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a b s t r a c t
Video surveillance-oriented biometrics is a very challenging task and has tremendous signiﬁcance to the
security of public places. Saliency detection can support video surveillance systems by reducing redundant information and highlighting the critical regions, e.g., faces. Existing saliency detection models usually behave differently over an individual image, and meanwhile these methods often complement each
other. This paper addresses the problem of fusing various saliency detection methods such that the fusion
result outperforms each of the individual methods. A novel sparse and double low rank decomposition
model (SDLRD) is proposed for such a purpose. Given an image described by multiple saliency maps,
SDLRD uses a uniﬁed low rank assumption to characterize the object regions and background regions respectively. Furthermore, SDLRD depicts the noises covered on the whole image by a sparse matrix, based
on the observation that the noises generally lie in a sparse subspace. After reducing the inﬂuence by
noises, the correlations among object and background regions can be enhanced simultaneously. In this
way, an image is represented as the combination of a sparse matrix plus two low rank matrices. As such,
we cast the saliency fusion as a subspace decomposition problem and aim at inferring the low rank one
that indicates the salient target. Experiments on ﬁve datasets demonstrate that our fusion method consistently outperforms each individual saliency method and other state-of-the-art saliency fusion approaches.
Speciﬁcally, the proposed method is demonstrated to be effective on the applications of video-based biometrics such as face detection.
© 2017 Published by Elsevier B.V.

1. Introduction
Video surveillance-oriented biometrics has received intensive
attentions in computer vision and machine learning for several
decades. The main challenge is to develop and deploy reliable systems to detect, recognize and track moving objects, and further to
interpret their activities and behaviors to meet the aim of increasing public security. With the rapid development of surveillance
cameras, it is becoming more and more diﬃcult for computers to
handle the immense amount of video data. Particularly, the highquality of video frames introduce a great deal of redundant spatial
and temporal information which is time-consuming to handle, and
there is no doubt that processing useless information deteriorates
system performance.
Saliency detection, the task to detect objects attracted by the
human visual system in an image or video, has attracted a lot
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of focused research in computer vision and has resulted in many
applications, such as object detection, tracking and recognition,
image/video retrieval, retargeting and compression, photo collage,
video surveillance and so on. This paper aims to design an effective saliency fusion model to predict salient objects. Using saliency
guides the video surveillance systems to reduce the search space
for further processing and thus improve the computational eﬃciency of the whole system. As shown in Fig. 1, we can use the
region covered by the red rectangular bounding box instead of the
video frame for further object detection, recognition, tracking, etc.
With the goal both to achieve a comparable salience detection performance of human visual system and to facilitate
various saliency-based applications, a rich number of saliency
detection methods have been proposed in the past decade
[2,6,16,18,19,27,28,37–39,44,46,51–53,57,60,64–66].
These
approaches design a variety of models to simulate the visual
attention mechanism or use data-driven methods to calculate a
saliency map from an input image. Since different theories lead to
different behaviors of saliency models, the saliency maps obtained
by different approaches often vary remarkably from each other.
Fig. 2 shows a few results produced by several representative
saliency detection methods(i.e., CA [27], HS [60], GC [15]). As
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Fig. 1. Illustrating saliency’s role of reducing the search space for further processing
on the video surveillance systems.

Fig. 2. Saliency fusion results. Individual saliency detection approaches often complement each other. Saliency fusion can effectively combine their results and perform better than each of them.

