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Abstract

Salient object detection is not a pure low-level, bottom-
up process. Higher-level knowledge is important even for
task-independent image saliency. We propose a unified
model to incorporate traditional low-level features with
higher-level guidance to detect salient objects. In our mod-
el, an image is represented as a low-rank matrix plus sparse
noises in a certain feature space, where the non-salient re-
gions (or background) can be explained by the low-rank
matrix, and the salient regions are indicated by the sparse
noises. To ensure the validity of this model, a linear trans-
form for the feature space is introduced and needs to be
learned. Given an image, its low-level saliency is then ex-
tracted by identifying those sparse noises when recovering
the low-rank matrix. Furthermore, higher-level knowledge
is fused to compose a prior map, and is treated as a prior
term in the objective function to improve the performance.
Extensive experiments show that our model can comfortably
achieves comparable performance to the existing methods
even without the help from high-level knowledge. The in-
tegration of top-down priors further improves the perfor-
mance and achieves the state-of-the-art. Moreover, the pro-
posed model can be considered as a prototype framework
not only for general salient object detection, but also for
potential task-dependent saliency applications.

1. Introduction

Image saliency is an important and fundamental research
problem in neuroscience and psychology to investigate the
mechanism of human visual systems in selecting regions of
interest from complex scenes. Recently it has also been an
active topic in computer vision, due to its applications to
object detection[11, 20] and image editing techniques [19,
8, 13, 4].

Visual saliency can be viewed from different perspec-
tives. Contrast-based and uniqueness-based methods are
two typical categories. Local contrast on multiple low-
level features can be used to detect low-level saliency [12],
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Figure 1. Illustration of our approach. By integrating the low-level
visual features from the image in (a) and high-level priors from
human perception in (b), we get the saliency map of the image as
in (c). The salient object is then segmented based on the saliency
map, which is shown in (d).

which has motivated various models and methods that
combine local, regional and global contrast-based features
[17, 23, 27, 18, 8, 4, 16]. In addition, uniqueness is anoth-
er point of view for saliency, because salient regions can
be regarded as those that cannot be well “explained” by its
surroundings [2], i.e., being unique. To measure the unique-
ness, different models such as self-information[3], graphic
models [9], log-spectrum [10] and sparsity models [26] are
studied. Uniqueness is in essence similar to high contrast,
as the regions different from their surroundings usually have
high responses on contrast-based features.

These methods may work well for low-level saliency (or
saliency regions), but they are neither sufficient nor neces-
sary, especially in the cases when the saliency is also re-
lated to the human perception or is task-dependent. While
the salient regions are mostly unique, the inverse might not
necessarily be true [14]. Not all unique regions are salient,
and a small region with high local contrast might be con-



sidered as meaningless noise by the human. Thus, to differ-
entiate real salient regions from other unique/high-contrast
parts, priors from higher-level knowledge need to be inte-
grated. Such priors can be based on the human perception,
e.g., objects in red color are more pronounced (perhaps be-
cause 56% of the cones in our eyes are red-sensitive). They
can also be objects with certain semantic meanings such as
faces, which is either based on our daily experiences or is
task-dependent. Ad hoc methods have been proposed to use
some of these priors [13, 8], but the integration acts rather
like post-processing at the saliency-map level, i.e., weighted
averaging on the saliency maps generated from higher level
cues and those from low level features. A more principled
integration is more desirable.

In this paper, we propose a unified model to integrate
bottom-up, lower-level features and top-down, higher-level
priors for salient object detection. We represent an image
as a low-rank matrix plus sparse noises in a learned feature
space, where the low-rank matrix explains the non-salient
regions (or background), and the sparse noises indicate the
salient regions. This is because the background usually lies
in a low-dimensional subspace, while the salient region-
s that are different from the rest (i.e., deviating from this
subspace) can be considered as noises or errors. Therefore,
salient regions can be identified by performing low rank ma-
trix recovery using the Robust PCA technique [25]. Higher
level knowledge is then converted to pixel-wise priors and
incorporated to this model to achieve better performance.
An illustration of our method is shown in Fig.1.

