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Saliency Detection by Fully Learning a
Continuous Conditional Random Field

Keren Fu, Irene Yu-Hua Gu, Senior Member, IEEE, and Jie Yang

Abstract—Salient object detection is aimed at detecting and
segmenting objects that human eyes are most focused on when
viewing a scene. Recently, conditional random field (CRF) is
drawn renewed interest, and is exploited in this field. However,
when utilizing a CRF with unary and pairwise potentials having
essential parameters, most existing methods only employ manually
designed parameters, or learn parameters partly for the unary
potentials. Observing that the saliency estimation is a continuous
labeling issue, this paper proposes a novel data-driven scheme
based on a special CRF framework, the so-called continuous CRF
(C-CRF), where parameters for both unary and pairwise potentials
are jointly learned. The proposed C-CRF learning provides an
optimal way to integrate various unary saliency features with
pairwise cues to discover salient objects. To the best of our
knowledge, the proposed scheme is the first to completely learn
a C-CREF for saliency detection. In addition, we propose a novel
formulation of pairwise potentials that enables learning weights
for different spatial ranges on a superpixel graph. The proposed
C-CREF learning-based saliency model is tested on 6 benchmark
datasets and compared with 11 existing methods. Our results
and comparisons have provided further support to the proposed
method in terms of precision-recall and F-measure. Furthermore,
incorporating existing saliency models with pairwise cues through
the C-CRF are shown to provide marked boosting performance
over individual models.

Index Terms—Continuous conditional random field (C-CRF),
feature integration, learning, saliency map, salient object detection,
spatial ranges.

1. INTRODUCTION

ALIENCY detection is aimed at detecting conspicuous im-
S age parts that attract human attention. It simulates and mod-
els the selective mechanism of human eyes [1], [2]. There are
generally two subcategories of saliency detection: eye-fixation
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prediction [3]-[6] and salient object/region detection [7]-[10].
The former task aims to detect sparse eye-fixation points where
human attend in a scene, whereas the latter task is to detect
and emphasize entire salient objects from an image, yielding a
saliency map as output where the pixel-wise intensities indicate
the probability of being a salient object. The recent advance
in salient object detection is driven by emerging multimedia
applications such as automatic object detection and segmenta-
tion [11]-[13], content-based image editing [14]-[18], image
retrieval [19]-[21] and compression, image sequence and video
analysis [22], [23]. In this paper, we mainly address salient
object detection.

To emphasize salient objects uniformly, the conditional ran-
dom field (CRF) that can provide label consistency becomes
popular in this field. By utilizing CRF, high quality saliency
maps that maintain well-defined object boundaries and uni-
formly emphasized object interior are achieved. In existing
studies [24]-[27], CRFs are employed in explicit or implicit
ways. However, when utilizing a CRF whose energy function
consists of parameterized unary and pairwise energy potentials,
most previous methods use manually designed parameters [25]
or learn the parameters only for unary potentials [24], [27].
Hence for saliency detection, the full power of CRF on feature
integration is hardly exploited.

Motivated by the above issues, this paper proposes to fully
learn a CRF, namely to learn both unary and pairwise parame-
ters in order to exploit the power of CRF for feature integration
in saliency detection [1], [3]. More specifically, we investigate a
special CRF framework—continuous CRF (C-CRF) [28]-[30].
This is motivated by the idea that saliency detection is con-
ventionally treated as a continuous labeling problem. In this
paper a novel data-driven saliency detection scheme based on
C-CRF [28] is proposed, which differs from [24], [27] since
ours enables learning to integrate various pairwise features. This
allows the C-CRF model to capture more sophisticated inter-
actions between image parts, leading to enhanced delineation
between objects and background in the resulting saliency maps.
It is worth noting that the work of Mai et al. [26] is closely
related to ours. In [26], the unary and pairwise potentials of
CREF all include parameters. However, the main difference in
between is that [26] employs discrete CRF (as will be men-
tioned later), whereas we propose to use C-CRF which benefits
from different designs of energy function, hence very different
techniques for learning and inference. In addition, as shown in
Section V-C the proposed method improves the performance
significantly from [26]. A straightforward comparison of the
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TABLE I
COMPARISON OF REPRESENTATIVE CRF-BASED METHODS IN
THE SALIENT OBJECT/REGION DETECTION COMMUNITY

Related work ~ CREF type Learning unary terms Learning pairwise terms
Liu et al. [24]  Discrete (D-CRF) Yes No
Mai et al. [26]  Discrete (D-CRF) Yes Yes
Yang et al. [25] Continuous (C-CRF) No No
Lu et al. [27] Continuous (C-CRF) Yes No
Ours Continuous (C-CRF) Yes Yes

The abbreviation C-CRF and D-CRF stand for continuous CRF and discrete CRF,
respectively.

proposed method to state-of-the-art CRF related works are given
in Table I. To the best of our knowledge, the complete C-CRF
learning and inference theories have not yet been applied to
saliency estimation.

C-CRF was firstly proposed for ranking documents [28],
and later applied to recognition [29] and depth estimation
[30]. It is worth noting that CRF has already been applied to
figure-ground segmentation [31], semantic segmentation [31]-
[33], and also saliency detection [24], [26], [27] (Table I).
However, most of them are conventional CRFs with dis-
crete labels. We will later call this type of CRFs as D-CRF
(discrete CRF). In the context of saliency detection, C-CRF
may suit this problem better since saliency maps are known
to be continuous and real-valued [3], [8], [34], revealing
saliency detection can be regarded as a continuous labeling
problem.

The main contributions of this paper are four-fold:

1) This study is the first to apply the complete C-CRF learn-

ing and inferring theories to saliency detection, leading to
a data-driven way for saliency feature integration.