shown in Fig. 2(b) and (d), the object boundaries are well-deﬁned,
but some objects interiors are attenuated. Differently, the results
shown in Fig. 2(c) highlight most of the object regions, but some
background regions also stand out with the salient regions. Interestingly, these results often can complement each other. This
motivates us to combine different saliency maps to achieve better
results. Speciﬁcally, for a given image, we can ﬁrst obtain various
saliency maps by different saliency detection methods, and then
try to ﬁnd a way to utilize the advantages of these methods,
aiming to effectively integrate these saliency maps.
By far, there are few methods attempting to fuse different
saliency detection methods. Borji et al. [7] proposed a saliency fusion model using pre-deﬁned combination functions. It treats each
individual method equally in the fusion process. This simple strategy may not fully capture the advantages of each saliency detection approach. Mai et al. [48] use a conditional random ﬁeld (CRF)
to model the contribution from each saliency map. Although this
method has been shown to be effective, the learnt CRF model parameters are somewhat biased toward the training dataset, due to
which it suffers from limited adaptability.
The existing saliency fusion methods are often diﬃcult to produce reliable results for images with diverse properties mainly
due to the information contained across multiple saliency maps
is not well utilized in the fusion process. To make use of such
cross-saliency map information, in our previous work [40,41], we
propose two low rank matrix recovery theory based saliency fusion methods, i.e., the robust principle complement analysis (RPCA)
model and the double low rank matrix recovery model (DLRMR).
However, RPCA assumes that the image object has the sparsity
property and hence it does not consider the correlation between
object regions. Although DLRMR uses low rank constraint for the
object and background regions respectively, it does not consider
the noises covered the image in the saliency feature space, and
thus leads to the poor robustness.
To address this problem, in this paper we propose a sparse and
double low rank decomposition (SDLRD) model for saliency fusion.
Fig. 3 is an intuitive illustration on our motivation. Given an image, if we ﬁrst segment the original image into many homogeneous super-pixels, both object and background contain multiple

Fig. 3. An example to show the motivation of the proposed SDLRD model. (a)
shows the over-segmentation of the original image and its simulated ground
truth. In the ground truth image, super-pixels are represented by color nodes: red
nodes denote object super-pixels and green ones represent background super-pixels.
Clearly, both background and object contain multiple super-pixels. As shown in (b),
in all the simulated saliency maps, white nodes denote the super-pixels that are
with higher saliency values, while the black ones represent that the corresponding
super-pixels are with lower saliency values. The nodes lying on the green (or the
pink, blue) line show that they correspond to the same image super-pixel, and we
drew a circle over the corresponding node for a visual discrimination. Moreover,
there exist some super-pixels that are independent of background and object subspaces and can be considered as noises, e.g., the super-pixel covered by the blue
line. (For interpretation of the references to color in this ﬁgure legend, the reader
is referred to the web version of this article.)

super-pixels. For each super-pixel of object, the corresponding locations of the set of saliency maps are with high probability showing in brighter, indicating that they are with higher saliency values. With image regions being represented by the saliency values of multiple saliency maps, the object super-pixels are highly
correlated and the corresponding feature vectors lie in a lowdimensional subspace. Meanwhile, most of background regions
tend to have lower saliency values in various saliency maps. They
are strongly correlated and lie in a low-dimensional subspace that
is independent of the object subspace. Besides, in order to reduce the inﬂuence by noises and further to enhance the correlation
among the object regions, we assume that the noises covered on
the whole image lie in a sparse subspace and can be characterized
by using a sparse matrix. Thus, an image can be represented as the
combination of a sparse matrix plus two low rank matrices. SDLRD
aims at inferring a uniﬁed low rank matrix that represents the
salient objects. The inference process can be solved eﬃciently with
the alternating direction method of multipliers (ADMM) [8]. Since
the correlations within object regions as well as within background
regions are well considered, SDLRD can produce more accurate and
reliable results than previous saliency fusion models, and also can
outperform the performance of each individual saliency detection
method.
The contributions of our method mainly include:
1. Our method casts the saliency fusion as a subspace decomposition problem. It provides an interesting perspective for saliency
fusion framework.
2. We propose a novel SDLRD model for saliency fusion. Theoretical analysis and experimental results demonstrate the feasibility and effectiveness of the presented method.
3. SDLRD well considers the cross-saliency map information. It
performs better than the method which combines saliency
maps through pre-deﬁned combination functions.
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2. Related work
2.1. Models for saliency detection
In our method, a number of saliency detection approaches
are used to produce individual saliency maps. Recently, numerous
models have been proposed for detecting salient objects based on
variety of mathematical principles and techniques [11–14,21]. As
saliency is explained as those parts standing out from the rest
of the image, lots of efforts have been devoted to measure the
differences of a region from others. Various contrast-based methods have been proposed [5,16,25,26,30,37,47,49,52]. Contrast-based
methods have their diﬃculty in distinguishing among similar
saliency cues (e.g., color, pattern, or structure) in both background
and foreground regions, and they often fail when the images are
with large-scale objects. Besides the widely exploited contrastbased methods, there are lots of formulations for saliency detection
based on other principles, such as graph theory [20,29,38,56,60,61],
information theory [9,36], and spectral analysis [24,35]. These
models may work well for objects within consistent scenes. However, they still lack robustness to detect objects in complex images
with cluttered background or objects.
Recently, [50,55,59,66] exploit low rank matrix recovery to formulate saliency detection, in which an image is decomposed into
a low rank matrix representing the background and a sparse noise
matrix indicating the salient regions. To meet the low rank and
sparse properties, [59] uses sparse coding as a representation of
image features, and in [55], a learnt transform matrix is used to
modulate the image features. Unfortunately, as pointed out in [55],
the sparse coding cannot guarantee that the sparse codes of the
background are of low rank and those of the salient regions are
sparse, especially when the image object is not small. Besides, the
learnt transform matrix in [55] is to some extent biased toward
the training data set, therefore it suffers from limited adaptability.
Our approach is different from [50,55,59,66] in essence. First,
the proposed method is under the saliency fusion scheme and uses
the matrix combined by various saliency maps to conduct the matrix recovery. Second, we use the nuclear norm to depict the property of salient regions rather than consider the salient regions as
sparse noises. Third, a novel double low rank plus sparse decomposition model is presented to infer the low rank matrix that indicates the salient target.
2.2. Saliency fusion models
Saliency fusion aims at combining various saliency detection
methods such that the fusion result outperforms each of the combining ones. Borji et al. [7] use a predeﬁned function (e.g., averaging) to combine individual saliency maps. It treats each individual method equally in the fusion process. This simple strategy may
not fully capture the advantages of each individual saliency detection approach. Mai et al. [48] employ a conditional random ﬁeld
(CRF) to model the contribution from individual saliency maps,
which show very good results. Unfortunately, training is required
and the learnt CRF model parameters are somewhat biased toward
the training dataset, therefore it suffers from limited adaptability.
Different from [7,48], in our method, we cast the saliency fusion as
an object and background decomposition problem in the saliency
feature space and propose a novel double low rank matrix recovery
model.

