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Abstract. In this paper, we propose a novel saliency method that
takes advantage of object-level proposals and region-based convolu-
tional neural network (R-CNN) features. We follow the learning-to-rank
methodology, and solve a ranking problem satisfying the constraint that
positive samples have higher scores than negative ones. As the dimension-
ality of the deep features is high and the amount of training data is low,
ranking in the primal space is suboptimal. A new kernelized subspace
ranking model is proposed by jointly learning a Rank-SVM classifier and
a subspace projection. The projection aims to measure the pairwise dis-
tances in a low-dimensional space. For an image, the ranking score of
each proposal is assigned by the learnt ranker. The final saliency map is
generated by a weighted fusion of the top-ranked candidates. Experimen-
tal results show that the proposed algorithm performs favorably against
the state-of-the-art methods on four benchmark datasets.
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1 Introduction

The task of saliency detection is to identify the most attractive and informa-
tive regions in images and videos. It has gained much popularity in recent
years, owing to its series of important applications in computer vision, such
as adaptive compression, context-aware image editing and image resizing. An
effective saliency model can save lots of unnecessary human labour in vision
tasks. Although much progress in saliency detection has been made in recent
years, it remains a challenging problem.

The early works [19,21] exploit the low-level image properties of pixels, such
as intensity, color, orientation, texture and motion, to compute saliency. Numer-
ous region-wise saliency methods [10,13,43] are proposed subsequently, which
investigate the mid-level structure properties of image regions and incorporate
the contextual information to measure the saliency for each region. The afore-
mentioned works, either in the pixel-wise or region-wise fashion, have to fully
consider the relationship between image elements from overall and local perspec-
tives to guarantee the semantic completeness of salient objects. In this work, we
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explore the category-independent object characteristics of region proposals, and
propose a principled framework to weight and combine these region candidates,
thereby highlighting the salient instances.

Object proposals technique has been widely applied to many vision fields. It
generally produces either bounding box proposals [2,8] which inevitably aggre-
gate visual information from objects and background clutter, or region propos-
als [4,11,32] that shape an informative and well-defined contour. This technique,
striving to find instances of all categories, usually produces thousands of object
candidates which significantly reduce the search space of salient object detection.
Furthermore, good proposals encapsulate the visual information of objects and
have informative boundary shape cues, which provide the necessary object-level
prior knowledge for saliency detection. However, a very large proportion of pro-
posals contain very few object regions, even may contain only the backgrounds.
Owing to the diversity of object categories and backgrounds as well as the varied
shape and size of proposals, it is extremely difficult to select the proposals most
similar to the ground truth. Therefore, the proposal-based salient object detec-
tion remains a very challenging task. Recent works [22,25,36] simply integrate
the bounding box proposals weighted by their objectness scores [2] as a feature
map to help saliency detection. Since the computed score in [2] is inaccurate, the
feature map only coarsely indicates the location of the objects in the image. In
this work, we aim to sort out some good region proposals that contain a part of
the objects even a complete object instance, and employ them to detect salient
objects. Figure 1 shows some examples of object proposal. Actually, background
proposals (i.e., contain much more background pixels than foreground ones) are
in majority in the proposal pool compared with foreground proposals.

Recent progress on metric learning models [20,44,47] reveals the effective-
ness of an optimal distance metric, which can significantly narrow the distances
between similar samples and simultaneously expand the gaps of dissimilar sam-
ples. Besides, the performance of ranking models highly depends on the pair-
wise similarity/dissimilarity constraints. Therefore, we combine the two learning
mechanisms together to propose a novel ranking model for proposal selection.
The core idea of the proposed model is to learn a category-independent ranker
upon distance metric learning of object proposals with a joint learning app-
roach, thereby obtaining the optimal orderings of object proposals and linearly
combining the top-ranked candidates weighted by their ranking scores. By using
the projection obtained in distance learning, data points (i.e. object proposals)
are mapped into a low-dimensional subspace, and further ranked on the data
manifold constructed by the learnt distances. Thus the positive and negative
pairs of data can be more easily separated. Different from superpixels that con-
tain the low-level and mid-level image information, object proposals carry more
higher-level and object-level cues. Therefore, the hand-crafted features used to
represent the superpixels are not suitable for the proposals. To overcome this
problem, we adopt the region-based convolutional neural network (R-CNN) fea-
tures, which depict both the low-level and high-level image cues and demonstrate
very powerful representation capability, as witnessed in recent works [12,33].
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(a) (b) (c) (d) (e)