2) As shown in Table I, our work differs from existing
saliency models that have explicit/implict relation to CRF,
evolving from partially learning unary terms [24], [27] to
jointly learning both unary plus pairwise terms, and from
discrete field [26] to continuous field.

3) We propose a novel formulation of pairwise potentials for
C-CRF defined on a superpixel graph. Such a formula-
tion is conducted by graph topology decomposition and
enables learning pairwise parameters for different spatial
ranges of graph connections. This avoids the manual effort
of tuning spatial connections of a graph.

4) We show from tests and comparisons that integrat-
ing widely employed unary saliency features with pair-
wise cues in a C-CRF manner outperforms a range of
state-of-the-art methods. Furthermore, integrating sev-
eral best-performing state-of-the-art methods through
a C-CRF further pushes the performance to a new
high level.

The reminder of this paper is organized as follows. Section II
briefly reviews the fundamental theories of CRF and C-CRF.
Section III describes the related work. Section IV describes the
proposed method. Experimental results, performance evaluation
and comparisons are included in Section V. Finally, conclusion
is drawn in Section VI.
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Fig. 1. General graphic model of CRF for image labeling task. A white vertex
(v; ) represents a label (y;) and the gray vertex (x) represents the entire image.
The gray arrows indicate the unary dependencies (conditions) while the black
lines indicate the pairwise relations associating with a graph.

II. CONDITIONAL RANDOM FIELD (CRF) AND CONTINUOUS
CONDITIONAL RANDOM FIELD (C-CRF): A BRIEF REVIEW

A. Probabilistic Formulation

Conditional random field (CRF) is originally proposed by
Lafferty et al. [35] for labeling sequence data. For the image
labeling task, given an image x, the conditional probability
distribution of a label configuration y (in vector form) on the
CRF can be defined as

— exp{-E(y, )}

Z(x) M

p(ylx) =
where E(y, x) is the energy function and Z(x) is the partition
function.! The energy function can be expressed as unary terms
plus pairwise terms as

E(yax):ZUa(yivx)+ Z Pw(yiayj7x) (2)
: Unary term e Pairwise term

where y; is the ith element of the label vector y, Uy and P,
denote the unary and pairwise terms parameterized by vector
o and ¢ (vector o contains the parameters for unary poten-
tials, and vector ¢ contains the parameters for pairwise po-
tentials). A CRF is often coupled with the definition of an
undirected graph G(V, E) [35], where V is the set of graph
nodes and E is the set of graph edges. The label assigned to
each graph node v; € V is denoted as y;. In (2), the notation
“i ~ 77 means that v; and v; are graph neighbors. Theoreti-
cally, the unary term U, represents the dependency between a
label and the image x at a specific node, whereas the pairwise
term P, encourages neighboring graph nodes to take similar
labels (i.e., enforces labeling consistency). A general graphic
model of CRF for image labeling task is given in Fig. 1, where a
white vertex represents a label and the gray vertex represents the
entire image.

The partition functions for D-CRF and C-CRF are defined as Z(x) =
Zy exp{-E(y,x)} and Z(x) = fy exp{—E(y,x)}dy, respectively.
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B. D-CRF and C-CRF

In the conventional CREF, i.e., the D-CRF [31]-[33], [35], all
components of y range over a finite label alphabet (e.g., subject
toy € {0,1}" for a binary labeling problem, where n is the
dimension of y), whereas in the continuous CRF (C-CRF) [28],
y is relaxed to be continuous values (y € R"™). Due to such re-
laxing, the designs of energy functions for D-CRF and C-CRF
differ. For example, D-CRF usually employs Potts model [32],
[33] with indicator function for the pairwise terms, whereas in
C-CREF, quadratic cost function can be used to measure the label
compatibility. Besides, the techniques for learning and inference
of C-CRF [28] differ significantly from D-CRF. The exact learn-
ing/inference of D-CRF is usually intractable due to its discrete
property, which requires approximation techniques [36] such
as belief propagation, mean field, Monte Carlo approaches, to
name a few. In contrast, C-CRF offers direct learning together
with closed-form inference, which will be shown later in this
paper.

Assuming that the parameters of a CRF are given or esti-
mated by learning, theoretically the optimal labeling vector y
can be inferred by maximizing (1), or equivalently minimizing
the negative logarithm of (1) as

—logp(y|x) = E(y, x) +log Z(x). 3)

Since log Z(x) is a constant with respect to y, one can directly
minimize the energy function E(y, x). From this viewpoint, ex-
isting methods on saliency detection such as manifold ranking
[25], graph regularization [37], quadratic model [27] that min-
imize an energy function in the form of (2) can be viewed as
special cases of inferring C-CRFs.

III. RELATED WORK

A large number of literatures on salient object detection ex-
ist, see the comprehensive survey [38] and benchmarking [10].
Here we review some previous works that are highly relevant to
data-driven approaches or CRF-based approaches.

Data driven approaches: The concept of learning to detect in
saliency detection originates from [24], [39]. The idea behind is
to automatically discover feature integration rules from training
data instead of using manually designed rules. Judd et al. [39]
propose to learn a saliency model from eye-tracking data, where
low-, middle- and high-level image features are integrated by
a linear SVM. Their work is, however, focused on eye-fixation
prediction. Alex et al. [40] learn to score windows sampled from
a given image, where the Bayesian theory is adopted for cue in-
tegration. The posterior constitutes the final objectness score of
a window. Khuwuthyakorn et al. [41] learn to integrate pixel-
wise saliency features via a mixture of linear SVMs. Mehrani
et al. [42] use confidence scores from a boosting classifier to
formulate a saliency map. After that, the saliency map is fed to a
graph cut program for figure-ground segmentation. Jiang et al.
[43] propose to extract abundant discriminative features from
image regions. A random forest regressor is trained to map re-
gional features to final saliency scores. Online saliency learning
is proposed in [44], [45], where multiple kernel boosting is em-
ployed to identify salient parts against non-salient parts. Some

recent data-driven methods [46], [47] consider deep learning for
saliency detection. Due to the deep architecture of convolutional
neural networks (CNNs), impressive performance is obtained.
However, in CNNss there often lacks explicit modeling of neigh-
borhood relations. Therefore, post-processing like C-CRF may
be required.

