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Abstract Recent advances in supervised salient object detection modeling has resulted in significant performance improvements on benchmark datasets. However, most of the
existing salient object detection models assume that at least
one salient object exists in the input image. Such an assumption often leads to less appealing saliency maps on the background images with no salient object at all. Therefore, handling those cases can reduce the false positive rate of a model.
In this paper, we propose a supervised learning approach for
jointly addressing the salient object detection and existence
prediction problems. Given a set of background-only images
and images with salient objects, as well as their salient object annotations, we adopt the structural SVM framework and
formulate the two problems jointly in a single integrated objective function: saliency labels of superpixels are involved
in a classification term conditioned on the salient object existence variable, which in turn depends on both global image and regional saliency features and saliency labels assignments. The loss function also considers both imagelevel and region-level mis-classifications. Extensive evaluation on benchmark datasets validate the effectiveness of
our proposed joint approach compared to the baseline and
state-of-the-art models. Source code and data is available at
http://mmcheng.net/salexist/.
Keywords Salient object detection, existence prediction,
joint inference, saliency detection
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Fig. 1: Saliency maps produced by state-of-the-art models on
the background images.
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Introduction

Salient object detection, deviating from classical human fixation prediction [1–3], aims to detect and segment out the entire salient object(s) that attract most of humans’ attention in
a scene [4]. Driven by several applications of saliency detection in computer vision and graphics, such as content-aware
image resizing [5], image montage [6, 7], sketch based image
retrieval [8], photo collection visualization [9], action recognition [10, 11], and Internet image processing [12, 13], many
computational models have been proposed in the past decade.
There are two main concerns regarding existing salient
object detection methods. First, recent advances in supervised salient object detection has resulted in significant performance improvements on benchmark datasets [15, 18, 19].
Compared with traditional heuristic approaches [14, 16, 17],
discriminative learning based on hand-crafted features [15]
achieves better performance. By contrast, learned representations via Deep Convolutional Neural Networks (CNNs) [20,
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21] lead to even more superior results [18, 19]. Second, the
majority of existing salient object detection algorithms assume that there is at least one salient object in the input image
(See [22]). As a counter example, we show in Fig. 1, some
background images [23] with no (salient) objects in them.
Due to this impractical assumption, all three state-of-the-art
approaches [14–16] produce unsatisfactory saliency maps on
background images. To this end, we study the problem of
salient object existence prediction. Given a set of background
images and salient object images, as well as their salient object annotations, our goal is to predict both image-level existence labels and pixel-level saliency values. Note that salient
object annotations of background images are effortless (i.e.,
no salient objects in a background image).
We propose a supervised learning approach to jointly deal
with salient object detection and existence prediction problems. The input image is first segmented into a set of superpixels1) . Image-level existence labels (i.e., background image
vs. salient object image) and region-level saliency labels (i.e.,
foreground vs. background) are then integrated in a structural
SVM framework, where inference can be solved efficiently
using the graph cut algorithm [24]. By jointly studying these
two problems, we hope they are mutually beneficial in contrast to their separate formulations. The training problem is
built upon the large-margin learning framework, where the
loss function takes into account both image-level and regionlevel mis-classifications.
Our main contribution therefore is two folds: (i) we propose a supervised learning approach based on the structural
SVM framework, for joint salient object detection and existence prediction, where they can benefit from each other, and
(ii) compared with previous approaches, our model is aware
of salient object existence, leading to less false positive detections on background images. Experimental results validate our contributions by comparing our approach to baseline models. Moreover, our approach performs better than
most of unsupervised salient object detection models and is
comparable with the best supervised approaches.