Fig. 1. Several examples of object proposals. From left to right: (a) input, (b) fore-
ground proposals (blue color) and background proposals (red color). (c) ground truth.
(d) saliency map generated by ranking in the primal space. (e) saliency map generated
by ranking in the kernelized subspace. (Color figure online)

The contributions of this work are listed as follows:

– We jointly learn a ranker and a distance metric with a kernel approach to
formulate salient object detection as a subspace ranking issue.

– We propose a object-wise saliency model, which purely exploits object can-
didates represented with R-CNN features to achieve saliency detection. The
deep features can capture the high-level saliency cues of object candidates.

– It is demonstrated that the proposed algorithm performs favorably against
the state-of-the-art saliency detection methods on MSRA-5000, ECSSD,
PASCAL-S and SOD benchmark datasets.

2 Related Work

Numerous saliency models and algorithms have emerged recently, which can be
roughly classified into unsupervised, semi-supervised and supervised schemes.
We refer the readers to a comprehensive review on this topic in [3,50].

Unsupervised approaches usually heuristically characterize visual rarity or dis-
tinctness to define image saliency. The most common way to quantify rarity is to
calculate the difference between various visual elements. Itti et al. [21] integrate
the center-surround contrasts on multiple feature channels and scales to estimate
visual saliency. Achanta et al. [1] compute the different between Gaussian blurred
features and mean image features to define rarity. Some methods combine appear-
ance difference and spatial coherence to calculate the global contrast with differ-
ent image abstraction representations [9,10,48]. While Goferman et al. [13] and
Wang et al. [53] investigate image saliency from both local and global perspec-
tives. Wei et al. [55] compute the shortest distance of each patch to image boundary
as saliency measure. In addition, much effort has been made to design discrim-
inative features [37,43,53], domain models [16,19], distance metrics [31], speed
strategy [59].

Generally, semi-supervised approaches achieve saliency detection by label
propagation from the labeled elements to the unlabeled ones based on their
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pairwise affinities. Harel et al. [17] formulate saliency labeling as a random walk
problem, construct an ergodic Markov chain and use the equilibrium distribu-
tion to define image saliency. Wang et al. [54] and Gopalakrishnan et al. [15]
respectively introduce the entropy rate and the hitting time based on ergodic
Markov chains. Different from the aforementioned methods, Jiang et al. [23]
construct an absorbing Markov chain and use the absorbed time to measure the
saliency. While Yang et al. [58] cast saliency detection into a manifold rank-
ing problem, which is also a propagation-based method. Recently, Li et al. [34]
combine random walks and manifold ranking to propose the regularized random
walks ranking with a newly defined constraint to consider local image data and
prior estimation. Li and Yu [35] use quadratic energy models to refine the ini-
tial saliency results generated by deep convolutional neural networks. There are
some similar methods [5,14,26,41,49,57,63]. They use a semi-supervised learn-
ing mechanism to assign saliency labels based on various initial labeling.

Supervised learning is also applied in saliency detection. Jiang et al. [27] learn
the prior knowledge in a supervised manner. Some methods learn to combine
multiple saliency features using the conditional random field models [39,42] and
the regression model [61]. Lu et al. [40] use the large-margin formulation to
learn the optimal set of salient seeds for saliency propagation. While some other
methods train the support vector machines [28,29] and the regressor [24] to
distinguish salient regions from the backgrounds. Li et al. [36] learn a generic
distance metric to depict the global distribution of the whole training set. The
aforementioned methods require a large number of annotated images to train the
parameter models. Recently, Tong et al. [51] uses the pseudo labels rather than
human annotated ones to train saliency models. They integrates three priors to
determine the pseudo positive and pseudo negative samples. In this work, we
jointly learn a ranker and a feature projection in a supervised manner to select
region proposals on top of the R-CNN features. The proposed model makes full
use of the object-level information to improve salient object detection.