CRF inference-based approaches: Several methods [25], [37]
are based on inferring C-CRF without learning, where fea-
tures and integration rules are manually specified. In [25], [37],
though the word “CRF” or “continuous CRF” is not explicitly
mentioned, there is a potential connection between these meth-
ods and C-CRF. To be more specific, the employed manifold
ranking [25] and graph regularization [37] are special cases of
inferring C-CRFs, as aforementioned in Section II-B.

CRF learning-based approaches: Some methods on saliency
detection are based on both learning and inferring D-CRFs
or C-CRFs. Learning is first conducted to obtain optimal pa-
rameters and inference is then applied on user-input images to
achieve final saliency maps. Representative works include: Liu
et al. [24] detect and segment salient objects by aggregating
pixel saliency cues in a D-CRF. Linear weights for those cues
are learned under the maximized likelihood (ML) criteria by
tree-reweighted belief propagation. Mai et al. [26] propose a
saliency aggregation approach, which aggregates saliency maps
output by existing saliency models using a D-CRF. Weights
for aggregation are learned from images retrieved from a pre-
defined dataset. Lu et al. [27] learn optimal combination of
seeds for graph-based diffusion by maximizing figure-ground
segregation, where the employed graph diffusion is tightly re-
lated to C-CRF. The method boils down to learning the linear
parameters of unary terms of the C-CRF. In summary, [24], [26]
concern D-CRFs for saliency detection, where only unary pa-
rameters are learned. [27] implicitly considers a C-CRF, where
again only the unary terms are learned. In contrast, our data-
driven scheme differs from all the above methods on learning a
complete C-CRF.

IV. THE PROPOSED METHOD

This section describes the proposed method for saliency de-
tection that is based on fully learning and inferring a continuous
CRF (C-CRF). The block diagram of the proposed method is
given in Fig. 2. An input image is first over-segmented into su-
perpixels and a superpixel graph is established to capture intrin-
sic image context. A C-CRF will later be defined in conjunction
with this graph. Next, we extract various unary saliency features
and pairwise cues, which will be used to compose the unary and
pairwise terms in the C-CRF energy function. By utilizing the
off-line learned C-CRF parameters for both unary and pairwise
potentials, the inference of the C-CRF corresponds to a final
saliency map that is continuously valued. Details of each part of
the method are further given in the following subsections.

A. Graph Construction From an Image

We first describe the graph construction, where the C-CRF is
defined upon. Rather than constructing CRF on the pixel level
[24], the proposed C-CRF is constructed on superpixels, where
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Fig. 2.

only a small number of graph nodes are needed. An input image
x is first over-segmented into n superpixels by using the SLIC
algorithm [48], which is very widely employed by previous
work [25], [27], [37], [49]-[51] as a pre-processing step. Then
superpixels are used as processing units. A graph G = (V, E)
is then constructed, where the node set V' consists of superpix-
els. In this paper, the terms of “superpixels” and “graph nodes”
are interchangeable, and v;, ¢ € {1 : n} indicates the ith super-
pixel/node. To build the connections of graph edges, we first
construct an initial adjacency graph GV = (V, E"), where ver-
tices V' correspond to superpixels. E° is the edge set (weighed
by value 1.0) formed between pairs of spatially adjacent su-
perpixels. Let D°(v;,v;) be the length of the shortest path on
GO between nodes v; and v;. Then, the edge set E is formed
between pairs of superpixels that are less than 7" nodes away on
G", namely

eij € B, if D(v;,v;) <T 4)

where T' (1" > 1) is a predefined integer that specifies the max-
imum spatial range. Further, as observed in many images that
boundary superpixels are likely the same semantic background
and also inspired by previous work [25], [S0]-[52], we establish
connection between arbitrary boundary superpixels as below

&)

where B is a set containing all boundary superpixels. Fig. 3
shows an example of the graph connections for the case of
T = 3. By this mean, boundary superpixels are able to serve as
“bridges” for labeling consistency in image background.

eij € B, ifv,v; €B

B. C-CRF Composition

The definitions of unary term U, and pairwise term P, in our
method are motivated by the work of Qin et al. [28]. The basic
idea is that although a unary term calculates the dependency
between a node label y; and the entire image x (Fig. 1), the case
can be simplified by considering the dependency between y;
and a corresponding feature vector f; that derives from x. In our
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C-CRF joint learning

Offline learned Training data
C-CRF parameters

(i)
.

' Saliency map  Ground truth

Continuous
Inference

Intervening
edge cue

Block diagram of the proposed salient object detection method.

(b)

Fig.3. Superpixels and graph construction. (a) An input image with superpixel
boundaries overlapped in blue. About 50 superpixels are generated just for better
illustration. (b) Superpixel boundaries in black are shown, where a superpixel
is specified. (c) C-CRF graph connections, where the connections (red lines)
from the specific node are shown. The maximum spatial range 7' = 3 is set
as example. Superpixels filled in red/green/blue mean that they are 1/2/3 nodes
away from the specific superpixel, respectively. Besides, blue lines around image
boundary means that two arbitrary boundary nodes are connected, as expressed
in (5).

case, f; is a feature vector that captures the saliency information
in x (see Section IV-C).

