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Abstract

In recent years, visual saliency detection has become a popular research topic. It can provide useful prior knowledge for high-
level vision tasks, such as object detection and image classification. In this paper, a graph-based superpixel-wise similarity called
“homology similarity” is proposed, which describes how likely two superpixels belong to the same object or background region. A
saliency detection model is then developed based on the combination of homology distribution and improved color contrast. The
homology distribution represents spatial compactness, while the color contrast characterizes color conspicuity. By combining these
two saliency cues, the proposed model obtains more uniformly highlighted object-level saliency maps with fewer false positive
noises. In the experiments, we evaluate our model and 14 competing models (including traditional and state-of-the-art models) on
the most popular dataset MSRA-1000 and 4 other publicly available datasets. Experimental results show that, compared with these
competing models, our model yields promising results.
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1. Introduction

Visual saliency is a perceptual mechanism that makes object-
s (or certain regions of interest) stand out from the background
scenes so that the biological vision perception system can rapid-
ly capture it [1]. The visual saliency mechanism enables human
fixations quickly shift to the target objects they put attention to
with less time cost. Motivated by this, visual saliency detec-
tion in computer vision aims to identify the regions of interest
from an image or an image sequence, thus removing irrelevan-
t information for the subsequent complicated tasks. Recently,
visual saliency detection has become a popular research topic
due to its extensive applications in high-level vision tasks, such
as object discovery [2], object detection [3] and [4], automatic
image retargeting [5], [6] and [7], image segmentation [8], ob-
ject recognition [9] and [10], and image classification [11] and
[12].

Visual saliency has been investigated by multiple disciplines,
including computer science, biology, and cognitive psychology.
Physiological and psychological evidence indicates that the hu-
man vision system prefers to select some certain parts (stimuli)
from a scene to obtain more detailed information instead of the
whole field [13]. In computer science, a great deal of research
work based on various theories, such as statistics, informatics
and psychology, has been proposed. According to different ap-
plications, they can be divided into two categories, (see Fig. 1).
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On one hand, the traditional category is to estimate the visual
attention for human eye fixation prediction [14], [15], [16] and
[17]. It focuses on predicting which regions/points would catch
a human’s attention at the first glance. Similar to the human
visual system, borders and corners as well as regions with high
contrast on the color or shape are usually highlighted. For more
details, we refer the readers to [18]. On the other hand, salient
object detection has been studied in recent years [4], [19], [20],
[21] and [22]. The purpose of salient object detection is to
highlight the whole area of a salient object uniformly, while
the background regions are assigned with low saliency values.
Some previous work has investigated the relationship between
salient objects and human fixations [23], [24] and [25]. In this
paper, we mainly focus on the salient object detection from an
image.

For a static image, traditional visual saliency models usually
explore the measures based on one or several visual properties,
such as contrast [26], uniqueness [20], rarity [27], and surprise
[28]. Itti et al. [14] proposed the first bottom-up computation-
al model, in which contrast maps are first calculated on three
low-level features (color, intensity, orientation) at multiple s-
cales, and then combined to form a master saliency map. The
model is constructed based on a Center-versus-Surround con-
trast operator, which has a great impact on many other saliency
detection models. Harel et al. [29] proposed a Graph-Based
Visual Saliency model to compute the dissimilarity between t-
wo spatial locations. Zhang et al. [30] proposed a probabilistic
model called the SUN (Saliency Using Natural statistics) mod-
el, in which saliency is defined as the self-information of visual
features and learned from the natural statistics. Itti and Bal-

Preprint submitted to Journal of Visual Communication and Image Representation December 1, 2015



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

Figure 1: Illustration of saliency maps by the models of different categories. (a) Original images. (b) A fixation prediction model (IS [33]). (c) A salient object
detection model (SF [20]). (d) The proposed saliency detection model. (e) The ground truth masks.

di [28] proposed a surprise model by computing the Kullback-
Leibler (KL) distance between posterior and prior beliefs. In
[27], Borji and Itti used both local and global patch rarities
at multiple scales as the saliency measure. In the frequency
domain, Hou and Zhang [31] maximized the spectral residual
feature for saliency detection. However, Guo et al. [32] point-
ed out that the key factor in locating salient regions after the
Fourier Transform is not the amplitude spectrum, but the phase
spectrum. Furthermore, Hou et al. [33] introduced an image
descriptor called, image signature, to detect the spatially sparse
salient regions from the spectrally sparse background. To ad-
dress the issue of saliency scale determination, Li et al. [34]
convolved the image amplitude spectrum with low-pass Gaus-
sian kernels at different scales, and then chose the best one as
the final saliency map by using the entropy selection.