Fig. 4. Framework of the SDLRD model for saliency fusion.

for the ones which are with heterogeneous objects, cluttered background, or low contrast between object and background. Fortunately, owing to based on different theories and principles, different saliency detection methods in general can complement each
other. Therefore, to make full use of the advantages of existing
models, we design a saliency fusion strategy which combines various saliency detection methods such that the fusion result outperforms each of them.
3.1. Problem formulation for saliency fusion
Given an input image I, we ﬁrst conduct a set of d saliency
detection methods and obtain d saliency maps {Sk |1 ≤ k ≤ d}, one
for each approach. Each element Sk (p) in a saliency map denotes
the saliency value at pixel p. In each saliency map, the saliency
value is represented in gray and normalized to [0, 1]. Our task is
to take these d saliency maps as original data and then obtain a
ﬁnal saliency map S.
For eﬃciency, we segment the input image into super-pixels as
the basic image elements in saliency estimation. Let P = {Pi }i=1,...,n
be a set of n super-pixels of image I. Combining the obtained
d saliency maps, super-pixel Pi can be represented by a vector
Xi = [x1i , x2i , . . . , xdi ]T ∈ Rd×1 , where xki corresponds to the mean
saliency values of Pi in saliency map Sk . By arranging Xi into a matrix, we get the combinational matrix representation of the whole
image X = [X1 , X2 , . . . , Xn ]. X ∈ Rd×n , where n denotes the number
of super-pixels. Then, our goal is to ﬁnd an assignment function
S(Pi ) ∈ [0, 1]. Function S(Pi ) is referred to as the ﬁnal saliency map,
where the higher value indicates higher salient location. Fig. 4 gives
an illustration for the easy understanding of our problem formulation procedure.