The unary term: Assuming a d-dimensional unary saliency
feature vector f; for node v;, the unary term is defined as a
weighted sum of quadratic cost

d
UalyinX) = > ax(yi — fir)’ (6)
k=1
where oy, f  are the kth components of o and f; respectively,
and «ay; indicates the weight of the kth component in the feature
vector. The overall cost becomes larger if the label y; deviates
from the correspondent feature components with high weights.
Further, in (6), x is omitted for simplicity, though the unary
feature vector f; is dependent on x.
The pairwise term: Likewise, the pairwise term is a weighted
sum of quadratic cost defined as

h
1
P iy %) = 5 > oS5 — )’ (7
k=1
where Sf] is the kth pairwise feature defined between nodes
v; and vj, ¢y, is the kth component of ¢, and A is the number
of pairwise features. In the proposed method, S,;fj is a positive
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affinity (similarity) function between v; and v;, and it is large if
v; and v; are similar, so that they can be assigned with similar
labels by C-CREF. Similar to (6), we have omitted x for simplicity
in (7), although S,@ depends on x as well.

The energy function: According to (2), the energy function
E(y, x) has the following form:

n d h
E(y,x)=) > arlyi—fir)+ > % > aShyi —y;)?

i—1 k=1 iguing < k=1
(®)

where o, > 0 and ¢, > 0 are needed to ensure the partition
function Z(x) analytically computable (will be clear later).

Let F denote the stacked feature matrix whose row is fiT ,and
let S* denote the matrix whose entry is S};. With some math-
ematic derivation, the matrix form of (8) can be equivalently
expressed as

E(y,x) = e’ ay' Iy — 2y Fa + Tr{Fdiag(a)F' }

h
+3 @y Lty ©)
k=1
where e is an all-one vector, I is an identity matrix, Tr{-} is the
trace, diag(cx) is the diagonal matrix with a in the diagonal, and
L* is the Laplacian matrix of S¥. The definition of Laplacian
matrix is L* := D* — S* where D is the degree matrix whose
ith diagonal entry is D}, = > SE.
The partition function: The partition function Z(x) in the
proposed scheme is integrable due to the continuous property
of C-CRE. Firstly we introduce the below notation A, b, ¢:

h
A=e"al+) ¢ LF b=Fa, c=Tr{Fdiag(a)F"}.

k=1
(10)

Then according to the Gaussian integration [53], we have
20 = [ exp(~E(y. x))dy
= exp(—c) /exp(*yTAy +2y" b)dy

—exp(=c) [ exp(-5y" (2A)y + (2b)"y)dy

n

T2

T A1
A exp(b”A~'b —¢) (11)
where n equals to the dimension of A, and |A] is the determi-
nant. The invertibility of A is guaranteed, as oy > 0, ¢ > 0,
and L* is positive semi-definite.

The negative log-likelihood: Substitute (11) and (9) into (3)
meanwhile notice the notations in (10), the negative log likeli-
hood in (3) can be re-written as

—log p(y|x)

1
—yTAy — 2y"b+bTA b + glogw - 5log|AL (2)

TABLE II
COLUMNS OF THE UNARY SALIENCY FEATURE MATRIX F

Column Categorization Description

F.i1..4 Connectivity-based Geodesic distance to each side of
image borders

F.; Connectivity-based Minimum geodesic distance to four
image borders

F.5 Connectivity-based Normalized soft region area
subtracted by 1

F. - Contrast-based Spatially weighted color contrast to
other superpixels

F.g Contrast-based Color contrast to all boundary
superpixels (backgroundness)

F. Distribution heuristic Normalized color spatial variances
subtracted by 1

F. 10 Distribution heuristic Image center bias map

F. 1 Clarity-based Normalized singular value feature

subtracted by 1

TABLE III
PAIRWISE FEATURES (IN MATRIX FORM) BETWEEN SUPERPIXELS
FrROM EDGE SETS Ep AND E |, (1.7}

Notation Categorization Description

St 82+l Color-based  Color similarity (S[(;) ) from Ep and
Eijpeqiiry

ST+2 gT+3~2T+2 Color-based Histogram intersection (ST(:' )y from E
and Ez |z e{1:T}

S2E3  §2T +4~3T5F Edge-based Intervening edge cue (S,(,;.z )) from E; and

Eijpeqi:Ty

C. Definition of Unary and Pairwise Features

This subsection describes the unary saliency features (f;) and
the pairwise features (Sfj) in the proposed C-CRF model. The
proposed formulation of pairwise potentials enables learning
importantce for different spatial ranges of graph connections.
All features used are summarized in Tables II and III. Details
are given below:

1) Unary Saliency Features: Unary saliency feature vector
f; € R? is initial description for the saliency level of v;. Each
component of f; is a type of pre-computed saliency feature,
where regions correspond to larger components are more salient.
Recall that F € R"*? is the feature matrix whose row is 1.
Thereby a certain column of F can be regarded as a type of
feature map, denoted as F. ;, k € {1:d} (Fig. 4). The unary
saliency features considered in this paper fall into four types:
connectivity-based, contrast-based, distribution heuristics, and
clarity-based features, as given in Table II.

Connectivity-based features: Connected regions tend to be
perceived as one entity by human eyes, and regions that easily
connect to the image boundary are likely to be the background
[49]. The boundary connectivity is hence defined based on the
geodesic distance [49]. Computing geodesic distance between
superpixels and four image borders separately leads to four
feature maps, denoted as F. ;..4. The minimum geodesic dis-
tance between superpixels and image boundary leads to a single
feature map F'. 5. Since salient objects usually occupy small re-
gions as comparing to large areas of background, we compute
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(i)

Feature maps of unary saliency features. From left to right: (a) Input images. (b)—(g) Features F. ;s (connectivity-based features). (h)—(i) Features

F. 7.s (contrast-based features). (j)—(k) Features F'. g1 (distribution-based features). (1) Feature F'. 11 (clarity-based feature). (m) Ground truth masks.

a type of feature which takes the region size into account. Let
dgeo (v;, ’Uj) be the geodesic distance between superpixel v; and
v;, the geodesic afﬁnity [50] between v; and v; can be defined

3o (Vi
207

we compute the spanning area associated with v; as 2]-:1 Aij.
This definition of the region area avoids an explicit hard seg-
mentation of image and is “soft”. Meanwhile it takes advantage
of superpixels. Finally, F'. s is formed by normalizing the span-
ning area value within the range [0, 1.0] and then subtracting the
result from 1.0. This fits the intuition that small object regions
tend to be salient (Fig. 4(g).