a comprehensive review of salient object detection models.
Here, we briefly introduce some of the most related works.
Visual saliency is usually related to the uniqueness, distinctiveness, and disparity of items in a scene. Consequently,
most of existing works focus on designing models to capture the unique items in the scene. The uniqueness can be
computed for each pixel in the frequency domain [28], by
comparing a patch to its most similar ones [29], learning
complementary saliency priors [30] or discriminative subspace [31], or by comparing a patch to the average patch
of the input image in the principal components space [32].
Benefiting from image segmentation algorithms, several approaches try to compute the regional uniqueness in a global
manner [14, 33–35], based on multi-scale [36] and hierarchical segmentations [37, 38] of the image [39]. Moreover, several priors about a salient object have been developed in recent years. Since a salient object is more likely to be placed
near the center of the image to attract more attention (i.e.,
photographer bias), it is natural to assume that the narrow
border of the image belongs to the background. Such a background prior is widely studied and utilized [17,40–42]. It has
been recently extended to the background connectivity prior
assuming that a salient object is less likely to be connected to
the border area [16, 43]. In addition, generic objectness prior
is also utilized for salient object detection [44–46]. Other priors include spatial distribution [14, 47] and focusness [45].
Some models segment salient objects in a supervised manner. The Conditional Random Field [4,48] and Large-Margin
framework [49] are adopted to learn the fusion weights of
saliency features. Integration of saliency features can also
be discovered based on the training data using Random Forest [15], Boosted Decision Trees (BDT) [50,51], and mixture
of Support Vector Machines [52]. Recent works [18, 19, 53]
based on deeply learned representations via CNNs demonstrate even better performance.
Our approach also uses deeply learned CNN representations. Compared with previous models, our proposed salient
object detection approach (Sec. 3) is capable of jointly addressing the salient object existence and detection problems.

2

Salient object existence prediction. In [23], the salient
object existence prediction problem is studied as a standard
binary classification problem based on global saliency features of thumbnail images. Zhang et al. [54] investigate not
only existence but also counting the number of salient objects
based on holistic cues. In this paper, we focus on recognizing salient object existence. By incorporating superpixels’
saliency labels, better performance than [23] can be achieved.

Related Work

In this section, we briefly introduce related works in two areas: salient object detection (and segmentation) and salient
object existence prediction.
Salient object detection. We refer readers to [25–27] for
1)

Here, we use the terms “superpixel" and “region" interchangeably.
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and rk . Finally, fw (I, y, s) = hw, Ψ(I, y, s)i is defined as follows,

3

Joint Salient Object Detection and Existence
Prediction

y
hw,Ψ(I, y, s)i = hwext , Φext (I)i
2
XX
sj
+
δ(y = a) hwasal , Φ sal
j (I)i
2
a∈Y j∈V
X X
sal
+
δ(y = a)δ(s j = b)wab

In this section, we first present a joint approach for salient object detection and existence prediction based on the structural
SVM framework (Sec. 1). We then introduce our saliency
features for the two tasks (Sec. 2).

a∈Y j∈V,b∈S

−

X X

δ(y = a)δ(s j , sk )wasm · v jk .

(3)

a∈Y ( j,k)∈E

3.1

A Structural SVM Formulation

In this paper, we are interested in learning a model that not
only can predict whether there exist salient objects in the input image but also where they are (if they exist). Our training
data is composed of a set of images and their ground-truth
annotations in terms of both image-level salient object existence labels (i.e., salient object image vs. background image) as well as region-level saliency labels (i.e. foreground
vs. background).
Let I denote the input image consisting of N superpixN
els {ri }i=1
. Salient object existence label is represented by
a binary label y ∈ Y = {−1, 1}, denoting existence of a
salient object in the image (-1 for no existence). Regional
N
saliency labels of the image are denoted as s = [si ]i=1
, where
si ∈ S = {−1, 1} indicates the saliency label for the superpixel
ri (-1 is for background and 1 is for foreground).
M
Given a set of training samples {(Im , ym , sm )}m=1
, our goal
is to learn a model that can be used to predict the salient object existence label y as well as regional saliency labels s of
an unseen test image. To this end, we learn a discriminative
function
fw : I × Y × SN → R

(1)

over the image I, its salient object existence label y, and regional saliency labels s, where w are the parameters. During
testing, we use fw to make predictions of the input image as
(y∗ , s∗ ) = arg max fw (I, y, s).
y∈Y,s∈SN