It should be noted that it is not the first time that im-
age saliency is explained as sparse noises over a low rank
matrix. In [26], an image is decomposed to 8 × 8 patch-
es, each of which is sparsely coded by over-complete bases.
These sparse code vectors are then collected to form a ma-
trix for low-rank matrix recovery. However, sparse encod-
ing may not be a good feature transformation, as the sparse
codes for the image patches have no relation to the sparsity
of the noise (i.e., saliency) in the entire image representa-
tion. It neither guarantees that the background matrix has
a low rank. Furthermore, when the images are divided in-
to small patches, a large salient object will contribute many
similar feature vectors. In this case, the noises expected to
indicate saliency will no longer be sparse. This violates the
underlying assumption of this model.

Different from this approach, we represent the image in
another way. We decompose an image into small regions
by image segmentation after multi-scale feature extraction.
The mean of the feature vectors in a segment is treated as
the feature of that segment. Stacking them forms the matrix
representation of the image. By this means, the number of
segments in a salient object is still small even when the ob-
ject size is large, as salient objects usually have spatial- and
appearance-wise coherence. Meanwhile, a linear feature

transformation is further trained from labeled data to ensure
that the matrix representing the background has a low rank
in our learned feature space. As a result, the assumption
of the model is valid in most cases, and our method yield-
s good saliency detection results even without higher-level
knowledge.

In addition, we propose to use this model to accommo-
date higher-level features and priors for unification. Differ-
ent higher-level information is fused into a prior map, which
is then incorporated to the objective function. By utilizing
higher-level priors, the salient regions are further highlight-
ed and the saliency detection performance is significantly
improved. Moreover, our model provides solutions to po-
tential task-dependent saliency extraction by incorporating
different task-dependent and volition-driven priors.

The contributions of our approach are three-fold:

1. It proposes a new representation for images. Through
segmentation and feature transformation learning, our
model is based on the theory of low rank matrix re-
covery. This new model provides a new perspective
for saliency detection, and achieves the state-of-the-art
performance;

2. Our new model naturally integrates higher-level top-
down information and lower-level bottom-up saliency
in a unified way, which has rarely been done before;

3. The proposed approach can be further used in task-
dependent saliency detection and subsequent applica-
tions as a prototype model.

2. Related Work

We briefly introduce the related work on image salien-
cy detection in this section. Since 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 features have
been proposed. In [12], center-surrounding operators are
performed on feature maps to obtain the local maxima of
activities. Gradient slope information and isophote sym-
metry can be used to detect saliency[23]. Regional con-
trast features such as center-surround histograms [17] and
center-surround divergence of feature statistics [16] have al-
so been introduced. Recent methods measure the contrast in
a global scope with different types of features such as color
or luminance differences [27, 18, 1, 4].

Other approaches focus on the mathematical models that
can be utilized to model saliency. Entropy is used to se-
lect the best scale for saliency [14]. Site entropy rate is
adopted [24], and the Shannon’s self information is used to
measure the local contrast [3]. In [9], an image is represent
as an attribute graph, where its nodes represent the spatial
locations and the weights on the edges are proportional to
the dissimilarity between two locations. An SVM is trained



from the eye movement data to classify salient regions [15].
Saliency can also be represented as the residual of the im-
age log-spectrum compared with an average log-spectrum
from a set of natural images [10]. Sparse coding and low
rank matrix recovery is employed in [26].

There are also some approaches attempting to integrate
different features or priors to detect saliency. However,
most of them simply combine the saliency responses from
these features through weighted averaging. The weights
are either pre-determined [8], or learned from examples by
SVM [13] or Conditional Random Fields [17]. Top-down
priors are used as the weights for saliency in object de-
tection [20]. Mutual information between the features and
the target is used to incorporate top-down information and
bottom-up saliency[28]. Gao at al. propose[7] to use top-
down discriminant principles for bottom-up saliency selec-
tion. Different from these approaches, we propose a unified
model to integrate low-level and high-level knowledge.