Contrast-based features: Global color contrast is an indicator
for saliency [8], [54]. F. 7 is computed similarly to [54] by
comparing the color contrast of a superpixel to other superpixels,
where spatially nearer superpixels are rendered larger weights.
Furthermore, we formulate F'. g by computing the contrast of a
superpixel v; to all the boundary superpixels as ZUJ_ g llci —
c;||2, where c; and c; are the average colors of superpixel v; and
vj, since boundary superpixels are likely to be the background
[43], [49].

Distribution heuristics: Salient objects tend to present com-
pact color distribution [54], [55]. Taking into consideration of
this, we compute a color distribution map [54], where spatial
variances of colors are normalized and subtracted by 1.0 to form
F. . Furthermore, to describe the center-bias in human atten-
tion [39], [56], F. 1 in our case is a parameter-free center-bias
map computed by

as A;; = exp(— ) (04 is set according to [50]). Then

_ ||p7 — Pc | |2
Vi /2)? + (1w /2)?
where [, [, are the height and width of the image, p;, p. are
the spatial coordinates of v; and image center, respectively.
Clarity-based feature: Photographers tend to put objects of
interest in focus meanwhile defocus irrelevant background when
making high quality photos. To characterize this, we consider
the Singular Value Feature (SVF) [57], [58] that models the
degree of blur. An input image is first split into [ x [ number
of grids, and the SVF [57] is then computed from each grid
and further assigned to the pixels in the grid. A superpixel-
based map is obtained by averaging SVF of pixels in every

fiﬁl() =

13)

superpixel. After normalizing all SVF values into [0, 1.0], they
are subtracted by 1 to achieve the final feature map F'. ;. This
describes focused objects as more salient. It is worth noting
that [ € {10,20,30} are used to consider different scales, and
feature maps are averaged to form F'. ;; [Fig. 4(D)].

Remarks: In total, unary saliency feature vector f; has 11
components (i.e., d = 11), with each dimension normalized into
[0, 1.0]. Fig. 4 shows examples of all feature maps visually.
Noting that some of the features mentioned above are employed
in existing work, however with different application context. We
reformulate and modify the above features to constitute a unary
feature matrix F for our C-CRF model. It is worthy noting our
model is generic and not limited to the above features. If needed,
more features can be easily integrated in such a way.

2) Pairwise Features: As summarized in Table III, we con-
sider color-based and edge-based pairwise features to capture
the interaction between superpixels.

Color-based features: For color-based pairwise features,

we consider the average-color similarity SZ(;) = e *ellei=cjll

and the histogram intersection SZ-(;-I') => .y min{h i, A1},
where c; and c; are the average colors of v; and v;, and h;, h;
are the normalized color histograms from v; and v;. We obtain
quantized color histograms similarly to Cheng’s work [59] by
first dividing the color space into 8 = 512 bins. Color bins
that are occupied by 99% of image pixels are kept, whereas
pixels with discarded colors are then replaced by their nearest
colors. This reduces the dimension of histograms and makes the
computation more efficient.

Edge-based features: The edge based feature is defined as
Sl-(;-i) = e remaxie il where 7] is a stralght line connectlng
centers of v; and v; on the image plane, 7’ is a pixel on ij,
and ||fi/]| is the edge magnitude at ¢’ that can be derived from
some edge detector. The rationale behind this feature is that
S](; ) becomes small when there exists strong intervening edges
between two superpixels, meaning v; and v; are less likely to
have similar labels. We adopt the structured random forest-based
edge detector proposed in [60] as it produces multi-scale edges
with fast speed. Itis worthy noting that in practice, although most
superpixels in an image have their centroids inside due to the
spatial compactness of SLIC superpixels [48], there may be few
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Decomposition of graph edge connections in Fig. 3. The graph topology is decomposed into a boundary set Ep and D° = 1,2, 3 sets Eq, Eo, E3,

which indicates that superpixels which are exactly one, two, and three nodes away are connected.

superpixels whose centroids are located out of them, resulting
in less accurate intervening edge cue. Hence for such a case,
a pixel location is sampled randomly inside each superpixel,
and is used instead of the centroid to compute the edge-based
features.

Graph connection decomposition: To enable learning dif-
ferent importance of different spatial ranges, the initial
graph topology of G is partitioned into (7' + 1) edge sets
Ep,Ey, Es, ..., Er, where Ep contains only boundary con-
nections, whereas E,|,c(1.7} contains connections between su-
perpixels that are exactly = nodes away. Such a graph decom-
position is designed for properly representing different spatial
ranges meanwhile avoiding an individual edge being counted
multiple times. An example of such topology decomposition is
shown in Fig. 5, where 1" = 3. For a specific type of connec-
tions E,,c(B,1,2,....1}, three aforementioned pairwise features
are calculated, leading to 3 x (T + 1) pairwise potentials (see
Table III). For example, when specifying the maximum range
T = 3 (Figs. 3 and 5), it typically results in 12 pairwise fea-
tures corresponding to 12 matrices (S'~1?). The proposed graph
decomposition enables C-CRF to automatically learn different
weights for different ranges of connections. ¢, — 0 is equiva-
lent to discarding a type of connections if their contribution is
very little during learning.