The aforementioned models are originally designed for the
task of human fixation prediction, which is the traditional ap-
plication of visual saliency. However, these models usually
generate fuzzy and scattered saliency maps that are insufficient
for segmenting salient objects from the input images. In recent
years, many new models have been proposed for salient object
detection. In these models, images are often decomposed into
spatial regions or color components, resulting in the same or
similar saliency values for each homogeneous region.

Zhai and Shah [35] proposed a spatiotemporal attention mod-
el to take advantage of motion contrast for temporal model part
and color contrast as well as hierarchical representations for s-
patial model part. In the spatial model part, rectangular attend-
ed regions are first initialized based on the attended points and
iteratively expanded to contain the attended objects. Rahtu et
al. [36] adopted a probabilistic framework to fuse the local con-
trast of different features in the joint probability distributions.
Shen and Wu [37] proposed a unified model incorporating low-
level features with high-level guidance via the low-rank matrix
recovery. In their model, the salient regions are represented by
the sparse noise, while the background is expressed as the low-
rank matrix. In [38], Goferman et al. developed a context-aware
model, which considers the mean dissimilarity between a patch
and its K most similar patches as the saliency value. The model
performs well in terms of detecting the small-scale objects and

salient boundaries. Achanta et al. [1] presented a frequency-
tuned detection model, which uses the color distance between a
pixel and the mean of the the whole image as the saliency mea-
sure. Cheng et al. [26] proposed two sparse color histogram-
based contrast models. One is called Histogram-based Contrast
model (HC), which uses a histogram based approach to effi-
ciently compute the distance for each pair of pixels, and the
other is called Region-based Contrast model (RC), which com-
putes the distance of color histograms for each pair of regions.
HC runs very fast, while RC performs much better in perform-
ing salient object detection. In [22], Cheng et al. proposed an-
other efficient model with soft image abstraction, in which the
input image is decomposed into several GMM components and
clusters. Two saliency cues, global uniqueness and color spatial
distribution, are separately computed for each cluster and then
integrated to generate the final saliency map. Perazzi et al. [20]
proposed a Saliency Filters (SF) model. In the SF model, col-
or contrast and spatial distribution are calculated with their re-
spective Gaussian kernel based weight functions, and then the
pixel-level smoothing is operated to obtain the full resolution
saliency maps.

However, many challenging problems remain unsolved so
far. For instance, pixel-wise models [1] and [35] are easily
affected by noise and scattered regions, whereas patch based
models [27] and [38] tend to emphasize the edges instead of
the whole object. Region based models [26] and [37] perform
better than pixel-wise and patch based models. But they de-
pend too much on the performance of the segmentation meth-
ods. Over-segmentation [37] can ease this dependence, where
the object is split into many parts and highlighted differently.

In this paper, we propose a new model to detect image salien-
cy by introducing the concept of homology similarity, a graph-
based similarity measure. The proposed model can more ac-
curately preserve the contour of salient objects. By effectively
combining two kinds of saliency properties, i.e., homology dis-
tribution and color contrast, our model highlights the objects
more uniformly in the resulting saliency maps. The contribu-
tions of this paper are mainly four-fold. First, we make use of
homology to measure the superpixel similarity in an undirect-
ed graph model. Second, we exploit the homology distribution
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Figure 2: Basic flow chart of the proposed model.

to characterize spatial compactness for both an object and the
background area. Usually, the salient object has a higher spa-
tial compactness in the image than the background. Third, we
improve the conventional color contrast with homology-based
filtering and a geometric constraint, which results in better con-
trast maps. Finally, the homology distribution and the improved
color contrast are combined to generate the final saliency map.
As the homology distribution and the color contrast are two
complementary properties of visual saliency, the combination
of both obtains better results than each of them. The experi-
mental results show that the proposed model achieves superior
results compared with the competing models.