3. Low-level Saliency Detection

In this section, we introduce our method of low-level
saliency detection based on low rank matrix recovery.

3.1. Multi-scale visual feature extraction

Given an image, we extract different types of visual fea-
tures around each pixel, including:

Color. Three RGB color values as well as the hue and
the saturation components are extracted for each pixel, pro-
ducing 5 color features. Each feature is normalized by sub-
tracting its median value over the entire image;

Steerable pyramids[22]. Steerable pyramid filters with
four directions on three different scales are performed on
the image, yielding 12 filter responses at each location;

Gabor filters[6]. Gabor filter responses with 12 orien-
tations and 3 scales are extracted. The bandwidth of the
smallest filter is chosen to be 8, and the scaling factor is 2.

All those 53 features are then stacked vertically to form
a feature vector, which captures color, edge and texture that
are most common low-level visual features.

3.2. Saliency detection by low rank matrix recovery

After feature extraction, we perform image segmentation
based on the extracted features by mean-shift clustering[5].
We select spatial and feature bandwidths to over-segment
the image so that the background also contains multiple
segments even if it is visually homogenous. See Fig.2(b)
for an example. The image accordingly is decomposed in-
to segments {𝐵𝑖}𝑖=1,...,𝑁 , where 𝑁 is the number of seg-
ments. For each 𝐵𝑖, we use the feature vector of its cluster
center, i.e., the mean of the features in this segment, as it-
s feature representation 𝑓𝑖. By stacking 𝑓𝑖 into a matrix,
we get the feature matrix representation of the entire image
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Figure 2. Illustration on low-level saliency detection by our model.
(a) the original image, (b) over-segmentation result, (c) detected
saliency with learned feature transformation, which is better than
others, (d) detected saliency by SC[26], which only has high val-
ues on edges, (e) saliency by uniform sampling, which also cannot
detect the entire object, (f) saliency by over-segmentation without
feature learning, better than (d) and (e), but still has low saliency
values inside the object.

F = [𝑓1, 𝑓2, ..., 𝑓𝑁 ]. F ∈ ℝ
𝐷×𝑁 , where𝐷 is the dimension

of the feature vector (𝐷 = 53 here).
Similar as in [26], we consider the image as a combina-

tion of a background residing in a low dimensional space
with salient objects as sparse noises. Therefore, F can be
decomposed into two parts F = L + S, where L is the low-
rank matrix corresponding to the background while S is a s-
parse matrix representing the salient regions. The low-rank
matrix recovery problem can then be formulated as:

(L∗,S∗) = 𝑎𝑟𝑔min
L,S

(𝑟𝑎𝑛𝑘(L) + 𝜆 ∥ S ∥0)
𝑠.𝑡. F = L + S

(1)

Since the above problem is NP-hard and hard to approx-
imate, one can alternatively solve the convex surrogate:

(L∗,S∗) = 𝑎𝑟𝑔min
L,S

(∥ L ∥∗ +𝜆 ∥ S ∥1)
𝑠.𝑡. F = L + S

(2)

where ∥ L ∥∗ is the nuclear norm of L and ∥ ⋅ ∥1 indi-
cates 𝑙1-norm. Wright et al.[25] show that L and S can be
perfectly recovered by Eqn.2 in most cases by Robust PCA.

After we obtain S, the 𝑙1-norm of each column 𝑆𝑖 in S is
used to measure the saliency of corresponding segments. If
∥𝑆𝑖∥1 is larger, we assign a higher value to the image region
of the 𝑖-th segment 𝐵𝑖. A saliency map is then accordingly
generated and normalized to be a gray-scale image.