3 Kernelized Subspace Ranking

The proposed approach can be divided into three main stages: (i) segment an
image into object proposals and extract the deep features. (ii) Learn to rank in
the kernelized subspace by jointly optimizing the Rank-SVM and distance metric
objectives. (iii) Compute saliency map by a weighted fusion of the top-ranked
proposals. The overview of the proposed algorithm is shown in Fig. 2.

3.1 Object Proposal

We employ the geodesic object proposal algorithm [32] to generate region pro-
posals and take region proposals as basic processing units. Region proposals can
model the appearance of objects and shapes with a well-defined closed bound-
ary. For each proposal, we extract the CNN features using the pre-trained model
provided in [18]. Compared with the hand-crafted features, the CNN feature
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Fig. 2. The overview of the proposed algorithm

can capture richer structure information including low-level visual information
(extracted in the earlier layers) and higher-level semantic information (extracted
in the latter layers). Features in different layers serve as complementary ones,
because the low-level features helps to handle the relative simple scenes and the
higher-level features more easily detects the complex semantic objects.

3.2 Problem Formulation

Ranking in primal space. Most candidate objects generated by existing algo-
rithms cannot exactly detect the contours and shapes of salient objects. In order
to separate foreground proposals from background ones and obtain accurate
saliency result, we cast saliency detection as a ranking problem. We wish to sort
out the object proposals with high segmentation precision and recall to detect
salient objects via a weighted fusion of them.

We investigate a primal-based Rank-SVM (PRSVM) proposed by Chapelle
and Keerthi [6] as it makes the training for large amounts of imbalanced positive
and negative samples available. Assume there exists a set of candidate objects
X = [x1,x2, . . . ,xn] with relevance ranks xn � · · · � xi � xj � · · · � x1, where
� denotes the order and xk ∈ R

d is the feature vector of the k-th instance. In
a Rank-SVM problem, we wish that instances ranking ahead have higher scores
than the behind ones, which can be described in the following formula:

min
w,ε

1
2
||w||2 + λ

∑

(i,j)∈P
εij

s.t.wT (xi − xj) ≥ 1 − εij , εij ≥ 0,

(1)

where w corresponds to a weight vector which indicates the importance of each
feature. The parameter λ is a trade-off for the regularization and loss term
and εij is the slack variable. P represents the preference pairs that satisfies
P = {(i, j)|yi > yj}, and yi ∈ {−1,+1} is the label of the i-th training instance.
Note that, for computation efficiency, our preference pairs are only defined on
the between-class instances (i.e., positive and negative instances).
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The above function can be rewritten as an unconstrained optimization prob-
lem by exploiting the hinge loss function using the L2-loss:

min
w

1
2
||w||2 + λ

∑

(i,j)∈P
max(0, 1 − wT (xi − xj))2. (2)

To determine positive and negative instances, we mainly consider the confi-
dence measure, which is an overall performance measurement weighted by the
accuracy score A and coverage score C as mentioned in [52]. Ai and Ci can
be computed as Ai = |Oi

⋂
G|

|Oi| , Ci = |Oi

⋂
G|

|G| . Oi, G respectively represent the
i-th proposal and the corresponding ground truth with binary annotation. The
notation | · | denotes the number of matrix elements equal to 1.

The accuracy score Ai measures the percentage of the i-th proposal pixels
correctly assigned to the salient object, while the coverage score Ci is defined
as the ratio of the corresponding ground truth area overlapped with the i-th
proposal.

The confidence score is given by confi = (1+ξ)× Ai × Ci

ξAi+Ci
, where ξ is used to

balance the weight between accuracy score and coverage score. The instances
with confidence score higher than 0.9 are regarded as positive samples, and
instances with confidence score lower than 0.6 are treated as negative ones. In
this paper, we use all possible positive samples but only a fraction of the negative
ones.

Kernelized subspace ranking. Although R-CNN features have many good
properties as described above, they usually have much redundant information
in very high-dimensional space. This may reduce the reliability of the ranking
problem. To address this issue, we learn a feature projection matrix to project
high-dimensional features into a low-dimensional subspace with a kernel app-
roach.