A conference version of this work was presented earlier [39].
The present work adds to the previous version in several ways.
First, we extend the graph structure of the image superpixel-
s from local connectivity to global connectivity (Section 2.1).
The benefit is that when some regions of the background are
separated by other things, their spatial compactness will still
be at a low level, because they can connect to each other eas-
ily through the global links and possess a larger spatial vari-
ance. In addition, the original experiments are extended from
one popular dataset (consisting of 1000 images) to five datasets
(consisting of more than 7000 images). Another performance
criterion, called MAE (Mean Absolute Error), is added to the
experimental evaluation. We also extend the number of compet-
itive approaches from 5 to 14. Considerably detailed evaluation
and comparison are added to the initial results. Experimental-
ly, we demonstrate that the proposed saliency detection model
performs better than the competitive approaches, including the
classical and the state-of-the-art ones.

The remainder of this paper is organized into sections. In
Section 2, we introduce the concept of homology similarity and
describe the details of our proposed model, including homol-
ogy distribution, improved color contrast and the combination
of both. In Section 3, experimental results are presented to s-
tudy the performance of the proposed salient object detection

model in comparison to 14 competing models. Finally, a brief
conclusion is given in Section 4.

2. The proposed approach

In this section, we propose a saliency detection model by
combining two saliency properties, i.e., spatial compactness
and color conspicuity. The spatial compactness is represented
with homology distribution, which exploits the spatial distri-
bution feature with homology similarity. Meanwhile, the col-
or conspicuity is represented with color contrast, which is im-
proved by homology filtering and a geometric constraint.

The proposed model mainly involves four stages as illustrat-
ed in Fig. 2. First, the input image is over-segmented into su-
perpixels and then constructed as an undirected linked graph to
compute homology similarity. Specifically, we use the Simple
Linear Iterative Clustering (SLIC) algorithm [40] to obtain a
set of approximately equal-sized superpixels. The advantages
brought by segmenting an image into several superpixels are
that the algorithm can be computationally more efficient (ver-
sus directly working on each image pixels) and the superpix-
el elements are more perceptually uniform on the appearance
(versus image patches in some patch-based models). Second,
the spatial compactness measure, which we call homology dis-
tribution, is computed as the spatial variance of the correspond-
ing homology area that each superpixel belongs to. Third, a
Gaussian weighted global dissimilarity is used to measure the
color contrast in CIELab space. The color components in Lab
space are uncorrelated and more perceptually linear than in oth-
er color spaces [41], which means that a change of the same
amount in a color value produces a change of about the same
visual importance. Different from conventional color contrast
measure, we adopt a homology-based filtering approach to uni-
formly highlight the salient object as well as suppress the nois-
es. The filtering process considers the superpixels in the graph
context. To achieve further refinement, we use a geometric con-
straint, which plays a role of object-leading center bias. In the
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last stage, the homology distribution and the color contrast are
combined together to generate the final saliency map. A visual
example for the stages of the proposed model and the ground
truth can be found in Fig. 3.

2.1. Graph-based similarity measure

In the previous work [20], the input image is over-segmented
into many elements, and the similarity between two elements is
computed as the Euclidean distance in the color space. How-
ever, the regions of either the salient object appearance or the
background area usually have color similarity and spatial con-
nectivity simultaneously. Hence, the Euclidean distance alone
cannot characterize the manifold embedding in those cases. For
example, the color gradient regions resulting from the illumina-
tion variant often exist in natural images. And two superpixels
from the same color gradient region of the object may be far
away from each other according to their Euclidean distance,
and then lead to quite different saliency values. Therefore, we
propose a graph-based similarity called homology similarity to
measure the superpixel-wise distance instead.

The graph is built up from the over-segmented superpixels.
Each vertice of the graph represents a sueprpixel. Two ver-
tices are connected with a local edge when the two according
superpixels are adjacent. Moreover, each pair of vertices are
connected with a global edge. The cost for each edge depends
on the feature difference between the superpixels. For two ad-
jacent superpixels, the global edge has a higher cost than the
local edge.

