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Abstract

We propose a bootstrap learning algorithm for salient
object detection in which both weak and strong models are
exploited. First, a weak saliency map is constructed based
on image priors to generate training samples for a strong
model. Second, a strong classifier based on samples direct-
ly from an input image is learned to detect salient pixels.
Results from multiscale saliency maps are integrated to fur-
ther improve the detection performance. Extensive experi-
ments on six benchmark datasets demonstrate that the pro-
posed bootstrap learning algorithm performs favorably a-
gainst the state-of-the-art saliency detection methods. Fur-
thermore, we show that the proposed bootstrap learning ap-
proach can be easily applied to other bottom-up saliency
models for significant improvement.

1. Introduction

As an important preprocessing step in computer vision
problems to reduce computational complexity, saliency de-
tection has attracted much attention in recent years. Al-
though significant progress has been made, it remains a
challenging task to develop effective and efficient algo-
rithms for salient object detection.

Saliency models include two main research areas: vi-
sual attention which is extensively studied in neuroscience
and cognitive modeling, and salient object detection which
is of great interest in computer vision. Salient object de-
tection methods can be categorized as bottom-up stimuli-
driven [1, 8-12, 15-18, 20, 23, 28-38, 41, 43] and top-down
task-driven [19, 40, 42] approaches. Bottom-up methods
are usually based on low-level visual information and are
more effective in detecting fine details rather than global
shape information. In contrast, top-down saliency model-
s are able to detect objects of certain sizes and categories
based on more representative features from training sam-
ples. However, the detection results from top-down meth-
ods tend to be coarse with fewer details. In terms of com-
putational complexity, bottom-up methods are often more
efficient than top-down approaches.

In this paper, we propose a novel algorithm for salien-
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Figure 1. Saliency maps generated by the proposed method.
Brighter pixels indicate higher saliency values. Left to right: in-
put, ground truth, weak saliency map, strong saliency map, and
final saliency map.

t object detection via bootstrap learning [22]. To address
the problems of noisy detection results and limited repre-
sentations from bottom-up methods, we present a learning
approach to exploit multiple features. However, unlike ex-
isting top-down learning-based methods, the proposed algo-
rithm is bootstrapped with samples from a bottom-up mod-
el, thereby alleviating the time-consuming off-line training
process or labeling positive samples manually.

2. Related Work and Problem Context

Both weak and strong learning models are exploited in
the proposed bootstrap learning algorithm. First, we com-
pute a weak contrast-based saliency map based on super-
pixels of an input image. This coarse saliency map is s-
moothed by a graph cut method, where a set of training
samples is collected, where positive samples are pertaining
to the salient objects while negative samples are from the
background in this image. Next, a strong classifier based on
Multiple Kernel Boosting (MKB) [39] is learned to measure
saliency where three feature descriptors (RGB, CIELab col-
or pixels, and the Local Binary Pattern histograms) are ex-
tracted and four kernels (linear, polynomial, RBF, and sig-
moid functions) are used to exploit rich feature representa-
tions. Furthermore, we use multiscale superpixels to detect
salient objects of varying sizes. As the weak saliency mod-
el tends to detect fine details and the strong saliency model
focuses on global shapes, these two are combined to gener-
ate the final saliency map. Experiments on six benchmark
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Figure 2. Bootstrap learning for salient object detection. A weak saliency map is constructed based on image priors to generate training
samples for a strong model. A strong classifier based on multiple kernel boosting is learned to measure saliency where three feature
descriptors are extracted and four kernels are used to exploit rich feature representations. Detection results at multiple scales are integrated.
The weak and strong saliency maps are weighted combined to generate the final saliency map.

datasets show that the proposed bootstrap learning algorith-
m performs favorably against the state-of-the-art saliency
detection methods. In addition, we incorporate the pro-
posed bootstrap learning algorithm with existing bottom-up
saliency methods, and achieve significant improvement in
salient object detection. Figure 1 shows some saliency map-
s generated by the proposed method where brighter pixels
indicate higher saliency values.