The model parameters w are the concatenation of the parameters of all factors in the above equation, i.e., w =
sal
sal
[wext , wasal , wab
, wasm ]a∈Y,b∈S , where wab
is a prior term for
each region to be foreground and background, respectively.
wasm is a weight indicating the smoothness term.
Salient object existence prediction. In the above formulation, both salient object detection and existence prediction
problems are modeled together in a single integrated objective function. Salient object existence label does not only
depend on the global image features Φext (I) as in a standard
classification term, but also on the regional saliency labels
s and features Φ sal
j (I). Compared with existing supervised
models of predicting salient object existence labels [23, 54],
regional saliency labels are taken into consideration in our
approach, leading to better performance.
Salient object detection. In turn, regional saliency labels s are dependent on the salient object existence label y
sal
as well. We learn the prior term wab
to model the influence
of salient object existence label y on the salient object detection s. Moreover, we learn the last smoothness term for
salient object detection on salient object images and background images, respectively, encouraging adjacent regions to
take the same saliency label. v jk captures the similarity of
two neighboring regions r j and rk . It is defined as

(2)

We consider the global features Φext (I) of the input image I to capture the salient object existence. Additionally,
each superpixel ri is represented by a saliency feature vector
Φisal (I). Their detailed definitions are introduced in Sec. 2. To
account for the spatial constraints of two adjacent superpixels that tend to share the same saliency labels, we construct
an undirected graph G = (V, E). The vertex j ∈ V corresponds to the saliency configuration of the superpixel r j and
( j, k) ∈ E indicates the spatial constraints of superxpixles r j

v jk = exp(−

|c j − ck |2
),
2σ2c

(4)

where c j is the average color vector of the superpixel r j and
parameter σc is set manually.
3.2

Features

With the availability of huge amount of labeled training data
(i.e., ImageNet [55]) and powerful computational resources
(e.g., GPUs), CNNs have demonstrated impressive performance on image classification [21]. Deeply learned rep-
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resentations can also be used for other visual tasks including object detection [56], face detection and recognition [57],
texture recognition [58], fine-grained recognition [59], and
multi-view 3D shape recognition [60]. In this paper, we also
investigate CNN features for both image-level salient object
existence and region-level saliency features.
Image-level salient object existence features. We adopt
the learned representation [21] of the input image, which is
pre-trained on ImageNet for multi-class image classification.
It contains 5 convolutional layers and 2 fully connected layers. We use the output of the f c7 layer. The feature dimension is reduced via Principal Component Analysis (PCA),
leading to a 1885-dimensional Φext (I) feature vector, where
95% energy (variance) is kept.
Region-level saliency features. For regional saliency, we
investigate the global context (GC) features proposed in [18].
We briefly introduce it below and refer readers to [18] for
more technical details. To extract the GC feature of each superpixel, the input image is first padded with mean pixel values around the center of the superpixel, where the mean pixel
values come from the training images of CNN pre-training.
The padded image is then warped to 227 × 227 pixels and fed
into the CNN. By doing so, the GC feature of each region
contains the position-aware information of the entire image.
Moreover, regional saliency labels can be used to fine tune the
pre-trained CNN [18]. We use the fine-tuned Clarifai CNN
model [61], which contains 5 convolutional layers and two
fully connected layers. The output of the f c7 layer is used as
the representation of each superpixel. After PCA, we get a
39-dimensional saliency feature vector Φisal (I) for the superpixel ri , keeping 95% energy.

ularized empirical risk [62],
min L(w) =
w

M
λ
1 X
||w||2 +
Rm (w),
2
M m=1

(5)

where λ controls the trade off between the regularization term
and the loss term. Rm (w) is a hinge loss function defined as
Rm (w) = max (hw, Ψ(Im , y, s)i + ∆(ym , y, sm , s))
y,s

− hw, Ψ(Im , ym , sm )i,

(6)

where the loss function ∆(ym , y, sm , s) is defined as follows
∆(ym , y, sm , s) = δ(ym , y) + α(sm , s).