Several methods are proposed in literature aiming at learning a linear projec-
tion matrix that maps data points into a low-dimensional subspace. Mignon and
Jurie [45] firstly propose pairwise constrained component analysis (PCCA) for
learning this transformation matrix with similarity and dissimilarity constraints.
Xiong et al. [56] further improve it by incorporating a regularization model.

In this work, we simultaneously consider the ranker and subspace learning
in a unified formula:

min
w,L

E =
1
2
||w||2 + λ

∑

(i,j)∈P
max(0, 1 − wT L(ψ(xi) − ψ(xj)))2

+
p∑

n=1

�δ(yn(||L(ψ(xin) − ψ(xjn))||2 − 1)) + μ||L||2F ,

(3)

where �δ(x) = 1
δ log(1+eδx) is the generalized logistic loss function as mentioned

in [60]. || · || represents the Euclidean distance and || · ||F is the Frobenius norm
of matrix. ψ(xi) is the feature of instance xi through kernel projection. p is the
number of constraints for the instance pairs xin and xjn , where (in, jn) indicates
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the indices of two instances for the n-th constraint. yn ∈ {−1,+1} indicates
whether the instances belong to the same class or not. L ∈ R

l × d(l < d) is
the learnt projection matrix and μ is the regularization parameter. The first
two terms are the Rank-SVM formula defined in the subspace, which encourage
that foreground proposals should have higher ranking scores than background
proposals. The third term acts as a loss function encouraging that the intra-class
instances have smaller distances than the inter-class instances, while the fourth
term is the regularization term for the projection matrix L.

To further handle the problem where some instances are linearly inseparable,
we apply a feature projection matrix P ∈ R

l × N to project primal features into
a kernel subspace, where N is the number of training instances. Specially, we let
L = PψT (X). Then Lψ(xi) = PψT (X)ψ(xi) = Pki, where ki = ψT (X)ψ(xi)
is the i-column of the kernel matrix K = ψT (X) × ψ(X). Equation 3 can be
rewritten as

min
w,P

E =
1
2
||w||2 + λ

∑

(i,j)∈P
max(0, 1 − wT P(ki − kj))2

+
p∑

n=1

lδ(yn(||P(kin − kjn)||2 − 1)) + μTr(PKPT ),

(4)

where Tr(·) denotes the trace of a matrix. As shown in Fig. 3, the object propos-
als are sorted using our ranker in descending order. The decimals in yellow font
denote the corresponding confidence scores computed by using ground truth.
The figure shows that the overall confidence scores of the top-ranked proposals
in kernelized subspace are higher than that of the top-ranked proposals in primal
space.

The recently proposed methods HARF [64], MCDL [62] and LEGS [52]
employ deep features directly or indirectly. Our method is significantly different
from these methods in the following aspects: (i) HARF casts saliency detection
as a regression problem and works in region-wise manner. This method segments
an image into multi-level regions, then compute regional deep features and hand-
crafted features and feed them to a regressor for saliency prediction. Our method
treats saliency detection as a subspace ranking problem and works in object-
wise manner. Object proposals carry rich higher-level and object-level struc-
tural information, which guarantees the semantic completeness of salient objects.
(ii) Both MCDL and LEGS treat saliency detection as a binary classification
problem. They train existing deep neural networks to predict the probabilities
of pixels (or superpixels) as their saliency values, respectively. We extract deep
features and propose a joint subspace ranking framework, and obtain saliency
map by weighted combination of the top-ranked proposals.

3.3 Joint Ranker and Subspace Learning

In this section, we aim to learn the Rank-SVM model coefficient w and projection
matrix P jointly by optimizing Eq. 4. The proposed optimization problem can
be efficiently solved using the alternating optimization method.
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Fig. 3. Ranking results in different feature spaces. Top: results ranked in the primal
space. Bottom: results ranked in the kernelized subspace. The decimals in yellow font
denote the corresponding confidence scores. (Color figure online)

Update the ranking coefficient w. Given the estimated projection matrix
P, Eq. 4 becomes a Rank-SVM problem, and we use the Truncated Newton
optimization similar to [6] to solve it efficiently. The gradient of the objective
(4) with respect to w is,

g : = w + 2λ
∑

(i,j)∈SV
(wT P(ki − kj) − 1) · P(ki − kj), (5)

and the Hessian matrix is,

H : = I + 2λ
∑

(i,j)∈SV
(P(ki − kj))(P(ki − kj))T , (6)

where SV is the set of “support vector pairs” with SV = {(i, j)|(i, j) ∈
P,wT P(ki − kj) < 1}. I is the identify matrix. The ranking coefficient w is
iteratively computed by

wt+1 = wt − η · H−1g, (7)

where η is found by line search.