Numerous bottom-up saliency detection methods have
been proposed in recent years. Itti et al. [16] propose a
saliency model based on a neural network that integrates
three feature channels over multiple scales for rapid scene
analysis. While it is able to identify salient pixels, the
results contain a significant amount of false detections.
A graph-based saliency measure is proposed by Harel et
al. [12]. However, this method focuses on eye fixation pre-
diction and generates a low resolution saliency map similar
to [16]. Saliency models based on Bayesian inference have
been proposed in [29, 35, 36]. In [18], the low-level salien-
cy stimuli and the shape prior are integrated using an iter-
ative energy minimization measure. In [28], Perrazzi et al.
present a contrast-based saliency filter and measure saliency
by the uniqueness and spatial distribution of regions over an
image. While the above-mentioned contrast-based methods
are simple and effective, pixels within the salient objects are
not always highlighted well. Shen and Wu [30] construct
a unified model combining lower-level features and higher-
level priors for saliency detection based on the theory of low
rank matrix recovery. In [34], Wei et al. focus on the back-
ground instead of the foreground and build a saliency detec-
tion model based on two background priors, i.e., boundary
and connectivity. Cheng et al. [10] utilize a soft abstraction
method to remove unnecessary image details and produce
perceptually accurate salient regions. In [37], Yan et al.

formulate a multiscale method using a tree model to deal
with the scale problem. A graph-based bottom-up method
is proposed using manifold ranking [38]. Recently, Zhu et
al. [43] construct a salient object detection method based on
boundary connectivity.

Compared to bottom-up approaches, considerable effort-
s have been made on top-down saliency models. In [42],
Zhang et al. construct a Bayesian-based top-down model
by integrating both the top-down and bottom-up informa-
tion where saliency is computed locally. A saliency mod-
el based on the Conditional Random Field is formulated
with latent variables and a discriminative dictionary in [40].
Jiang et al. [19] propose a learning-based method by re-
garding saliency detection as a regression problem where
the saliency detection model is constructed based on the in-
tegration of numerous descriptors extracted from training
samples with ground truth labels.

As these two categories bring forth different properties
of efficient and effective salient detection algorithms, we
propose a bootstrap learning approach which exploits the
strength of both bottom-up contrast-based saliency models
and top-down learning methods.

3. Bootstrap Saliency Model

Figure 2 shows the main steps of the proposed salient ob-
ject detection algorithm. We first construct a weak salien-
cy map from which the training samples are collected. For
each image, we learn a strong classifier based on superpix-
els. To deal with the scale problem, multiscale detection re-
sults are generated and merged to construct a strong salien-
cy map. The final saliency map is the weighted integration
of the weak and strong maps for accurate detection results.
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3.1. Image Features

Superpixels have been used extensively in vision tasks
as the basic units to capture the local structural information.
In this paper, we compute a fixed number of superpixels
from an input image using the Simple Linear Iterative Clus-
tering (SLIC) method [2]. Three descriptors including the
RGB, CIELab and Local Binary Pattern (LBP) features are
used to describe each superpixel. The rationale to use two
different color representations is based on empirical results
where better detection performance is achieved when both
are used, which can be found in the supplementary docu-
ment. We consider the LBP features in a 3 x 3 neighbor-
hood of each pixel. Next, each pixel is assigned to a value
between 0 and 58 in the uniform pattern [27]. We construct
an LBP histogram for each superpixel, i.e., a vector of 59
dimensions ({h;},i = 1,2,...59, where h; is the value of
the -th bin in an LBP histogram).

3.2. Weak Saliency Model

The center-bias prior has been shown to be effective in
salient object detection [5, 25]. Based on this assumption,
we develop a method to construct a weak saliency model by
exploiting the contrast between each region and the region-
s along the image border. However, existing contrast-based
methods usually generate noisy results since low-level visu-
al cues are limited. In this paper, we exploit the center-bias
and dark channel priors to better estimate saliency maps.

The dark channel prior is proposed for the image haze
removal task [14]. The main observation is that, for regions
that do not cover the sky (e.g., ground or buildings), there
exist some pixels with low intensity values in one of the
RGB color channels. Thus, the minimum pixel intensity in
any such region is low. The dark channel of image patches
is mainly generated by colored or dark objects and shadows,
which usually appear in the salient regions as shown in Fig-
ure 3. The sky region of an image usually belongs to the
background, which is just consistent with the dark channel
property for the sky region. Therefore, we exploit the dark
channel property to estimate saliency of pixels. In addition,
for situations where the input image has dark background
or bright foreground, we use an adaptive weight computed
based on the average value on the edge of dark channel map.

