was first used by Olshausen et al. in 1993,
Journal of Neuroscience.

Referred to as Saliency, Visual Attention, Unpredictability, etc.

Feature: subjective, ambiguous and task-dependent.

Traditionally, where a human looks. (Eye fixation)
Recently, where the salient object is. (Salient object detection)

Solution: biologically based, purely computational, or a combo.
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Sum Up: General Steps to Do Saliency

Feature 
Extraction

Over 
Segmentation

Colorful Methods:
Saliency Map

Post 
Processing

Evaluation 
Metrics

Color: RGB, Lab

Location: x,y

Depth of field

Edge: Steerable pyramids

Texture: Gabor filters

Orientation, hue, 

saturation, luminance...

Superpixel: SLIC Alg.

Watershed-like Method

Clustering: k-means, 

mean-shift, etc.

Human Visual Attention System

Prob., Sliding Window

Boolean Approach

Low-rank Matrix Recovery

Manifold Ranking

Global Contrast (Color, Spatial)

Hierarchical Layers

Depth Cues

PCA, Sparse Representation

Bayesian Model

Markov Chain

…

From Saliency Map
 to Binary Map: 

Adaptive Thresholding

Segmentation: CRF

Morphology

Performance on 
different datasets.

Saliency: P-R Curve; 
F-measure.

Fixation: ROC AUC;
Correlation Coefficients.

Runtime, 
parameter analysis, etc.

1 2 3 4 5

Pixel-level

Region-level

1. MSRA (5000, 1000)

2. Berkeley-300

3. ECCSD-1000

4. PASCAL VOC 2007-442

5. Others: DUT-ORMON, Naive(100, 100)...

Visual 
Attention

Eye Fixation

Salient Object 
Detection

Metric: AUC

Bounding box: ?
Salient area: PRC
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The End
Questions and Discussions
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