Remarks: Although some of the pairwise information above
is employed by existing saliency work to build graph weights,
they are usually used in an unsupervised fashion. In contrast, we
combine the above features in a supervised way through learning
a complete C-CRF. Besides, the advantage of our formulation of
pairwise potentials is that it avoids the manual effort of tuning
spatial connections. It has been observed in recent work [25],
[27], [61], [62] that the ranges of spatial connections impact
the final detection performance. Most of those models typically
adopt non-local graph connections which are manually deter-
mined. Choosing appropriate graph connections, however, is
a non-trivial task and the optimal connection ranges can de-
pend on the coarseness of superpixels in the image. By contrast,
our technique enables one to specify a relatively large maximum
range 7" and then automatically learn the corresponding weights
of connections within 7". By checking the weights, one can fur-
ther decide whether extension or pruning of spatial ranges is
needed.

D. C-CRF Learning and Inference

We formulate the C-CRF learning as follows: given N

training images x',x2,...,x" with their ground truth labels

y',y%,...,y", learn C-CRF parameters o and ¢. The reg-
ularized maximum conditional likelihood (RMCL) training is
adopted for C-CRF learning, which is equivalent to minimizing
(3) summed over all training images

N
. AR )\1 )MQ
min Y~ { = togatylx) + Sl + 2l }
=1

st.ap >0, o, >0

(14)

where A; and A, are regularization parameters (pre-tuned). The
optimal solution can be found by using gradient descent [28],
[29]. Due to the constraints o, > 0 and ¢, > 0, we apply gradi-
ent descent iteratively on log «v;, and log ¢, during the optimiza-
tion. Let the gradient of the energy loss in (14) w.r.t. log o, and
log @1 be Vigga, and Vi, , respectively. Here by dropping
the summation operation for notation simplicity, the derivation
of Vioga, and Vo, is written as

Viega, = Q% {Z(ya — fiR)®+

i

0log Z(x)

Do + Mak} 15)

|

where further according to (11) and use the notations in (10),
9108 2(x) ¢an be computed

0log Z(x)

A 16
Dor + Aoy, (16)

vloggak = Pk {yTka +

day
dlogZ(x) 1 9|A] 9b"A'b  Jc (17
Oy, 2|A| Oay, Oay, Oay,
J|A
I8~ jarmah (1)
T A-1
Ob ATb_ g1 A-ip b'"AT A 'b+bTATIF,  (19)
Oay, ok ’
dc
@ = ||Fk\|§ (20)
and %i(x) can be computed
alogZ(x) o 1 3|A| ObTA b @1
Oy 2|A| dvx Oy,
J|Al “iyk
= |A|Tr(A'L 22
S = |AImHATILY 22
TA-1
L N N (23)
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notations of features in (b) and (c) are consistent with those in Tables II and TII.

When « and ¢ are learned, the saliency inference of C-CRF
on a new test image is achieved by minimizing (9). Setting
OE(y,x)/0y = 0 leads to the closed-form solution

h -1
y = (eTaI—I— ngkL]‘) Fa

i 24

= A"'b.

In (24), the invertibility is guaranteed, since oy, > 0, ¢ > 0,
and L is positive semi-definite. Finally, we normalize y into
[0, 1.0] to render a final saliency map. After the normalization,
we ensure at least one superpixel has value 1 and at least 10%
superpixels have values 0.

A diffusion perspective of C-CRF: Interestingly, the above
closed-form solution of the C-CRF inference coincides with the
unified formulation of diffusion-based saliency methods raised
in [27], where (eTal 4+ S1_, ¢pLF)"! = A1 is the diffu-
sion matrix and F v is the integrated saliency “seed vector” that
leads to a raw saliency map. The optimal solution (inference) is
the product of the diffusion matrix and a saliency seed vector,
leading to the equilibrium state vector as the diffused saliency
detection results. However, comparing to [27], we have inves-
tigated a different framework—C-CREF, with a totally different
learning strategy.

V. EXPERIMENTS AND RESULTS
A. Setup

Six benchmark datasets were used for our tests, including:
ASD [7] (1000 images), MSRA-B [24] (5000 images), ECSSD
[56] (1000 images), SOD [63] (300 images), SED1 (one-object
image set having 100 images) [64], and SED2 (two-objects im-
age set having 100 images). Training images were chosen from
MSRA-B. Since the ASD dataset is a subset of MSRA-B, in or-
der to evaluate the performance on ASD, we first exclude images
that belong to ASD from MSRA-B, resulting in 4000 images
remained. Then we randomly select 3000 images for training
and leave the other 1000 images as the MSRA-B test set. The
trained C-CRF on this dataset is then applied to other datasets.
C-CRF parameters o and ¢ to be learned were initialized as all-

one vectors. The regularization parameters A; = 1 and Ay =5
were set. Since performing the gradient descent on 3000 train-
ing samples are tractable, we used the gradient descent instead
of stochastic gradient descent for learning, in order to achieve
more stable convergence. The learning rate was setas 1 x 1072,
and the convergence was achieved after 200 iterations.

During feature extraction, each image was segmented into
n ~ 200 superpixels. The maximum graph range 7" was ini-
tially set to 4 but then pruned to 3 according to the learning
outcomes (see Section V-B for details). Besides, all parameters
for individual unary and pairwise features were empirically set
(A. = 10 and A. = 10 were set for pairwise features).