In the proposed method, we define the dark channel pri-
or of an image on the pixel level. For a pixel p, the dark
channel prior Sy(p) is computed by

S =1— min min  (I" ), (1)
d(p) gEpatch(p) (chG{r,g,b} ( (Q))

where patch(p) is the 5 x 5 image patch centered at p and
I°"(q) is the color value of pixel ¢ on the corresponding
color channel ch. Note that all the color values are normal-
ized into [0, 1]. We achieve pixel-level accuracy instead of

Figure 3. Examples of dark channel prior. Left to right: input, dark
channel map and dark channel prior (the opposite of dark channel
map and brighter pixels indicate higher saliency values).

the patch-level counterpart in [14]. We also show the effect
of dark channel prior quantitatively in Figure 7(b).

An input image is segmented into N superpixels,
{¢;},i = 1,...,N. The regions along the image border
are represented as {n;},j = 1,..., Np, where Np is the
number of regions along the image border. We compute
the dark channel prior for each region ¢; using Sy(¢;) =
f > pee, Sa(p), where N, is the number of pixels within

the region c;. The coarse saliency value for the region c; is
constructed by

fo(ci) = g(ci)xSalei)x

Z Nizd”(ci’n-j)

HG{Fl,FQ,Fg}
2

where d,;(c;, n;) is the Euclidean distance between region
c¢; and n; in the feature space that ~ represents, i.e., the
RGB (F}), CIELab (F5) and LBP (F3) texture features re-
spectively. Note that all the distance values in each feature
space are normalized into [0, 1]. In addition, g(c¢;) is com-
puted based on the center prior using the normalized spatial
distance between the center of the superpixel c¢; and the im-
age center [18]. Thus the saliency value of the region closer
to the image center is assigned a higher weight. We generate
a pixel-wise saliency map M using (2), where the saliency
value of each superpixel is assigned to the contained pixels.

Most existing methods usually use Gaussian filtering to
generate smoothed saliency maps at the expense of accura-
cy. In this paper, we use a simple yet effective algorithm
based on the Graph Cut method [7, 21], to determine the
foreground and background regions in M. Given an input
image, we construct an undirected graph G = (V, E,T),
where F is a set of undirected edges that connect the nodes
V' (pixels) while T is the set of the weights of nodes con-
nected to the background and foreground terminals. The
weight of each node (pixel) p connected to the foreground
terminal is assigned with the saliency value in the pixel-
wise map M. Thus for each pixel p, the set " consists of
two components, defined as {7 (p)} and {T?(p)}, and is
computed by

T/ (p) = Mo(p), T°(p)=1-Mo(p), (3
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Figure 4. Performance of Graph Cut. Left to right: input, saliency
maps without Graph Cut, binary results using Graph Cut, saliency
maps after summing up the previous two maps.

where 77 (p) is the weight of pixel p connected to the fore-
ground while 7% (p) is the weight to the background. The
minimum cost cut generates a foreground mask M using
the Max-Flow [6] method to measure the probability of each
pixel being foreground.

As shown in Figure 4, M/ is a binary map which may
contain noise in both foreground and background. Thus we
consider both the binary map M and the map M to con-
struct the continuous and smoothed weak saliency map M,
by

ity = Mos My

We show the performance of the Graph Cut method quanti-
tatively in Figure 7(b). The training set for the strong clas-
sifier is selected from the weak saliency map. We com-
pute the average saliency value for each superpixel and set
two thresholds to generate the training set containing both
positive and negative samples. The superpixels with salien-
cy values larger than the high threshold are labeled as the
positive samples with +1 while those with saliency values
smaller than the low threshold as the negative samples la-
beled with —1. More details about the threshold setting can
be found in the supplementary document.

“)

3.3. Strong Saliency Model

One of the main difficulties using a Support Vector Ma-
chine (SVM) is to determine the appropriate kernel for the
given dataset. This problem is more complicated when the
dataset contains thousands of diverse images with differen-
t properties. While numerous saliency detection methods
based on various features have been proposed, it is still not
clear how these features can be well integrated. To cope
with these problems, we present a method similar to the
Multiple Kernel Boosting (MKB) [39] method to include
multiple kernels of different features. We treat SVMs with
different kernels as weak classifiers and then learn a strong
classifier using the boosting method. Note that we restrict
the learning process to each input image to avoid the heavy
computational load of extracting features and learning ker-
nels for a large amount of training data (as required in sever-
al discriminative methods [19] in the literature for saliency
detection).