3. SDLRD-based saliency fusion

3.2. SDLRD model

As mentioned above, the existing saliency detection methods
are still insuﬃcient to effectively handle all the images, especially

The task described by the above formulation is to build a criterion for measuring the ﬁnal saliency. Since each saliency detection
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method can be regarded as a nonlinear transformation from the
original image to the saliency map, matrix X can be treated as a
feature matrix representation of the image I in the saliency feature space. In the saliency feature space, we assume that an image
is composed by three part: foreground part, background part and
the noises. Naturally, feature matrix X can be decomposed as:

X = F + B + L,

(1)

where F, B and L denote matrices corresponding to foreground,
background and noises, respectively.
Problem (1) is actually a subspace decomposition problem. To
recover the matrix F that corresponds to the foreground regions,
some criteria are needed for characterizing the matrices F, B and L.
We here consider three basic principles to formulate the inference
process. As shown in the over-segmentation map in Fig. 4, the image object and background both contain multiple super-pixels even
if they are visually homogeneous. For each super-pixel of image
object, the corresponding coordinates of different saliency maps
are often with higher saliency values shown in brighter. With these
super-pixels being represented by the saliency values of a series
of saliency maps, the feature vectors corresponding to the image
object have strong correlations and lie in a low-dimensional subspace. Thus, the matrix F should be encouraged to be low rank.
Meanwhile, the background super-pixels generally show similar
appearance as they tend to have lower saliency values shown in
black. The strong correlations among the background super-pixels
suggest that matrix B may have the property of low rankness. Besides, there exist some noises covering both on the object regions
and the background components. In order to deviate them from
the whole image and further to enhance the correlations among
object regions and background regions simultaneously, we assume
that the noises lie in a sparse subspace, i.e., matrix L is sparse. By
considering these three sides, the matrix F can be inferred by solving the following problem:

min rank(F ) + λ(rank(B )) + γ L0
F,B,L

s.t.

X = F + B + L,

(2)

where  · 0 is the 0 -norm, and parameters λ, γ > 0 balance the
effects between three matrices.
Problem (2) is NP-hard and hard to approximate as the matrix
rank and 0 -norm are not convex, no eﬃcient solution is known in
both theory and practice [4]. A popular heuristic is to replace the
rank with the nuclear norm, and the 0 -norm with the 1 -norm.
It has been shown that nuclear norm based models can obtain the
optimal low rank solution in a variety of scenarios [23]. Thus we
turn to relax minimization problem (2) and obtain a tractable optimization problem, yielding the following convex surrogate:

min F∗ + λB∗ + γ L1
F,B,L

s.t.

X = F + B + L,

(3)

where  · ∗ denotes the matrix nuclear norm (sum of the singular
values of a matrix), and  · 1 is the 1 -norm.
We call the model (3) sparse and double low rank decomposition (SDLRD). This minimization problem is convex, and can be efﬁciently solved via a variety of methods [43]. We will discuss how
to solve it in the following subsection.
Fig. 5 gives an example to visually show the ability of SDLRD
for subspaces decomposition in the saliency fusion problem. Note
that each row of matrix X corresponds to an individual saliency
map, and the rows in different matrices X, F, B and L with the
same index correspond to the same saliency map. From the second
column of Fig. 5, we can clearly see that SDLRD can well extract
salient objects from the original saliency maps.
Saliency Assignment. Let F∗ be the optimal solution (with respect to F) to problem (3). To obtain a saliency value for each

Fig. 5. Illustrating SDLRD’s mechanism of decomposing the data. Given matrix X
composed by 11 saliency maps, SDLRD decomposes it into a low rank part F that
represents the object regions, a low rank part B that links to background regions
and a sparse part L that ﬁts noise. Xk , Fk , Bk and Lk correspond to the kth row of
X, F, B and L, respectively. The pixel values in Xk , Fk , Bk and Lk are normalized to
[0,1]. Here we just give the results corresponding to three original saliency maps.

super-pixel Pi , we deﬁne a simple assignment function on the low
rank matrix F∗ :

d
S(Pi ) =

j=1

|F∗ ( j, i )|
d

.

(4)

A larger response of S(Pi ) means a higher saliency rendered on
the corresponding super-pixel Pi . The resulting saliency map is obtained though merging all super-pixels together. After normalizing, we can get the ﬁnal saliency map S. S actually is the ‘average
map’ of all the recovered Fk shown in the second column of Fig. 5.
Algorithm 1 summarizes the whole procedure of our SDLRD based
saliency fusion.
Algorithm 1 Saliency fusion by SDLRD.
Input: An image I.
1:

Conduct individual saliency detection methods and obtain d
saliency maps;

2:

Conduct image segmentation and compute the matrix representation X by Section 3.1;

3:

Obtain the low rank matrix F by solving problem (3);

4:

Compute the saliency map S by (4);

Output: A map that encodes the saliency value of each superpixel.