The rationale of using over-segmentation is that it is a
better way of image decomposition than uniform sampling
for our model. The uniformly sampled patches have larg-
er feature variations as they are solely determined by the
locations, while some sampled patches may contain both
the background and the salient object. Therefore the as-
sumption that the background matrix has a low rank may be
invalid. Moreover, when the salient object is large, many
patches will be sampled from this object. As a result, they



are not considered to be noises as they are no longer sparse.
Over-segmentation can alleviate these two problems as it
provides feature coherence within the segments and yields
fewer feature vectors from the salient object. For exam-
ple, Fig.2(e) shows the detected saliency on the image from
Fig.2(a) using uniform sampling. We can see that the salien-
cy mainly lies on the edges, and the regions inside the ob-
ject are not detected, as they are not treated as sparse noises.
Fig.2(f) gives a better result when using over-segmentation
with the same feature representation.

Meanwhile, as mentioned in Section 1, finding a good
feature space is also a key problem to ensure the validity
of the model. In our original feature space, some salient
regions without high texture feature responses may not be
considered salient, as in Fig.2(f). Fig.2(d) shows the detect-
ed saliency by the method in [26], in which it also uses the
model in Eqn.2 but chooses sparse coding as feature repre-
sentation. We can see that they also tends to produce high
saliency along the edges of the object, which indicates s-
parse coding may not be a good feature representation for
saliency detection. Actually, sparse coding only ensures
that the coded vector for each image patch is a sparse vector,
which is not equivalent to the sparsity of the saliency over
the entire image, or the low rank of the background matrix.

To address this problem, we instead learn a linear trans-
formation on the original feature space T from a set of
training images. After transformation, features can be rep-
resented as 𝑔𝑖 = T𝑓𝑖 where T ∈ ℝ

𝐷×𝐷. Accordingly,
G = [𝑔1, 𝑔2, ..., 𝑔𝑁 ] = TF, and the formulation in Eqn. 2 is
advanced to:

(L∗, S∗) = 𝑎𝑟𝑔min
L,S

(∥ L ∥∗ +𝜆 ∥ S ∥1)
𝑠.𝑡. TF = L + S

(3)

It is infeasible to specify T, but it can be learned as
shown in the next section.

3.3. Learn a good feature transformation

In a good feature space, most image background should
lie in a low dimensional sub-space so that they can be rep-
resented as a low rank matrix. To learn this feature s-
pace, images with labeled salient objects from the MSRA
dataset[17] are used, in which the salient objects have been
manually labeled and highlighted by rectangles.

Given an training image, we perform feature extraction
and image segmentation as well, and the image is accord-
ingly represented by F = [𝑓1, 𝑓2, ..., 𝑓𝑁 ] as in Section
3.2. Given the labeled rectangle, we use 𝑞𝑖 to indicate
whether or not 𝑓𝑖 belongs to the salient regions (𝑞𝑖 = 0
when the corresponding region is salient and 1 otherwise).
Such information can be represented in a diagonal matrix
Q = diag(𝑞1, 𝑞2, ...𝑞𝑁 ). By multiplying Q to our trans-
formed feature matrix TF, we get TFQ ∈ ℝ

𝐷×𝑁 . Appar-
ently the difference of TFQ from TF is that the feature vec-
tors in TFQ corresponding to the salient regions become
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Figure 3. The change of objective function values with different
step lengths in feature transformation learning. When 𝛼 varies
from 0.02 to 0.08, the algorithm converges within 100 iterations.

zero-vectors as they are multiplied by 𝑝𝑖 = 0. Therefore
TFQ only has the information of the background and should
have a low rank given a good transformation T. Therefore,
the problem of learning T can be formulated as:

T∗ = 𝑎𝑟𝑔min
T

O(T) ≜ 1

K

K∑

𝑘=1

∥ TF𝑘Q𝑘 ∥∗ −𝛾∥T∥∗

𝑠.𝑡. ∥T∥2 = 𝑐 (4)

where F𝑘 and Q𝑘 are the feature representation and salien-
cy indicator of the 𝑘-th training image respectively. K is
the number of training images. The regularization term
−𝛾∥T∥∗ is to avoid the trivial solution where the rank of T
becomes arbitrarily small so that the rank of TFQ is largely
dominated by T, and 𝛾 is a weighting parameter. The con-
straint ∥T∥2 = 𝑐 is to prevent T from becoming arbitrari-
ly large or small, where 𝑐 is a constant. We use gradient-
descent approach to obtain the local-optimal solution. The
partial derivative of O(T) with respect to T can be written
as