The MKB algorithm is a boosted Multiple Kernel Learn-
ing (MKL) method [4], which combines several SVMs of

different kernels. For each image, we have the training sam-
ples {r;,1;}/L, from the weak saliency map M, (See Sec-
tion 3.2) where r; is the i-th sample, /; represents the binary
label of the sample and H indicates the number of the sam-
ples. The linear combination of kernels {k,, }*_, is defined
by

M M
k‘(?”, Ti) = Z ﬂmkm(rv ri)v Z 6m = 1vﬁm S R+> (5)
m=1 m=1

where 3, is the kernel weight and M denotes the number
of the weak classifiers, and M = Ny x Ny. Here, Ny is the
number of the features and /Vj, indicates the number of the
kernels (e.g., Ny = 3, N, = 4 in this work). For different
feature sets, the decision function is defined as a convex
combination,

M H
Y(r) =Y Bmd ailikm(r,m:) +
m=1 i=1

b, (6)

where «; is the Lagrange multiplier while b is the bias in
the standard SVM algorithm. The parameters {c;}, {8m}
and b can be learned from a joint optimization process.

We note that (6) is a conventional function for the MKL
method. In this paper we use the boosting algorithm in-
stead of the simple combination of single-kernel SVMs in
the MKL method. We rewrite (6) as

M
Y(r) =" Bul(a Kn(r) + bm), (7
m=1
where o = [aily,asls, ... anlg]’, ku(r) =

oo (73 71),s e (7,72, « s e (7, )] T and b = SN b,
By setting the decision function of a single-kernel SVM as
Zm(r) = & k(1) + by, the parameters can be learned
straightforwardly. Thus, (7) can be rewritten as

J
Y(r) = Bjz(r). ®)
j=1

In order to compute the parameters 3;, we use the Adaboost
method and the parameter J in (8) denotes the number of it-
erations of the boosting process. We consider each SVM as
a weak classifier and the final strong classifier Y () is the
weighted combination of all the weak classifiers. Starting
with uniform weights, wq(i) = 1/H,i = 1,2,..., H, for
the SVM classifiers, we obtain a set of decision functions
{zm(r)},m = 1,2,..., M. At the j-th iteration, we com-
pute the classification error for each of the weak classifiers,

o~ b @z r)lsen(=bzm(r) /2 o

Sl w(@)|zm ()]

where sgn(x) is the sign function, which equals to 1 when
x > 0 and —1 otherwise. We locate the decision function
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z;(r) with the minimum error €5, i.e., €; = Minj<m< s €m.
Then the combination coefficient §; is computed by §; =
%logl%i - +(sgn(log %) + 1). Note that 3; must be
larger than 0, indicating €; < 0.5, which accords with the
basic hypothesis that the boosting method could make the
weak classifiers into a strong one. In addition, we update

the weight using the following equation,

w; (i)efﬁjlﬂj (rs)

10
2\/€j(e = 1) (o

wj+1(1) =

After J iterations, all the 5, and z;(r) are computed and we
have a boosted classifier (8) as the saliency model learned
directly from an input image. We apply this strong salien-
cy model to the test samples (based on all the superpixels
of an input image), and a pixel-wise saliency map is thus
generated.

To improve the accuracy of the map, we first use the
Graph Cut method to smooth the saliency detection result-
s. Next, we obtain the strong saliency map M by further
enhancing the saliency map with the guided filter [13] as
it has been shown to perform well as an edge-preserving
smoothing operator.

3.4. Multiscale Saliency Maps

The accuracy of the saliency map is sensitive to the num-
ber of superpixels as salient objects are likely to appear at
different scales. To deal with the scale problem, we gen-
erate four layers of superpixels with different granularities,
where N = 100, 150, 200, 250 respectively. We represen-
t the weak saliency map (See Section 3.2) at each scale as
{M.,,} and the multiscale weak saliency map is comput-
ed by M,, = i Z?:l M.,. Next, the training sets from
the four scales are used to train one strong saliency model
and the test sets (based on all the superpixels from four s-
cales) are tested by the learned model simultaneously. Four
strong saliency maps from four scales are constructed (See
Section 3.3), denoted as { M, },i = 1,2,3, 4. Finally, we
obtain the final strong saliency map as My = i Z?zl Ms,.
As such, the proposed method is robust to scale variation.