Update the projection matrix P . Given the ranking coefficient w, Eq. 4
becomes a metric learning problem with kernel trick. We handle the problem
directly using gradient descent algorithm. The derivative of the Eq. 4 with respect
to P is

∂E

∂P
= 2P

p∑

n=1

ynσδ(yn(||P(kin − kjn)||2 − 1))KTnK + 2μPK

+ 2λ
∑

(i,j)∈SV
(wT P(ki − kj) − 1)w(ki − kj)T ,

(8)

where Tn = (ein −ejn)(ein −ejn)T . σδ(x) denotes the value of (1+e−δx)−1 and
ek is the k-th vector of the cannonical basis, with 1 located in the k-th element
and 0 in others.

By multiplying the first two terms of the above computed gradient matrix
with preconditioner K−1, the kernel projection matrix P is computed by
iteratively solving the following problem
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Pt+1 = Pt − 2α

⎛

⎝P
p∑

n=1

At
nKTn + μP + λ

∑

(i,j)∈SV
Qt

ij

⎞

⎠ , (9)

where Qt
ij = (wT P(ki−kj)−1)w(ki−kj)T ,At

n = ynσδ(yn(||P(kin−kjn)||2−1))
at the t-th iteration. And α represents the learning rate.

The proposed joint learning algorithm is summarized in Algorithm 1.

Algorithm1: Kernelized Subspace Ranking

Input: K (kernel matrix); λ (trade-off parameter); yn (label of instance pairs);
P (preference pairs); μ (regularization parameter); (in, jn) (indices of instance
pairs for the n-th constraint, n = 1, · · · , p)
Output: ranking coefficient w and projection matrix P.
1: repeat
2: • Update the ranking weight w with fixed P,
3: repeat
4: Evaluate the ranking gradient g by Equation 5;
5: Compute the ranking Hessian matrix H by Equation 6;
6: Update the ranking weight w by Equation 7;
7: wt+1 = wt − η ·H−1g (η found by line search);
8: until Convergence
8: • Update the projection matrix P with fixed w,
9: repeat
10: Solve the derivative ∂E

∂P
by Equation 8;

11: Update the projection matrix P by Equation 9;

12: Pt+1 = Pt − 2α(P
p∑

n=1

At
nKTn + μP+ λ

∑
(i,j)∈SV Qt

ij);

13: until Convergence
14: until iteration stopping criterion is reached

3.4 Saliency Map

Given the Rank-SVM coefficient w and projection matrix P, we compute the
ranking score of the i-th proposal as si = wT Pki. We consider the top-ranked
object candidates to contain salient objects with high precision and recall. As
the proposals may cover each other, in order to highlight salient regions, we
combine the top-ranked proposals weighted by their ranking scores to compute
the saliency score for each pixel:

S(x) =
K∑

i=1

exp(2 × si) × mi(x), (10)

where mi(x) is 1 if pixel x is included in the i-th proposal, and 0 otherwise. After
the saliency scores of all pixels are computed, the final saliency map is obtained
by a min-max normalization.
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4 Experiments

We extensively evaluate the proposed algorithm on four representative bench-
mark datasets, and compare it with thirteen state-of-the-art saliency methods,
including the BL [51], AMC [23], DRFI [24], DSR [37], GC [7], HDCT [30],
HS [57], LEGS [52], MR [58], PCA [43], RR [34], UFO [25] and wCtr [63]. We
get the saliency results of these competitors either by running the source codes
or directly using the saliency maps provided by the authors. Subsequently, we
detail the datasets, parameter settings, quantitative and qualitative comparison.