∂O(T)
∂T

=
1

K

∑

𝑘

∂ ∥ TF𝑘Q𝑘 ∥∗
∂T

− 𝛾
∂∥T∥∗
∂T

=
1

K

∑

𝑘

∂ ∥ TF𝑘Q𝑘 ∥∗
∂TF𝑘Q𝑘

(F𝑘Q𝑘)
𝑇 − 𝛾

∂∥T∥∗
∂T

(5)

The sub-differential of a matrix’s nuclear norm can be eas-
ily obtained by singular value decomposition (SVD). Let
𝑋 = 𝑈Σ𝑉 𝑇 be a singular value decomposition of 𝑋 , the
sub-differential of the nuclear norm at 𝑋 is given by [21]:

∂∥𝑋∥∗ = 𝑈𝑉 𝑇 +𝑊 (6)

where 𝑊 is a matrix such that 𝑈𝑇𝑊 = 0, 𝑊𝑉 = 0 and
∥𝑊∥ ≤ 1.

After obtaining the gradient, we perform gradient de-
scent T𝑡+1 = T𝑡 − 𝛼∂O(T)

∂T , where 𝛼 is the step. We then
normalize ∥T𝑡+1∥2 = 𝑐 at each iteration. The algorithm
stops when it converges to local optima. Although Eqn.4 is
not convex, we found that T = I (i.e., an identity matrix) is
a reasonable initialization value. Fig.3 shows the change of
the objective function values in Eqn.4 when we choose dif-
ferent steps 𝛼. We can see the algorithm converges within
100 iterations with 𝛼 in a certain range.



The learned T is then used for saliency detection in
Eqn.3 for all the images. In the learning process we ob-
serve that the image background regions are relatively more
coherent in the color spaces than in the gradient or texture
feature space. As a result, our learned model is more sen-
sitive to color differences in the saliency detection, which
is consistent with human perception. Fig.2(c) gives us the
saliency detection result using T, which is much better than
the result obtained in the original feature space (Fig.2(f)).

4. Higher-level Prior Integration

In this section, we mainly discuss how to incorporate
higher-level priors into our model for saliency detection.

4.1. Explored higher-level priors

The higher-levels are generally based on human percep-
tion. Currently the following higher-level priors are gener-
ated and integrated to our model:

Location prior. Objects near the image center are
more attractive to people[13]. Therefore we generate a
prior map using a Gaussian distribution based on the dis-
tances of the pixels to the image center, in which 𝑝𝑙(𝑥) =
exp(−𝑑(𝑥, 𝑐)/𝜎21).

Semantic prior. People pay more attention to certain se-
mantic objects such as faces even without specific purposes.
Therefore, similar as in [8, 13], we perform face detection
on the images. The regions near the detected faces are as-
signed higher priors 𝑝𝑓 (𝑥) = exp(−𝑑(𝑥, 𝑓𝑐)/𝜎22), where 𝑓𝑐
is the center of the face.

Color prior. From our daily experience, we find that
warm colors such as red and yellow are more pronounced.
To use such information, we obtain a 2-D histogram dis-
tribution H(𝑆) in nR-nG color space (𝑛𝑅 = 𝑅

𝑅+𝐺+𝐵 ,

𝑛𝐺 = 𝐺
𝑅+𝐺+𝐵 ) from the labeled salient objects in the M-

SRA dataset. Similarly a histogram indicating the color dis-
tribution of the background H(𝐵) is generated as well. For
each quantized color, we get the values from the two his-
tograms, denoting by ℎ𝑆 and ℎ𝐵 . We then set the color pri-
or for saliency to be 𝑝𝑐(𝑥) = exp((ℎ𝑆(𝑐𝑥)− ℎ𝐵(𝑐𝑥))/𝜎23),
where 𝑐𝑥 indicates the color at location 𝑥.