(7)

The first term is the 0/1 loss widely used for multi-class classification. In addition, we introduce the second term to constrain the salient object segmentation. We measure the misclassifications of regions by counting the number of incorrectly classified superpixels, weighted by their normalized areas. The second loss term can be written as
α(sm , s) =

N
1X
βl δ(sm,l , sl ),
Z l=1

(8)

PN
where βl is the area of the region rl . Z = l=1
βl is a normalization term to ensure α(sm , s) ∈ [0, 1].
Eq. 5 can be efficiently minimized using the bundle optimization method [62], which iteratively builds an increasingly accurate piecewise quadratic approximation of the objective function L(w) based on its sub-gradient ∂L(w). Let
s∗y = arg max (hw, Ψ(Im , y, s)i + ∆(ym , y, sm , s)) ,
s


∗
y = arg max hw, Ψ(Im , y, s)i + ∆(ym , y, sm , s∗y ) ,
y∈Y

(9)

The sub-gradient ∂L(w) can then be computed as
∂L(w) = λw + Ψ(Im , y∗ , s∗y∗ ) − Ψ(Im , ym , sm ).

4

Learning and Inference

In this section, we describe how to learn our model parameters w from training samples (Sec. 1) and how to infer both
the salient object existence label y and regional saliency labels s given a test image (Sec. 2).

4.1

Large Margin Learning

M
Given a set of training samples {(Im , ym , sm )}m=1
, we find the
optimal model parameters by minimizing the following reg-

Given the sub-gradient ∂L(w), the optimal model parameters
can then be learned by minimizing Eq. 5 using [62].
4.2

Inference

Given a test image I, we maximize Eq. 3 to jointly predict its
salient object existence label y∗ and regional saliency labels
s∗ as follows,
(y∗ , s∗ ) = arg maxhw, Ψ(I, y, s)i.
y∈Y,s

(10)

Since y ∈ Y = {−1, 1}, we can iterate over all its possible values. Given any y ∈ Y, we utilize the max-flow algorithm [24]
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to optimize the Eq. 3 to get the optimal regional saliency labels.
During training, we have to solve the loss-augmented energy function in Eq. 9. Luckily, we can incorporate the loss of
regional saliency labels into the unary term of Eq. 3. Therefore, we can again utilize the max-flow algorithm [24] for
efficient inference.
To output a saliency map, we diffuse the latent segmentation result of the salient object using the quadratic energy
function [49] as follows,
z=

γ(I + γL)−1 I(s + 1)
,
2

(11)

N
where z = [zi ]i=1
. zi ∈ [0, 1] is the saliency value of the
superpixel ri . I is the identity matrix. V = [vi j ] and D =
P
diag{d11 , · · · , dNN } is the degree matrix, where dii = j vi j .
L = D − V is the Laplacian matrix.

methods

superv.

SVO [44]
CA [29]
CB [36]
RC [33]
SF [14]
LRK [65]
HS [39]
GMR [41]
PCA [32]
MC [42]
DSR [17]
RBD [16]
DRFI [15]
HDCT [51]
MCDL [18]

unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
unspvd.
spvd.
spvd.
spvd.

GS [23]
SOS [54]

5
5.1

SSVM

Experimental Results
Setup

To the best of our knowledge, the only publicly available
background images dataset in the literature is the thumbnail background image dataset [23]. Images in this dataset,
however, are of low resolution (130 × 130). Furthermore,
since we are interested in images with common sizes (e.g.,
400 × 300), this dataset is not suitable for our scenarios.
To this end, we collected 6182 background images from the
SUN dataset [63], describable texture dataset [64], Flickr, and
Bing image search engines. We randomly sample 5000 background images to train our model and leave other 1182 images for testing. Additionally, we randomly sample 5000 images from the MSRA10K dataset [33] for training and 1237
images for testing. In total, we have 10000 images for training and 2419 for testing.
We also test our proposed approach (SSVM) on background images introduced by [54]. It contains 1631 images
gathered from different benchmark datasets. Since some images are also sampled from the SUN dataset [63], we exclude these overlapping images from testing, resulting in 688
background images. We denote this dataset as Salient Object
Subitizing Background (SOSB).
For the salient object detection task, we evaluate our proposed approach on MSRA-B [15] and ECSSD [39] datasets
with pixel-wise annotations. MSRA-B contains 5000 images with variations including natural scenes, animals, indoor