3.3. Optimization via ADMM
Alternating direction method of multipliers (ADMM) is a popular method to solve convex optimization problems, especially in
large-scale cases arising in statistics, machine learning and related
areas [8]. Problem (3) is convex and can be solved with ADMM. To
solve problem (3) by ADMM, let us form the augmented Lagrange
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function:

Lμ (F, B, L, Y ) = F∗ + λB∗ + γ L1
+ T r (YT (X − F − B − L )) +

μ
2

X − F − B − L2F ,

(5)

where Y is the Lagrange multiplier, μ > 0 is the penalty parameter,
and Tr(·) is the trace operator. The standard augmented Lagrange
multiple method minimizes Lμ with respect to variables F, B and L
simultaneously. However, to exploit the property that the variables
F, B and L in objective function are separable, ADMM decomposes
the minimization of Lμ into three sub-problems which minimizes
F, B and L, respectively. The detailed ADMM algorithm for SDLRD
is summarized in Algorithm 2. Steps 3 and 4 are solved via the sinAlgorithm 2 Solving SDLRD via ADMM.
Input: Data matrix X, parameters λ > 0, γ > 0, ε abs , ε rel .
1:

Initializing: Y0 = 0, B0 = 0, L0 = 0, μ = 1, μmax = 106 , ρ = 1.2,
k = 0.

2:

while not converged do

3:

1 k
Update F: Fk+1 = D 1 (X − Bk − Lk + μ
Y );
μ

4:

1 k
Update B:Bk+1 = D λ (X − Fk+1 − Lk + μ
Y );
μ

5:

3.4. Connections to the existing saliency fusion models

1 k
Update L:Lk+1 = sgn(X − Fk+1 − Bk+1 + μ
Y ) ◦ max{|X − Fk+1 −
γ
k+1
1 k
+ μ Y | − μ , 0};
B

6:

Update Y:Yk+1 = Yk + μ(X − Fk+1 − Bk+1 − Lk+1 );

7:

Update μ:μ = min(ρμ, μmax );

8:

If Eq. (6) is not satisﬁed go to Step 3.

9:

end while

3.3.2. Computational complexity and convergence analysis
The main computational costs of the proposed model are due
to the SVD steps. In the steps of updating the matrices F and B,
we need to perform SVD in a matrix of d × n. The computational
complexity is O(nd2 ), assuming that n > d. This is quite eﬃcient
because the number of the used saliency detection methods d is
usually smaller than n in our experiments, where n denotes the
number of super-pixels. Therefore, our algorithm has the computational cost of O(nd2 ).
There have been many studies focusing on the convergence of
ADMM. Especially, utilizing the properties of the saddle points,
Boyd et al. [8] analyzed convergence of ADMM with two variables.
He et al. [31,32] presented some signiﬁcant convergence results by
virtue of variational inequalities. What’s more, He et al. [33] illuminated that the ADMM owns a convergence rate of O(1/k), where k
is the iteration number. Recently, Hong et al. [34] solved the convergence of the ADMM when the number of blocks is more than
two. Considering the above results, it is enough that we use (6) as
a stopping criterion.

Output: The optimal solution F∗ , B∗ and L∗ .

It is interesting to compare the proposed SDLRD with the other
two models, i.e., RPCA [40] and DLRMR [41]. RPCA assumes that in
the saliency feature space, an image can be represented as a low
rank matrix corresponding to the background, plus a sparse matrix that relates to foreground objects. To well consider the correlation between object regions, DLRMR uses the nuclear norm to constraint the object matrix and enhances the fusion performance to
some extent. Actually, SDLRD is an enhanced version of RPCA and
DLRMR. SDLRD uses a uniﬁed low rank assumption to characterize the object and background regions, respectively. Furthermore,
it depicts the noises covered on the image by a sparse matrix.
Setting λ = 0 in (3), we have

min F∗ + γ L1 , s.t.
F,L

gular value thresholding operator [10], while step 52 is solved via
a soft-thresholding (shrinkage) operator.

rk 2 ≤ ε pri , sk 2 ≤ ε dual , t k 2 ≤ ε dual ,

(6)

where rk , sk , tk , ε pri and ε dual are deﬁned as follows

min F∗ + λB∗ , s.t.