These prior maps are then multiplied together to produce
a final prior map. Fig.4 gives an example of those individual
prior maps and the fused high-level prior map.

4.2. Integration to the model

According to the prior map, we know the probability
of being salient for each segment based on the location
of the segment center, which is denoted by 𝑝𝑖. Such pri-
or probability can also be represented by a diagonal matrix
P = diag(𝑝1, 𝑝2, ..., 𝑝𝑁 ). P can be naturally incorporated
in our formulation:

(L∗, S∗) = 𝑎𝑟𝑔min
L,S

(∥ L ∥∗ +𝜆 ∥ S ∥1)
𝑠.𝑡. TFP = L + S

(7)

(a) (b) (c) (d) (e) 

Figure 4. Example of high-level prior maps. (a) original image,
(b) location prior map, (c) prior maps generated by face detection,
(d) color prior map, (e) final fused prior map.

(a) Input (b) Prior map (c) w/o prior(d) w/ prior

Figure 5. The integration of higher-level priors further improves
the performance.

By integrating the high-level priors to the formulation,
the effects to the saliency detection are two-fold:

1. In P, most of 𝑝𝑖 are relatively small. Therefore feature
vectors multiplied by a larger 𝑝𝑖 will be considered as
outliers in the low rank matrix L and more likely to be
included in the sparse noise matrix S.

2. The error terms in S is also magnified with a larger 𝑝𝑖.
Since our saliency map is generated according to the
errors in S as introduced in Section 3.2, regions with
larger 𝑝𝑖 tend to produce higher saliency.

Therefore regions with larger priors will be highlighted in
the final saliency map by solving Eqn.7. Fig.5(d) shows
some results after integrating the high-level prior, which are
better than the results without such information in Fig.5(c).

Moreover, by unifying low-level information in 𝐹 and
higher-level priors in 𝑃 , our model is robust to incorrec-
t top-down higher-level guidance to some extent. Consider
the case when some parts of a homogenous background in
an image are falsely assigned with large priors due to in-
correct guidance from higher-level (see Fig.5 for example,
some background regions are also marked with high pri-
ors), corresponding feature vectors from these areas are still
highly correlated to other background regions. As a result,
they are not considered to be noises and will not be labeled
as salient regions, as we can observe in Fig.5(d).

5. Experiments

We evaluate our method quantitatively on the 1000-
image public dataset[1], which is a subset of the MSRA



(a) Image (b) GT (c) SC (d) US (e) Seg (f) Learn (g) HP (h) Cut

Figure 6. Examples of extracted saliency by our method with different components. GT: ground truth, SC: sparse coding[26], US: uniform
sampling, Seg: over-segmentation, Learn: using learned transformation, HP: results after high-level prior integration, Cut: the object is cut
out based on the results from (g) using simple segmentation with adaptive threshold. The extracted object is very close to the ground truth.

dataset. Instead of using a rectangle to bound the salient ob-
ject, accurate human-marked labels are provided as ground
truth in this 1000-image dataset. These images are exclud-
ed when we learn the feature transformation T, and build
the color prior histogram. Our model is trained on other im-
ages from the MSRA dataset and tested on these 1000 test
images.

We follow Achanta et al.’s two methodologies[1] to eval-
uate the accuracy of the detected saliency. In the first evalu-
ation, the image is segmented according to the saliency val-
ues with a fixed threshold. Given a threshold T ∈ [0, 255],
the regions whose saliency values are higher than T are
marked as foreground. The segmented image is then com-
pared with the ground truth mask to obtain the precision and
recall. When T varies from 0 to 255, different precision-
recall pairs are obtained, and a precision-recall curve can be
drawn. The average precision-recall curve is generated by
combing the results from all the 1000 test images.