3.5. Integration

The proposed weak and strong saliency maps have com-
plementary properties. The weak map is likely to detect fine
details and to capture local structural information due to the
contrast-based measure. In contrast, the strong map works
well by focusing on global shapes for most images except
the case when the test background samples have similari-
ty with the positive training set or large differences com-
pared to the negative training set, or vice versa for the test
foreground sample. In this case, the strong map may mis-
classify the test regions as shown in the bottom row of Fig-
ure 1. Thus we integrate these two maps by a weighted

combination,
M=0cM;+ (1 —-0)M,, (11)

where o is a balance factor for the combination, and o =
0.7 to weigh the strong map more than the weak map, and
M is the final saliency map via bootstrap learning. More
discussions about the values of o can be found in the sup-
plementary document.

4. Experimental Results

We present experimental results of 22 saliency detection
methods including the proposed algorithms on six bench-
mark datasets. The ASD dataset, selected from a bigger
image database [25], contains 1,000 images, and is labeled
with pixel-wise ground truth [1]. The THUS dataset [9]
consists of 10,000 images where all images are labeled
with pixel-wise ground truth. The SOD dataset [26] is
composed of 300 images from the Berkeley segmentation
dataset where each one is labeled with salient object bound-
aries, based on which the pixel level ground truth [34] is
built. Some of the images in the SOD dataset include more
than one salient object. The SED2 dataset [3] contains 100
images which are labeled with pixel-wise ground truth an-
notations. It is challenging due to the fact that every image
has two salient objects. The Pascal-S dataset [24] contains
850 images which are also labeled with pixel-wise ground
truth. For comprehensive evaluation, we use all the im-
ages in the Pascal-S dataset for test instead of using 40%
for training and the rest for test as [24]. The DUT-OMRON
dataset [38] contains 5168 challenging images with pixel-
wise ground truth annotations. All the experiments are car-
ried out using MATLAB on a desktop computer with an In-
tel i7-3770 CPU (3.4 GHz) and 32GB RAM. For fair com-
parison, we use the original source code or the provided
saliency detection results in the literature. The MATLAB
source code is available on our project site.

We first evaluate the proposed algorithms and other 19
state-of-the-art methods including the IT98 [16], SF [28], L-
RMR [30], wCO [43], GS_SP [34], XL13 [36], RA10 [29],
GB [12], LC [41], SR [15], FT [1], CA [11], SVO [8],
CBsal [18], GMR [38], GC [10], HS [37], RC-J [9] and
DSR [23] methods on the ASD, SOD, SED2, THUS and
DUT-OMRON datasets. In addition, the DRFI [19] method
uses images and ground truth for training, which contains
part of the ASD, THUS and SOD datasets, and the result-
s on the Pascal-S dataset are not provided. Accordingly,
we only compare our method with the DRFI model on the
SED?2 dataset. Therefore, our methods are evaluated with
20 methods on the SED2 datasets. The MSRA [25] dataset
consists of 5,000 images. Since more than 3,700 images
in the MSRA dataset are included in the THUS dataset, we
do not present the evaluation results on this dataset due to
space limitations.
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Figure 5. Comparison of our saliency maps with ten state-of-the-art methods. Left to rlght (a) input (b) GS_SP [34] (c) WCO [43]
(d) LRMR [30] (e) GMR [38] (f) DSR [23] (g) XL13 [36] (h) HS [37] (i) RC-J [9] (j) GC [10] (k) SF [28] (1) Ours (m) wCO-bootstrapped
(n) ground truth. Our model is able to detect both the foreground and background uniformly.