s = μ (B − B
k

k−1

),

k−1

),

t = μ (L − L
k

k

ε pri =
ε dual =




dnε abs + ε rel max(XF , Fk F , Bk F , Lk F ),
dnε abs + ε rel μBk F + ε rel μLk F ,

X = F + B,

(10)

which is actually the double low rank matrix recovery model (DLRMR) presented in [41].
As a result, SDLRD generalizes (9) and (10) with different parameter settings, i.e., different assumptions for object and background regions. SDLRD can exhibit a better performance than RPCA
and DLRMR models. This can be further veriﬁed by the experimental results in Section 4.2.
4. Experiments

r k = X − F k − Bk − L k ,
k

(9)

Clearly, it is the same as the RPCA model for saliency fusion in
[40]. Let γ = 0 in (3), then (3) amounts to
F,B

3.3.1. Stopping criterion
Boyd et al. [8] give the optimality conditions and stopping criteria of the ADMM algorithm. Based on the results in [8], we use
the following termination criterion: the primal and dual residuals
must be small, i.e.,

X = F + L.

4.1. Experimental setup

(7)

(8)

where ε abs and ε rel are√absolute tolerance and relative tolerance,
respectively. The factor dn accounts for the fact that the 2 norm
is in Rd × n .

2
sgn(·) is the symbolic function, and the absolute value | · | act on each element
of the matrix X − Fk+1 − Bk+1 + μ1 Yk , and ◦ is the Hadamard product.

Datasets. Experiments are performed on ﬁve publicly-available
datasets, including ASD [2], SED1 [3], SED2 [3], SOD [58] and
PASCAL-1500 [66]. ASD is a subset of MSRA [45]. It is the most
commonly used dataset for saliency detection performance evaluation, and the images in this dataset are relatively simpler than
the other four datasets. SED1 and SED2 contain objects of largely
different sizes and locations. SOD contains many images with different natural scenes making it challenging for saliency detection.
PASCAL-1500 is with 1500 real-world images from PASCAL VOC
2012 segmentation challenging [22]. Many images in this dataset
contain multiple objects with various locations and scales, and
highly cluttered background.
Evaluation Metrics. We use standard precision-recall curve
and F-measure to evaluate the performance of saliency methods.
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Fig. 6. Precision recall curves of all the twelve methods on the ﬁve datasets. Clearly, our method achieves a better PR performance than the other individual methods.

Speciﬁcally, the precision-recall curve is obtained by binarizing the
saliency map using a number of thresholds ranging from 0 to 255,
following [2,16,53]. As described in [2], F-measure is computed as
β 2 )P×R
F − measure = (1+
(P =precision, R=recall), where precision
β 2 P+R
and recall rates are obtained by binarizing the saliency map using
an adaptive threshold that is twice the overall mean saliency value.
We set β 2 = 0.3 which is the same as in [2,16,53].
In addition, we measure the quality of the saliency maps using the precision rates at equal error rates (EER) where precision is equal to recall. As complementary to precision and recall
rates, we also report the VOC score to evaluate the performance
of our proposed method. The VOC Overlap score [54] is deﬁned as
G|
V OC = ||S∩
, where S is the object segmentation result obtained by
S∪G|
binarizing the saliency map using the same adaptive threshold as
in the computation of F-measure, and G is the ground-truth.
Parameters. We perform mean shift algorithm [17] to oversegment the original image, where the minimum segment area is
set to 200 pixels. Besides, there are two tradeoff parameters λ and
γ in our model (3). For fair comparison, we use images from MSRA
dataset that has no intersection with the ASD dataset to ﬁnd the
optimal parameters λ and γ , and set λ = 0.7 and γ = 0.06 empirically.

4.2. Experimental results
Quantitative Evaluation. Our fusion framework requires a set
of saliency detection results from existing saliency detection methods. For each image in the above mentioned ﬁve datasets, we produce the saliency maps using eleven saliency detection methods,
including: AMC [38], BL [57], BSCA [53], DS [42], MR [61], GS [62],
HS [60], LPS [39], SF [52], SLR [66]3 and SO [65]. In order to examine the saliency fusion performance of our proposed method,
we compare our fusion result with that of eleven used individual
saliency detection methods.
Fig. 6 shows the quantitative results of the presented method
against the eleven methods in the aspect of PR curves on the
ﬁve datasets. It can be seen from Fig. 6 that the proposed method
obtains the highest precision rate when the recall rate is ﬁxed.