In the second evaluation, the test image is segmented
by an adaptive threshold method. The image is first over-
segmented by mean-shift. An average saliency is then cal-
culated for each segment, and an overall mean saliency
value over the entire image is obtained as well. If the
saliency in this segment is larger than twice of the over-
all mean saliency value, the segment is marked as fore-
ground. Precision and recall values are then calculated,
and F-measure is also obtained for evaluation where 𝐹 =
((𝛽2+1)𝑃 ∗𝑅)/(𝛽2𝑃 +𝑅) (𝑃=Precision, 𝑅=Recall). We
set 𝛽2 = 0.3 which is the same as in [1, 4].

Comparisons with different components. We first
compare the performance of our method with different com-
ponents. The approach in [26] (denoted by SC) using s-
parse coding for low rank matrix recovery is also included
for comparison. We implemented their algorithm using the
same optimization package as in their paper. The precision-
recall curves with fixed thresholds are shown in Fig.7, and
some examples are presented in Fig.6. We can see from
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After high−level prior integration
with learned feature transformation
Over−segmentation, without feature transformation
Uniform sampling
Sparse coding

Figure 7. Precision-recall curves of our method with different
components on the 1000-image dataset. The performance of s-
parse coding[26] is also included.

Fig.7 that when we use uniform sampling scheme in the o-
riginal space, the performance is very close to the results by
SC[26]. Over-segmentation noticeably improves the perfor-
mance, which indicates it is a better image decomposition
approach. By detecting the saliency in the learned feature
space after feature projection T, the performance is signif-
icantly improved. This shows the importance of finding a
good feature space for saliency detection based on low rank
matrix recovery. This performance is already better than
most of the existing saliency detection methods, whose re-
sults are shown in Fig.8. The accuracy is further improved
when incorporating the higher-level priors. From Fig.6, we
can observe that using uniform sampling and a sub-optimal
feature space tends to produce high response on the edges
and texture regions, while our learned model with higher-
level priors can cover the entire regions of the object.

Comparisons to the state-of-the-art. We also com-
pare our method with other state-of-the-art approaches, in-
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Figure 8. Precision-recall curves on the 1000-image dataset. Com-
pared with IT[12], MZ[18], IG[1], RC[4], GB[9], SR[10] and
CA[8], our method achieves the best performance.

cluding contrast-based approaches(IT[12], MZ[18], IG[1],
RC[4]), graph-based(GB[9]), spectrum-based(SR[10]), and
the one with high-level priors(CA[8]). Most of them were
proposed recently. We use authors’ implementation or re-
sults for evaluation. Among these baseline methods, the
global-contrast based method RC[4] achieves the best per-
formance in the 1000-image dataset. When varying the
threshold in segmentation from 0 to 255, the precision-
recall curves of these approaches on the 1000 test images
along with ours are presented in Fig.8, and the average
precision, recall and F-measure using adaptive threshold
in segmentation is shown in Fig.9. We can see that the
precision-recall curve of our approach is better than RC[4]
and achieves the state-of-the-art. When segmenting the
salient object using an adaptive threshold, we also achieves
the best precision, recall and F-measure. The improvemen-
t of recall over other methods is more significant, which
means our method are likely to detect more salient regions,
while keeping a high accuracy. Some examples of salient
object detection and segmentation are shown in Fig.10.

6. Conclusions

In this paper, we propose a novel and unified model
based on low rank matrix recovery to integrate the low-level
visual features and the higher-level priors for saliency de-
tection. In this model, an image is decomposed into a low
rank matrix representing the background, and a sparse noise
matrix indicating the salient regions. To ensure the model
to be valid for visual saliency, a linear transformation of the
feature space is introduced and learned. Higher-level pri-
ors can be naturally integrated into this model. Saliency is
then jointly determined by low-level and high-level cues in
a unified way. Our approach achieves the state-of-the-art on
the public salient object benchmark dataset. Furthermore, it
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Figure 9. Average precision, recall and F-measure on the 1000-
image dataset with adaptive-thresholding segmentation. Our
method achieves the best precision, recall and F-measure.

can be used as a prototype model in task-dependent salien-
cy applications by integrating different high-level guidance,
which merits further study.
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