B. Learning Outcomes

Fig. 6 shows the learning results of the C-CRF. From Fig. 6(a),
one can see that the overall energy decreases monotonously as
gradient descent proceeds and has reached a stable minimum.
Due to the continuous property of C-CRF, (1) computed on
some images might be larger than 1.0 and it would result in
a negative log-likelihood. This is why in a) the overall energy
turns negative as iteration proceeds. This phenomenon on C-
CREF is different from D-CRF since the solution space of the
latter is finite and countable. Hence for D-CREF, (1) will result
in a probability value instead of a probability density value.

Fig. 6(b) and 6(c) show the learned « and ¢, respectively. The
learning results in Fig. 6(b) indicate that the geodesic features
F. ;.5 are the most informative ones, which have gained large
weights. Among them F'. 5 is the most important one. Follow-
ing that, the contrast to image boundary (F'. g) and color spatial
distribution (F'. 9) gain larger weight than the global contrast
(F.7) and center-bias (F. 1¢). This observation is somewhat
consistent with [27] where the center bias feature does not ap-
pear in the top among the listed features. The last feature F. 1,
(clarity-based) has obtained the lowest weight. The cause of
this is that like most blur detectors, the SVF is based on local
gradient and has limitation in distinguishing between smooth
object surfaces and real blurred image regions [e.g., the 1st row
of Fig. 4(1)].

Fig. 6(c) shows the learned ¢ when setting maximum spa-
tial range T" = 4. One can see the learned weights of pairwise
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Fig. 7. Quantitative comparisons (precision-recall curves and Fj scores) of the proposed method (C-CRF) to the state-of-the-art methods on six benchmark

datasets. The best and the second best I3 are underlined by red and blue.

features decrease as the spatial range D° increases. This meets
the common sense since spatially close superpixels should
have strong interaction, but noting that such relationship in
our method is automatically learned rather than handcrafted.
Besides, highly degraded weights (close to zeros) for features
S*, S?, S' that correspond to D° = 3 and for features S°,
S!0 S'5 that correspond to D° = 4 reveal further extending
the maximum spatial range to 7' > 4 under the current exper-
imental setup is not essential. Considering when D" = 4, the
corresponding weights are very low. In practice we prune the
spatial range and use 7" = 3, as shown in Figs. 3 and 5. As
shown in Fig. 6(c), the intervening edge cues (S'! ~ S'%) are
the most informative ones among all pairwise features. They
generally gain larger weights than color similarity (S! ~ S%)
and histogram intersection (S® ~ S'%). This validates that in-
corporating the edge cues makes contribution. Finally, large

weights of boundary connections (S', S%, S'!) reveal connect-
ing boundary superpixels is useful.

C. Comparison to Existing Methods

We compare the proposed saliency detection to 11 ex-
isting methods including: LD (Learning to Detect) [24],
HS (Hierarchical Saliency) [56], SA (Saliency Aggregation)
[26], DRFI (Discriminative Regional Feature Integration)
[43], GMR (Graph-based Manifold Ranking) [25], wCtrO
(background weighted Contrast with Optimization) [50], ST
(Saliency Tree) [65], MB+ (Minimum Barrier Saliency) [66],
TLLT (Teaching-to-Learn and Learning-to-Teach saliency)
[51], BSCA (Background-based Single-layer Cellular Au-
tomata) [52], BL (Bootstrap Learning) [44]. Among them, LD
[24], SA [26], GMR [25] are CRF-related methods listed in
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Fig. 8.  Precision-recall curves of individual unary features on ASD (left) and
ECSSD (right).

Table 1. Unfortunately, the authors of SA only provide their
results on ASD dataset. Therefore, we can only evaluate SA
on ASD. Besides, the code of [27] is not publicly released, so
the results cannot be compared. For all the compared methods,
we use the public available implementations/results provided by
the authors. Precision-recall curve and Fj3-measure are used for
evaluating the overall performance [7], [25].

Fig. 7 shows the results of precision-recall curves and Fj
scores. The proposed method (C-CRF) is comparable to state-
of-the-art methods on both criteria, which has validated the
effectiveness of learning a C-CRF for saliency detection. No-
tably, our method outperforms C-CRF related methods LD, SA,
GMR together with other state-of-the-art methods with notice-
able margins. Regarding to the Fj3, our method consistently
achieves 1st on ASD, SED2, and the 2nd on ECSSD, MSRA-B
(test set) and SOD. Another data-driven method DRFI some-
times performs better than our method, which may be due
to different feature extraction and learning strategies. Visual
comparisons are shown in Fig. 11.

D. Integration of Features/State-of-the-Art Models

Since C-CRF is employed in this study as a principled feature
integrating framework, its performance on integrating various
unary and pairwise features should be evaluated. Fig. 8 shows
the precision-recall curves of unary features on ASD and EC-
SSD. One can see that the individual features vary widely on
performance, and among them F'. 5 (which computes the min-
imum geodesic distance to image borders) achieves the best
results. This coincides with the learning outcomes from MSRA-
B, where F. 5 gains the highest weight. Observing Fig. 8, the
weighted sum of features (the raw map computed by Fo)
outperforms all individual features, but the improvement is
relatively marginal. In contrast, the performance is boosted
drastically by a complete C-CRF.

To validate the effectiveness of learning for pairwise features,
we treat the C-CRF inference stage (24) as a diffusion process
and replace its diffusion matrix A ~! with the propagation matrix
used in GMR [25]. Note GMR is related to C-CRF but with-
out learning (Table I). Its propagation matrix merely consid-
ers the similarity of average colors between superpixels, which
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and ECSSD (right). In this test, the same “seed” vector F cc is used.

intuitively is less effective on representing more sophisticated
interaction between neighboring superpixels, such as fine-
grained color information and texture differences. Fig. 9 shows
the results of this experiment, which validate such an intuition. It
can be seen that by using the same “seed vector” (F o), the diffu-
sion technique employed by [25] is inferior to C-CRF exploited
in this paper.