3
SLR is the extension of LR [55], so here we no longer report the results produced by other low-rank matrix recovery based saliency detection methods.

This demonstrates that the fusion method consistently outperforms
each individual saliency detection method. Table 1 summarizes the
corresponding F-measures, precision rates at EER and VOC overlap scores of all the twelve methods. We can see from Table 1 that
our method achieves the highest F-measures, precision rates at EER
and VOC overlap scores over the ﬁve datasets. This demonstrates
that our approach can appropriately consider the performance gaps
among individual methods and performs better than them, including the state-of-the-arts.
Comparison with Saliency Fusion Methods. To further illustrate the effectiveness of the proposed method, we ﬁrst compare
our method with other saliency fusion models in literatures [7,48].
Borji et al. [7] uses a pre-deﬁned combination function and takes
each individual approach all equal in the fusion process. We denote
this method as LA for convenience. Mai et al. [48] adopt a conditional random ﬁeld framework to saliency aggregation (abbreviated
by SA). Fig. 7 shows the evaluation results of our method against LA
in the PR curves on the ﬁve datasets. The other metrics scores, i.e.,
F-measure, EER and VOC, for LA are also reported in Table 1. For
a fair comparison, like SA, we conduct our saliency fusion model
using ten saliency detection methods, i.e., IT [37], MZ [47], LC [63],
GBVS [30], SR [35], AC [1], FT [2], HC [16], RC [16], and CA [27] on
the ASD dataset. The comparison result is reported in Fig. 8. From
Figs. 7, 8 and Table 1, we observe that our method achieves superior saliency fusion performance with respect to previous saliency
fusion models for all of the ﬁve datasets.
Next, we proceed to compare the proposed SDLRD model with
other low-rank theory based saliency fusion methods, i.e., RPCA
[40] and DLRMR [41]. Table 2 shows the F-measure, precision rates
at EER and VOC overlap scores of all the three models on the ﬁve
datasets. From this table, we can see that SDLRD consistently outperforms RPCA and DLRMR models. This comparison results verify
that SDLRD is more robust to noise and can lead to better saliency
fusion result, indicating that adding sparse constraint and thus reducing the inﬂuence by noises is a reasonable strategy for saliency
fusion.
Subjective Evaluation. Some saliency maps generated by the
proposed model, the eleven state-of-the-art saliency models and
three saliency fusion methods are shown in Fig. 9 for a subjective
comparison. We can observe that most saliency detection methods
can handle well the images with relatively simple background and
homogenous objects, such as the examples shown in row 1 and
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Table 1
Quantitative performance of our proposed method, fusion method LA and all the eleven individual methods in F-measure, precision rates at EER and VOC overlap scores
on the ﬁve datasets. The best results are shown in bold.
Dataset

Metric

Ours

LA

AMC

BL

BSCA

DS

MR

GS

HS

LPS

SF

SLR

SO

ASD

F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC

0.9161
0.9261
0.8535
0.8415
0.8426
0.6579
0.7870
0.8271
0.6405
0.6278
0.7024
0.4319
0.6693
0.7297
0.5221

0.9016
0.9127
0.8448
0.8257
0.8308
0.6296
0.7730
0.8085
0.6240
0.6107
0.6777
0.4126
0.6426
0.7185
0.5018

0.8944
0.8922
0.8140
0.8218
0.8112
0.6325
0.7230
0.7273
0.5606
0.5906
0.6519
0.3941
0.6269
0.6833
0.4683

0.8703
0.8974
0.7987
0.7700
0.8278
0.6046
0.7095
0.7830
0.5739
0.5820
0.6628
0.3984
0.5983
0.6834
0.4589

0.8745
0.8934
0.8033
0.8056
0.8171
0.6275
0.6983
0.7586
0.5580
0.5855
0.6543
0.3992
0.6102
0.6760
0.4627

0.8568
0.8746
0.7547
0.7857
0.8008
0.5865
0.7123
0.7554
0.5573
0.5983
0.6505
0.4006
0.6078
0.6734
0.4466

0.8943
0.8918
0.8100
0.8267
0.8225
0.6408
0.7274
0.7585
0.5690
0.5722
0.6337
0.3753
0.6107
0.6631
0.4521