4.1. Qualitative Results

We present some results of saliency maps generated
by twelve methods for qualitative comparison in Figure 5,
where “wCO-bootstrapped” means the wCO model boot-
strapped by the proposed learning approach. The saliency
maps generated by the proposed algorithms highlight the
salient objects well with fewer noisy results. We note that
these salient objects appear at different image locations al-
though the center-bias is used in the proposed algorithm.
The detected foreground and background in our maps are
smooth due to the using of the Graph Cut and guided filter-
ing methods. As a result of using both weak (effective for
picking up details) and strong (effective for discriminating
boundaries) saliency maps, the proposed bootstrap learning
algorithm performs well for images containing multiple ob-
jects as shown in the bottom two rows of Figure 5. Further-
more, due to the contribution of the LBP features (effective
for texture classification), the proposed method is able to
detect salient objects accurately despite similar appearance
to the background regions as shown in the fourth and fifth
rows of Figure 5. More results can be found in the supple-
mentary document.

4.2. Quantitative Results

We use the Precision and Recall (P-R) curve to evaluate
all the methods. We set the fixed threshold from 0 to 255
with an increment of 5 for a saliency map with consisten-
t gray value, thus producing 52 binary masks. Using the
pixel-wise ground truth data, 52 pairs of average P-R values
of all the images included in the test datasets are comput-
ed. Figure 6 shows the P-R curves where several state-of-
the-art methods and the proposed algorithms perform well.

To better assess these methods, we compute the Area Un-
der ROC Curve (AUC) for the best performing methods.
Table 1 shows that the proposed algorithms perform favor-
ably against other state-of-the-art methods in terms of AUC
on all the six datasets that contain both single and multiple
salient objects.

In addition, we measure the quality of the saliency map-
s using the F-Measure by adaptively setting a segmenta-
tion threshold for binary segmentation [1]. The adaptive
threshold is twice the average value of the whole salien-
cy map. Each image is segmented with superpixels and
masked out if the mean saliency values are lower than the
adaptive threshold. The average precision and recall values
are computed based on the generated binary masks and the
ground truth while the F-Measure is computed by
(1 +n?) x Precision x Recall

n? X Precision + Recall
and 7?2 is set to 0.3 to weigh precision more than recall.
Figure 7(a) shows the F-Measure values of the evaluated
methods on the six datasets. Overall, the proposed algo-
rithms perform well (with top or second values) against the
state-of-the-art methods.

F, = , (12)

4.3. Analysis of the Bootstrap Saliency Model

Every component in the proposed algorithm contributes
to the final saliency map. Figure 7(b) shows the perfor-
mance of each step in the proposed method, i.e., the dark
channel prior, graph cut, weak saliency map, and strong
saliency map, among which the dark channel prior appears
to contribute least but is still indispensable for the overall
performance. The proposed weak saliency model may gen-
erate less accurate results than several state-of-the-art meth-
ods, but it is efficient with less computational complexity.
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Figure 6. P-R curve results on six datasets.
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Figure 7. (a) is the F-measure values of 21 methods on six datasets. Note that “ * (b)” shows improvement of state-of-the-art methods by
the bootstrap learning approach on the corresponding dataset as stated in Section 4.4. (b) shows performance of each component in the

proposed method on the ASD dataset.

4.4. Bootstrapping State-of-the-Art Methods

The performance of the proposed bootstrap learning
method hinges on the quality of the weak saliency model.
If a weak saliency model does not perform well, the pro-
posed algorithm is likely to fail as an insufficient number

of good training samples can be collected for constructing
the strong model for a specific image. Figure 8 shows ex-
amples where the weak saliency model does not perform
well, thereby affecting the overall performance of the pro-
posed algorithm. This motivates us that the proposed algo-
rithm can be used to bootstrap the performance of the state-
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Table 1. AUC (Area Under ROC Curve) on the ASD, SED2, SOD, THUS, Pascal-S and DUT-OMRON datasets. The best two results are
shown in red and blue fonts respectively. The colomn named “wCO-b” denotes the wCO model after bootstrapping using the proposed
approach. The proposed methods rank first and second on the six datasets. The two rows named “ASD (b)” show the AUC of the saliency
results by taking other state-of-the-art saliency maps as the weak saliency maps in the proposed approach on the ASD dataset. All the

evaluation results of the state-of-the-art methods are largely improved over the original results as shown in the two rows named “ASD”.