5

task

detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
detection
existence
spvd.
localization
existence
spvd.
counting
joint
detection
+ spvd. existence

ICCV 2011
CVPR 2010
BMVC 2011
PAMI 2015
CVPR 2012
CVPR 2012
CVPR 2013
CVPR 2013
CVPR 2013
IJCV 2017
ICCV 2013
CVPR 2014
CVPR 2013
CVPR 2014
CVPR 2015

deep
models
7
7
7
7
7
7
7
7
7
7
7
7
7
7
3

CVPR 2012

7

CVPR 2015

7

pub. & year

3

Table 1: Summaries of different salient object detection algorithms based on supervision type (superv.) and tasks that
each method can solve. Unspvd./spvd. denote unsupervised/supervised, respectively.

scenes, etc. There are 1000 semantically salient but structurally complex images in ECSSD, making it very challenging for models.
We compare our approaches with 15 state-of-the-art
salient object detection models, including 12 unsupervised
methods and 3 supervised models, which are summarized
in Tab. 1. Following the benchmark [26], for quantitative
comparisons, we binarize a saliency map with a fixed threshold ranging from 0 to 255. At each threshold, we compute
Precision and Recall scores. We can then plot a PrecisionRecall (PR) curve. To obtain a scalar metric, we report
the average precision (AP) score defined as the area under
the PR curve. We also report Fθ scores defined as Fθ =
(1+θ2 )×Precision×Recall
. We set θ2 = 0.3 following the previθ2 ×Precision+Recall
ous works. Additionally, we report the Mean Absolute Error
(MAE) scores between saliency maps and the ground-truth
binary masks.
5.2

Empirical Analysis of Our Approach

Here, we empirically analyze our proposed approach on four
benchmark datasets. In particular, we quantitatively study
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Test Set MSRA-B ECSSD SOSB
linear SVM [54] 98.51
98.10
95.60 85.71
rbf SVM
98.64
98.38
95.90 85.96
[23]
90.64
89.26
72.50 75.23
SSVM (joint)
99.22
98.66
94.40 88.36
Table 2: Salient object existence prediction accuracy (%) of
different approaches on benchmark datasets. Best results are
highlighted with bold fonts.

100
Salient Object Existence Accuracy (%)

6

95
90
85

75
70
65
60
55
1000

Test Set MSRA-B ECSSD SOSB
w/o smoothness
3.14
8.05
16.33 15.36
w/o existence
1.69
15.30
6.41
12.44
SSVM (joint)
1.55
15.28
6.39
8.97

the performance of both salient object segmentation error and
salient object existence prediction accuracy. For each experiment, we randomly select a set of training samples to train
the one-class SVM. Such a procedure is repeated 10 times
and the average performance is reported.
Effectiveness of Joint Learning. To validate the effectiveness of our joint learning approach, i.e., whether salient
object segmentation and existence prediction benefit from
each other in a single integrated formulation, we compare our
model with several baseline approaches.
On one hand, we investigate salient object existence prediction. Without object segmentation, Eq. 3 becomes a
standard primal linear SVM formulation. As can be seen
from Tab. 2, the joint formulation outperforms the baseline
on three benchmark datasets. The improvement on the test
set and MSRA-B dataset is valuable considering the high performance of the baseline model. On the most challenging
SOSB dataset, the improvement is significant, resulting in an
accuracy improvement of around 13%. The reason why the
baseline performs better on ECSSD dataset might be due to
the dataset bias since we run cross-dataset evaluation.
On the other hand, we study salient object detection in
terms of segmentation error. We introduce two baselines.
The first one, like most existing supervised models, predicts
regional saliency labels independently without considering
their spatial correlations. The second one takes spatial correlation (i.e., the smoothness term in Eq. 3) of adjacent superpixel labels into account. Similar to our joint formulation,
we train segmentation parameters for salient object images

2000

3000

4000 5000 6000 7000
Number of Training Images

8000

9000 10000

(a)
16
Test Set
MSRA-B
ECSSD
SOSB

14

Segmentation Error (%)

Table 3: Segmentation errors (%) comparison on benchmark
datasets. Best results are highlighted with bold fonts.