Datasets: We use the MSRA-5000, ECSSD, PASCAL-S and SOD datasets. The
MSRA-5000 dataset contains 5, 000 images with a large variety of image con-
tents, which is constructed by Liu et al. [39]. They exclude very large salient
objects and label the ground truth with a bounding box. Afterwards, Jiang
et al. [24] provide more accurate pixel-wise annotations for saliency evaluation.
The ECSSD dataset [57] contains 1, 000 images with structurally complex fore-
grounds and cluttered backgrounds. The PASCAL-S dataset [38] contains 850
natural images surrounded by cluttered backgrounds, which ascends from the
validation set of the PASCAL VOC 2012 segmentation challenge. This dataset
is one of the most challenging saliency datasets without various design biases
(e.g., center bias and color contrast bias). The SOD dataset [46] contains 300
images from the challenging Berkeley segmentation dataset. Some of the images
include multiple salient objects with various sizes.

Parameter Settings: The confidence score parameter ξ is 0.3 in the implemen-
tation to emphasize the impact of the accuracy score on the final confidence. The
trade-off parameters λ and μ in Eq. 3 are set to be 10−4 and 0.01, respectively.
The learning rate α in Eq. 9 is fixed to be 0.01, similar to [56]. In addition, we use
the Gaussian RBF kernel k(x,x′) = exp(−‖x−x′‖/σ2). The kernel parameter σ
is equal to the first quantile of all distances [56]. We fuse the top-16 candidates
to compute the final saliency map.

The proposal algorithm [32] roughly produces 1, 000 candidate segments for
each image. There are many too small or too large candidates which make little
contribution to saliency detection. Therefore, we compute the percentage of the
area of the proposals with respect to the whole image and remove the oversized
proposals (>70%) and undersized ones (<2%). Besides, we remove the proposals
which touch four boundaries of an image. We randomly sample 2, 000 images
from the MSRA-5000 dataset to train our model and treat the rest images as
the testing dataset. Rather than training a model for each dataset, we use the
model trained from the MSRA-5000 dataset and test it over others. Because we
actually learn a category-independent ranker to rank the proposals according to
their objectness without using any knowledge about object categories.

Quantitative Comparison: We use the precision-recall curve, F-measure and
Area Under Curve (AUC) to quantitatively evaluate the experimental results.
The precision value corresponds to the ratio of salient pixels correctly assigned
to all pixels of the extracted regions, while the recall value is defined as the



460 T. Wang et al.

Fig. 4. Performance comparison on the PASCAL-S dataset by the proposed algorithm
with different design options.

percentage of detected salient pixels with respect to the ground-truth data. Given
a saliency map with intensity values normalized to the range of 0 and 255, a
number of binary maps are produced by using every possible fixed threshold in
[0; 255]. We compute the precision/recall pairs of all the binary maps to plot
the precision-recall curve. Meanwhile, we obtain true positive and false positive
rates to plot the ROC curve and AUC score. Similar to existing methods, we
also compute the precision, recall and F-measure with an adaptive threshold,
defined as twice the mean saliency of an input image [1]. The F-measure is the
overall performance indicator computed by the weighted harmonic of precision
and recall as follows: Fγ = (1+γ2)×Precision×Recall

γ2Precision+Recall , where γ2 is set to be 0.3 to
weigh more on precision as suggested in [1]. Figure 6 shows the precision-recall
curves and F-measure of different methods on all four datasets. Because the
DRFI [24] and LEGS [52] methods also randomly select the images from the
MSRA-5000 dataset to train their models, where the former learns a random
forest regressor and the latter trains a convolutional neural network, and both of
them only provide the pre-training models, we don’t give the experimental results
of the two methods on the MSRA-5000 dataset for a fair comparison. As shown
in Fig. 6, we can see that the precision-recall curve of the proposed algorithm
significantly performs better than other methods on the SOD dataset and slightly
better than the second best method (LEGS [52]) on the ECSSD and PASCAL-
S datasets. In terms of F-measure score, the proposed algorithm outperforms
other methods on the SOD and MSRA-5000 datasets, and is the second best
on the PASCAL-S and ECSSD datasets, slightly worse than the LEGS [52], as
shown in Table 1. Table 2 shows the AUC values of all evaluated methods. The
proposed algorithm consistently performs better than these competitors on the
SOD, MSRA-5000 and PASCAL-S datasets and slightly poorly compared to the
DRFI [24] on the ECSSD dataset.