0.8260
0.8670
0.7528
0.7259
0.7763
0.5630
0.6830
0.7523
0.5582
0.5685
0.6234
0.3931
0.5819
0.6520
0.4430

0.8526
0.8774
0.7651
0.7157
0.8158
0.5523
0.6797
0.7580
0.5375
0.5140
0.6478
0.3267
0.5797
0.6684
0.4164

0.8871
0.8864
0.7941
0.7609
0.7959
0.5778
0.7173
0.7333
0.5420
0.5222
0.6161
0.3256
0.5870
0.6493
0.4186

0.8157
0.8290
0.6680
0.5737
0.6646
0.3674
0.7203
0.7663
0.5177
0.4258
0.5088
0.2288
0.4932
0.5490
0.3112

0.8443
0.8791
0.7785
0.7337
0.7901
0.5993
0.7274
0.7981
0.5690
0.5736
0.6440
0.4005
0.5976
0.6738
0.4567

0.8825
0.9029
0.8206
0.7854
0.8002
0.6145
0.7721
0.8062
0.6306
0.6006
0.6424
0.4091
0.6347
0.6911
0.4940

SED1

SED2

SOD

PASCAL-1500

Fig. 7. Precision recall curves of our method with the saliency fusion method proposed in [7] on ﬁve datasets.
Table 2
Comparison of F-measure, precision rates at EER and VOC overlap scores between SDLRD, DLRMR [41] and RPCA [40] on the
ﬁve datasets. The best results are shown in bold.
Dataset

Metric

RPCA

DLRMR

SDLRD

ASD

F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC
F-measure
EER
VOC

0.9046
0.9137
0.8478
0.8295
0.8331
0.6307
0.7806
0.8152
0.6238
0.6042
0.6726
0.3964
0.6431
0.7051
0.4893

0.9089
0.9205
0.8498
0.8394
0.8401
0.6470
0.7839
0.8209
0.6339
0.6193
0.6862
0.4272
0.6564
0.7243
0.5134

0.9161
0.9261
0.8535
0.8415
0.8426
0.6579
0.7870
0.8271
0.6405
0.6278
0.7024
0.4319
0.6693
0.7297
0.5221

SED1

SED2

SOD

Fig. 8. Comparison with the method proposed in [48] on the ASD dataset.

2 of Fig. 9, and generate high-quality saliency maps. It is natural
that our model can obtain good results for these simple images.
However, for some complicated images containing heterogeneous
objects (e.g., the person in the fourth row), having a cluttered background (e.g., row 3 in Fig. 9), and showing a low contrast between
objects and background (e.g., the bus in the ﬁfth row), most of ex-

PASCAL-1500

isting saliency methods cannot effectively highlight the salient objects for all these images. It can be seen that our model in general can suppress background regions and highlight the complete
salient object regions with well-deﬁned boundaries more effec-
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Fig. 9. Examples of saliency detection results. The last row shows a failure case where our method detects more salient regions or powerlessly segments the salient object
from the complex background.

covered by the red bounding box instead of the whole image in the
video surveillance systems can reduce the search space for further
processing, and there is no doubt that this preprocessing improves
system performance.
4.4. Discussions
We have evaluated the effectiveness of our method which can
consistently improve the performance of each individual saliency
method. However, there is a limit of improvement, since the proposed saliency fusion is based solely on the saliency maps produced by individual methods. When all the used saliency detection
methods fail to identify a salient region in an image, our model
will usually fail too. The image in the last row of Fig. 9 shows a failure case where the proposed method as well as all the individual
methods are unable to detect the salient object in some scenarios.
5. Conclusions and future work

Fig. 10. Face localization using our saliency fusion result. (a) Input image, (b)
saliency fusion result of our proposed method, and (c) face localization using our
saliency map.

tively than other methods. From Fig. 9, we can clearly see that our
approach consistently outperforms every individual saliency detection method. This conﬁrms that our model can effectively integrate
the results of these methods.

This paper presented a saliency fusion framework to combine
saliency maps such that the fusion result outperforms each individual one. Speciﬁcally, we cast the saliency fusion as a subspace
decomposition problem and proposed a novel sparse and double
low rank decomposition model. It provides a robust way to combine individual saliency detection methods into a more powerful
one. Experimental results prove that the presented approach performs better than the individual saliency detection methods and
outperforms other state-of-the-art saliency fusion approaches.
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