Besides, we validate the power of integrating state-of-the-art
methods by C-CRF, where 5 models are considered: HS, DRFI,
GMR, wCtrO, and MB+. The resulting saliency maps from
these five models are used as the unary feature maps, which are
converted into superpixel-wise maps by averaging pixel-wise
saliency. The C-CRF is then re-trained. Fig. 10 shows the C-
CRF integration performance on ASD, MSRA (test set) and
ECSSD, where the performance boost over individual methods
can be observed on all three datasets. Some visual results from
this experiment are in Fig. 11.

E. Effectiveness of Graph Topology Decomposition

To show the advantages of learning weights adaptively for
different spatial ranges, we compare to the C-CRF variants
without graph topology decomposition but with manually spec-
ified graph ranges. Here 1-ring graph, 2-ring graph, and 3-ring
graph are considered. Noting an z-ring graph means a superpixel
(graph node) is connected to superpixels within its 2-ring neigh-
borhood [25], [27], [61]. Besides, in each graph, the boundary
superpixels are connected with each other as in this paper. For
each one of the three graphs, the three types of pairwise features

namely two color-based (Sf](f ) , Sfj}-l )} and one image edge-based

(SZ-(;)) as described in Section IV-C are calculated, resulting
in 3 matrices (S(¢), S(") S(¢)) for each graph. Except for the
graph ranges, all other C-CRF configurations including unary
features and parameters are kept consistent with Section V-A.
Then for each graph, C-CRF is re-trained and used for saliency
prediction. Fig. 12 shows the quantitative comparison between
the above three graphs and our graph topology decomposition.
It can be observed that the proposed strategy performs more
robustly than an z-ring graph which is manually specified.

F. Robustness to The Number of Superpixels

Experiments were done by varying superpixel number from
100 to 300, and meanwhile keeping other setup the same as
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Integrating five state-of-the-art methods including HS, DRFI, GMR, wCtrO, and MB+ by the proposed C-CRF based framework. The best F3 are
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Fig. 11.  Qualitative comparison of the proposed method with existing methods on some challenging images with textured background. C-CRF refers to results

by integrating different unary saliency features. C-CRF(I) refers to results obtained by integrating five prior models (HS, DRFI, GMR, wCtrO, and MB+), as
demonstrated in Section V-D.
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Fig. 12.  Quantitative comparisons of one-ring, two-ring, and three-ring graphs and our graph topology decomposition on four benchmark datasets.
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Fig. 13. Quantitative evaluation on MSRA test set (top left) and ECSSD
(top right) by using different superpixel numbers. In the bottom some visual
comparisons are shown: (a) 100 superpixel case, (b) 200 superpixel case, and
(c) 300 superpixel case.

those mentioned in Section V-A. Next, we re-trained the C-
CRF model on the training set and then tested it on MSRA-test
and ECSSD. Note there are two sides of effect when varying
superpixel number: 1) It somewhat affects the computed unary
and pairwise features. Fewer superpixels lead to coarser image
representation. Fortunately, we observed some robustness of
computing unary features F. ;.11 to such a change. 2) It also
affects the “scale” of the C-CRF objective function, because
the dimension of all vectors and matrices involved will change
accordingly.

Observing the learning outcomes, we find the overall distri-
bution (or tendency) of learned ¢ and ¢ is still similar to that in
Fig. 6. Fig. 13 shows the evaluation on MSRA-test and ECSSD
by using different numbers of superpixels, where robustness to
such change can be observed. Using 100 superpixels leads to
slightly worse performance as the superpixels become coarser
and hence the pre-segmentation is less accurate. Using 200 su-
perpixels and 300 superpixels almost leads to identical perfor-
mance. Some visual comparisons are shown in Fig. 13. In all, the
C-CRF learning and inference is somewhat robust to superpixel

about 4 h, the C-CRF prediction was very fast due to the closed-
form solution. It only took 2s in average to process an image
from ASD dataset. The superpixel segmentation and attribute
extraction (e.g., superpixel colors and histograms) took 0.4 s.
The unary feature extraction took 0.45 s, and the pairwise fea-
ture extraction took 1.1s including edge detection. The running
time was reported on an i7-4720HQ 2.6 GHz laptop with 8 GB
memory by Matlab code without optimization.

H. Discussion About the Limitation

Though our C-CRF learning-based method enables effective
feature integration and meanwhile boosts the performance from
individual saliency features (Fig. 8), the major limitation is its
final detection somewhat relies on the quality of input features.
If none of the unary saliency features provide reasonable ini-
tial saliency estimation, the C-CRF inference will still be bad.
Conversely, good features will improve the final detection. This
phenomenon can be observed by comparing the quantitative re-
sults in Figs. 7 and 10, where employing the state-of-the-art
results as unary features leads to better C-CRF inference. A
visual example can be found in the 10th row of Fig. 11. One po-
tential solution to this is to enrich features in the feature pool and
let the C-CREF discover useful, effective ones through learning.

VI. CONCLUSION

This paper applies the complete learning and inference theo-
ries of continuous conditional random field (C-CRF) to salient
object detection. The regularized maximum conditional like-
lihood training by gradient descent optimization is used for
parameter learning, and the inference is achieved by an effi-
cient closed-form solution. The power of the proposed method
on integrating various unary and pairwise features is tested and
evaluated comprehensively. In addition, we propose a novel
formulation of pairwise features by graph topology decomposi-
tion. The effectiveness on enabling learning weights of different
spatial ranges is validated with reasonable learning outcomes.
Experimental results and comparison with 11 existing meth-
ods show that the proposed method achieves state-of-the-art
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performance on precision-recall curves with comparable Fj-
measure scores. Since the proposed method enables principled
feature integration, in the future some high-level features such as
the category-dependent or semantic features may be incorpo-
rated into the proposed method as top-down influences.
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