In addition, we evaluate the performance of subspace ranking with different
kernels and primal space ranking (i.e., without feature projection matrix P) on
the PASCAL-S dataset. We utilize the performance of directly averaging the
top 5 proposals ranked in the kernelized subspace. The results are shown in
Fig. 4, we can see that the performance is significantly improved by using the
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Table 1. Quantitative comparisons in terms of F-measure score. The best and second
best results are shown in red color and blue color respectively.

Datasets AMC BL DSR GC HDCT HS MR

MSRA 0.7575 0.7328 0.7440 0.6575 0.7364 0.7115 0.7510

SOD 0.5888 0.5723 0.5968 0.4642 0.6108 0.5210 0.5697

PASCAL 0.5987 0.5668 0.5513 0.4861 0.5824 0.5278 0.5881

ECSSD 0.7002 0.6825 0.6636 0.5726 0.6897 0.6363 0.6932

PCA RR UFO wCtr DRFI LEGS Ours

MSRA 0.6723 0.7575 0.7265 0.7437 - - 0.7763

SOD 0.5370 0.5665 0.5480 0.5978 0.6031 0.6492 0.6622

PASCAL 0.5298 0.5873 0.5502 0.5972 0.6159 0.6951 0.6760

ECSSD 0.5796 0.6577 0.6442 0.6774 0.7337 0.7852 0.7705

Table 2. Quantitative comparison in terms of AUC score. The best and second best
results are shown in red color and blue color respectively

Datasets AMC BL DSR GC HDCT HS MR

MSRA 0.9292 0.9360 0.9247 0.8398 0.9318 0.9043 0.9044

SOD 0.8391 0.8503 0.8210 0.7046 0.8504 0.8145 0.7899

PASCAL 0.8616 0.8633 0.8079 0.7321 0.8582 0.8330 0.8205

ECSSD 0.9067 0.9147 0.8604 0.7848 0.9039 0.8821 0.8820

PCA RR UFO wCtr DRFI LEGS Ours

MSRA 0.9248 0.9089 0.8950 0.9169 - - 0.9376

SOD 0.8212 0.7888 0.7840 0.8014 0.8464 0.8117 0.8510

PASCAL 0.8371 0.8251 0.8088 0.8433 0.8913 0.8857 0.8970

ECSSD 0.8737 0.8283 0.8587 0.8779 0.9391 0.9239 0.9257

Input GT DRFI BL HDCT RR MR wCtr LEGS Ours

Fig. 5. Visual comparison with seven state-of-the-art methods.
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Fig. 6. Quantitative comparison of different methods on all four datasets.
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Gaussian-RBF kernel projection, compared to the linear kernel projection and
primal space ranking. Moreover, the weighted fusion by the ranking scores per-
forms better than non-weighted fusion.

Qualitative Comparison: Figure 5 shows a few saliency maps generated by
the evaluated methods. We note that the proposed algorithm uniformly high-
lights the salient regions with well-defined contours. Owing to the contribution
of the subspace ranking and kernel projection, the proposed method can detect
salient objects accurately when the backgrounds are cluttered or the objects
and backgrounds have similar appearance. More results can be found in the
supplementary material1.

5 Conclusions

In this paper, we explore a novel and effective ranking based approach for saliency
detection by jointly learning a SVM ranker and a distance metric in a unified
framework. The learnt metric uses kernel projection matrix to map the high-
dimensional R-CNN features into a low-dimensional subspace, thereby removing
the redundancy of feature channels and prompting sample pairs more separable.
Different from existing methods that concentrate on the pixel or superpixel level
to detect salient objects, we present a proposal-based saliency approach, which
exploits the object-level saliency cues of proposals to increase the completeness
of detected results and avoid fitting to locally salient parts. Specifically, we rank
the object candidates and compute the saliency map by a weighted fusion of the
top-ranked candidates according to their ranking scores. We conduct extensive
experiments on four benchmark datasets and demonstrate favorable performance
against thirteen state-of-the-art methods.
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