wCO-b | Ours HS RC-J GC DSR | GS_.SP | GMR SF XL13 | CBsal

ASD 9904 | 9828 | 9683 | .9735 | 9456 | 9774 | 9754 | 9700 | .9233 | 9609 | .9628
SED2 9399 | 9363 | .8387 | .8606 | .8618 | 9136 | .8999 | .8620 | .8501 | .8470 | .8728
SOD 8525 | .8477 | 8169 | .8238 | .7181 | .8380 | .7982 | .7982 | .8238 | .7868 | .7409
THUS 9723 | 9635 | 9322 | .9364 | 9032 | .9504 | .9462 | .9390 | .8510 | .9353 | .9270
Pascal-S 8774 | 8682 | .8368 | .8379 | .7479 | .8299 | .8553 | .8315 | .6830 | .7983 | .8087
DUT-OMRON | 9063 | .8794 | .8604 | .8592 | .7931 | .8922 | .8786 | .8500 | .7628 | .8160 | .8419
ASD (b) - - 9876 | 9869 | 9773 | 9872 | 9888 | 9844 | 9723 | 9791 | 9811
DRFI | wCO | LRMR | RA10 | SVO GB FT CA SR LC IT98

ASD - 9805 | 9593 | .9326 | .9530 | 9146 | .8375 | .8736 | .6973 | .7772 | .8738
SED2 9349 | 9062 | .8886 | .8500 | .8773 | .8448 | .8185 | .8585 | .7593 | .8366 | .8904
SOD - 8217 | 7810 | 7710 | .8043 | .8191 | .6006 | .7868 | .6695 | .6168 | .7862
THUS - 9525 | 9199 | .8810 | .9280 | .8132 | .7890 | .8712 | .7149 | .7673 | .8655
Pascal-S - 8597 | 8121 1836 | .8226 | .8380 | .6220 | .7829 | .6585 | .6191 | .7797
DUT-OMRON - 8927 | 8566 | .8264 | .8662 | .8565 | .6758 | .8137 | .6799 | .6549 | .8218
ASD (b) - 9904 | 9825 | 9817 | 9722 | 9619 | 9506 | .9531 | .8530 | .8988 | .9479

of-the-art methods (i.e., with better weak saliency maps).
Thus, we generate different weak saliency maps by apply-
ing the graph cut method on the results generated by the
state-of-the-art methods. Note that we only use two scales
instead of four scales for efficiency and use equal weight-
s in (11) (to better use these “weak” saliency maps) in the
experiments. Figure 9 shows the P-R curves on the ASD
dataset and Figure 7(a) shows the F-measure on six tested
datasets. In addition, the AUC measures are shown on the
two rows named “ASD (b)” of Table 1. These results show
that the performance of all state-of-the-art methods can be
significantly improved by the proposed bootstrap learning
algorithm. For example, the performance improvement of
the SR method over the original model for the AUC value
is 22.3%. Four methods, the wCO, DSR, HS and GS_SP,
achieve over 0.987 using the proposed bootstrap learning
method and nine methods achieve higher than 0.98 in terms
of AUC. Four methods, the RC-J, GMR, wCO and DSR,
achieve over 0.98 for the highest precision value in the P-
R curve on the ASD dataset. The average F-measure per-
formance gains of 19 methods on the ASD, SOD, SED2,
Pascal-S, THUS and DUT-OMRON datasets are 10.5%,
14.0%, 5.2%, 14.4%, 11.5% and 9.9% respectively.

5. Conclusion

In this paper, we propose a bootstrap learning model
for salient object detection in which both weak and strong
saliency models are constructed and integrated. Our learn-
ing process is restricted within multiple scales of the input
image and is unsupervised since the training examples for
the strong model are determined by a weak saliency map
based on contrast and image priors. The strong saliency

Figure 8. Failure cases of the proposed algorithm as the weak
saliency maps do not perform well. Left to right: input, ground
truth, weak saliency map, strong saliency map and the bootstrap
saliency map generated by the proposed algorithm.
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Figure 9. P-R curve results show improvement of state-of-the-art
methods by the bootstrap learning approach on the ASD dataset.

model is constructed based on the MKB algorithm which
combines all the weak classifiers into a strong one using
the Adaboost algorithm. Extensive experimental result-
s demonstrate that the proposed approach performs favor-
ably against 20 state-of-the-art methods on six benchmark
datasets. In addition, the proposed bootstrap learning algo-
rithm can be applied to other saliency models for significant
improvement.
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