Test Set
MSRA-B
ECSSD
SOSB

80

12
10
8
6
4
2
0
1000

2000

3000

4000 5000 6000 7000
Number of Training Images

8000

9000 10000

(b)
Fig. 2: Empirical analysis of our approach on benchmark
datasets: (a) accuracy of salient object existence prediction
and (b) segmentation error of salient object detection versus
different number of training images (M in Eq. 5).

and background images, respectively. During testing, we first
predict salient object existence label based on the linear SVM
and then choose corresponding segmentation parameters. As
we can observe in Tab. 3, salient object segmentation indeed
benefits from salient object existence in our joint formulation.
The reason why the first baseline model performs the best
on MSRA-B dataset might be that the regional saliency CNN
model is fine-tuned on the MSRA10K dataset [33], which has
a large overlap with MSRA-B (3,000 out of 10,000 images).

Number of Training Images. As can be seen from Fig. 2,
both salient object existence prediction accuracy and salient
object segmentation error are quite steady w.r.t. the number
of training images. One possible reason is that CNN features,
which are learned from a huge amount of training data, are
so powerful that a good decision boundary could be learned
from a few training samples.
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linear SVM + SVO
linear SVM + CA
linear SVM + CB
linear SVM + RC
linear SVM + SF
linear SVM + LRK
linear SVM + HS
linear SVM + GMR
linear SVM + PCA
linear SVM + MC
linear SVM + DSR
linear SVM + RBD
linear SVM + DRFI
linear SVM + HDCT
linear SVM + MCDL
SSVM

AP
MSRA-B
0.691
0.559
0.717
0.734
0.661
0.743
0.693
0.780
0.731
0.777
0.763
0.796
0.816
0.777
0.556
0.883

ECSSD
0.560
0.471
0.591
0.611
0.573
0.590
0.591
0.638
0.569
0.630
0.642
0.633
0.686
0.616
0.540
0.701

Fθ
MSRA-B
ECSSD
0.580
0.526
0.524
0.466
0.676
0.588
0.730
0.625
0.612
0.432
0.636
0.544
0.733
0.625
0.745
0.615
0.634
0.528
0.735
0.610
0.740
0.605
0.749
0.602
0.759
0.658
0.714
0.592
0.852
0.731
0.816
0.689

7

MSRA-B
0.348
0.247
0.188
0.136
0.172
0.214
0.159
0.128
0.188
0.144
0.119
0.112
0.129
0.148
0.057
0.107

MAE
ECSSD
0.412
0.338
0.280
0.234
0.273
0.303
0.266
0.236
0.288
0.250
0.226
0.225
0.230
0.249
0.172
0.214

Test Set
0.166
0.118
0.089
0.071
0.089
0.117
0.074
0.066
0.093
0.077
0.063
0.057
0.064
0.075
0.026
0.051

SOSB
0.275
0.160
0.168
0.113
0.097
0.167
0.203
0.144
0.102
0.144
0.098
0.154
0.171
0.107
0.107
0.101

Table 4: AP, Fθ and MAE scores compared with state-of-the-art approaches on different benchmark datasets, where supervised
approaches are marked with bold fonts. The best three scores are highlighted with red, green, and blue fonts, respectively.
5.3

Salient Object Existence Prediction

Here, we quantitatively study our proposed approach for the
salient object existence prediction task. Compared with the
state-of-the-art approach [23], our approach has two advantages, more powerful features and incorporation of regional
saliency information. Though a non-linear classifier (Random Forest) is utilized in [23], as we can see from Tab. 2,
our approach has significantly higher prediction accuracy on
all datasets. Moreover, compared with [23], our approach is
able to jointly address salient object existence and detection
problems.
5.4

Salient Object Detection

In this section, we compare our SSVM approach with other
state-of-the-art salient object detection approaches. Our
SSVM approach is designed to address the limitations of conventional approaches, where they impractically assume that
at least one salient object exists in the input image. For a fair
comparisons, we introduce a two-stage scheme, as in [23].
Specifically, we first predict the existence label of salient objects using the linear SVM introduced in Sec. 3. If there
are no salient objects, we output an all-black saliency map.
Otherwise, we generate saliency maps using different approaches.
Since ground-truth annotations of background images are
all-black images, only MAE scores are feasible to report on

the test set and SOSB dataset. See Tab. 4 and Fig. 3 for quantitative comparisons. We can see in Fig. 3 that PR curves of
our approach are higher than others in most cases. Although
the PR curves of the MCDL are close to ours, there are no precision values for MCDL when the recall scores are small. To
this end, SSVM outperforms other unsupervised and supervised approaches on both MSRA-B and ECSSD datasets in
terms of AP scores. Specifically, SSVM performs better than
the second best method by 8.2% (DRFI) on MSRA-B and by
2.2% (DRFI) on ECSSD. While the Fθ scores are not as superior as the AP scores, SSVM is ranked as the second best
on both MSRA-B and ECSSD datasets, slightly worse than
MCDL. In terms of MAE scores, SSVM performs the second
best on three datasets and performs the third best on the most
challenging SOSB dataset. The reason why SSVM performs
inferior to MCDL might be because our approach can not
always produce all-black saliency maps for background images as other methods2) . Moreover, MCDL considers multicontext (including global and local context of a region).
In Fig. 5, we provide qualitative comparisons of our approach and other top performing approaches. As can be seen,
our SSVM approach can produce appealing saliency maps
on images where salient objects touch the image border. On
background images, our SSVM approach generates near allblack saliency maps, denoting no existence of salient objects.
2) Recall that we produce an all-black saliency map if the linear SVM recognizes an input as a background image.
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Fig. 3: Precision-Recall curves of different approaches on
MSRA-B and ECSSD benchmark datasets.

On a PC equipped with an Intel i7 CPU (3.4GHz) and
32GB RAM, it takes about 2 hours to train our approach
using MATLAB code. During testing, our approach takes
around 3s to extract features (GPU is not required), and 0.02s
for joint inference of the existence label and regional saliency
labels. Notice that feature computation dominate the computational time of our method, which could potentially be improved by highly efficient recent deep saliency models [53].
5.5

Limitations and Future Work

Sometimes our approach makes incorrect classifications
between salient object images and background images.
See Fig. 4 for some failure cases. In the top row, the color
of the lady’s face is similar to the background, making it hard
for a classifier to make a correct prediction. In the bottom
row, the classifier is distracted by the artistic content (e.g.,
high contrast of edges) of the image, resulting in an incorrect
classification.

Fig. 4: Failure cases of our SSVM approach. Top row is a
salient object image that is incorrectly recognized as a background image. Bottom row is a background image misclassified as a salient object image. From left to right: (a)
input images, (b) saliency maps produced by SSVM.

For future work, we plan to investigate end-to-end parameters learning of not only the joint salient object detection and
existence prediction objective function, but also the imagelevel and region-level CNNs. By fine tuning CNNs, better
results can be achieved. For instance, it can be expected by
a fine-tuned image-level CNN to correctly classify the background image in Fig. 4. Another direction that is worth exploring is the weakly supervised setting: learning the model
purely from image-level annotations. This would greatly reduce the burden of annotating salient objects.

6

Conclusion

In this paper, we propose a supervised learning approach for
joint salient object detection and existence prediction. Our
approach is aware of salient object existence and thus produces less false positives on background images that contain
no salient objects at all. Moreover, our formulation integrates
both image-level and region-level classifications, where two
tasks are dependent and benefit from each other. Experimental results validate the effectiveness of our approach.
For potential applications, jointly detecting salient objects and predict their existence is crucial for processing vast
amount of heterogenous internet images [12], getting the
most dominate regions while suppress false alarms. Thus,
our system could potentially be used for image composition
[6, 66], big data analysis [67], semantic segmentation [68],
and internet based colorization [69].
Acknowledgements This research was sponsored by NSFC (NO.
61572264, 61620106008) and CAST young talents plan.
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