Homology similarity is supposed to reflect the probability of
a superpixel pair belonging to the same object or the back-
ground area, which can be measured as an inverse-distance
function. It is defined as a Gaussian function:

~i j = exp(− 1
δh

Disti j), (1)

where Disti j is the distance between two superpixels i and j,
calculated in the constructed graph, and δh is a scale parameter.
Different from the conventional color similarity, we take into
consideration both the spatial connectivity and the appearance
similarity in the distance measure. The formulation of Disti j is
given by:

Disti j = min
path={sp1,sp2,...spk}

∑
t=1:k−1

Fspt ,spt+1 , (2)

where path means a path from the i-th superpixel to the j-
th superpixel, and Disti j is the accumulated cost along the
least-cost one of them. Here, a path consists of connect-
ed superpixels from sp1 to spk, which means sp1 = i, and
spk = j. k is the number of the superpixels along the
path. In addition, Fspt ,spt+1 is the cost between superpixel-
s spt and spt+1. It is formulated as the square of Euclidean
distance in the CIELab color space for the adjacent superpix-
els Fspt ,spt+1 =

∥∥∥cspt − cspt+1

∥∥∥2. For the others, it is formulated

as Fspt ,spt+1 = 400 ∗
(∥∥∥cspt − cspt+1

∥∥∥2 + ϵ) ∥∥∥pspt − pspt+1

∥∥∥2. cspt is
the color vector of superpixel spt. pspt is the coordinates of

superpixel spt. And ϵ is set as 10 to balance the color similar-
ity and the spatial compactness. The problem of searching the
least-cost path seems to be highly complex, but it already has
some efficient solutions in the literature. In our experiments,
Disti j is computed with the Floyd algorithm [42].

According to (1) and (2), two superpixels would have a high
similarity when they have similar colors and are close to each
other in the graph. It should be noted that different weight ini-
tialization strategies for the edges of the graph would lead to
different kinds of models. If the superpixels are connected only
by local links, such as the spatial adjacency graph, Disti j can be
seen as the geodesic distance. However, the full-linked graph
can better handle the changes of the object appearance and the
background, thus leading to results with fewer noises. This can
be attributed to the fact that the full-linked graph can connect
the separate pieces of the cluttered background. The proposed
model constructs the input image as a full-linked graph with lo-
cal and global links. The cost of the local link is lower than the
global link. When two far-apart superpixels are not very similar
in color, their least-cost path may consist of a series of adjacent
superpixels. Hence, the homology similarity effectively reflects
both the appearance features and the spatial connectivity. It-
s effectiveness is demonstrated in the experimental results of
Section 3.

2.2. Homology-based spatial distribution
In this section, we introduce the homology distribution to de-

scribe the spatial compactness of a salient object and the back-
ground area. The principle for using spatial compactness as
one saliency property is that, the segmented regions of salient
objects are often more compact than those of the background
area in images. The idea of taking advantages of the spatial
distribution information on visual saliency detection is not new.
In some previous works [19] and [20], spatial compactness has
been used for salient object detection task using different mea-
surement methods. In those works, they usually decompose an
input image into a number of color components, and use the
spatial distribution variance of each component as the inverse
of saliency value. Liu et al. [19] used all the pixels in an im-
age to model several Gaussian distributions in the color space.
Then, the spatial compactness feature for each Gaussian distri-
bution of color is computed as the weighted spatial variance of
the pixels with probabilities belonging to it. In contrast, Perazzi
et al. [20] decomposed an image into some color distributions,
each of which is based on one region element, and the spatial
variance of each distribution is calculated with the color simi-
larity to the rest of elements. However, the conventional col-
or based spatial compactness models cannot perform well on
the color gradient area, which is usually caused by illumination
and appearance changes in natural images. Thus, we propose to
compute the spatial compactness based on homology similarity,
i.e., homology distribution. Similar to [20], we calculate the s-
patial compactness feature for each superpixel, but in our work,
the homology similarity is used to compute the weights instead
of the color similarity. In another word, the proposed model
decomposes an image into homology region components rather
than color components.
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Figure 3: An illustration of the main stages in the proposed model: (a) The original image. (b) Superpixels with mean-color values assigned and boundaries overlaid
for the sake of clarity. (c) Conventional color contrast using the Gaussian kernel based weight function. (d) Improved color contrast with homology filtering and a
geometric constraint. (e) Conventional spatial distribution based on the color similarity. (f)The proposed spatial compactness based on the homology similarity. (g)
The final saliency map obtained by combining (d) and (f). (h) The ground truth mask.

With the concepts of homology similarity defined in Eq. (1)
and spatial variance, we calculate the homology distribution us-
ing the following equation:

S hd(i) = 1 − 1
Zi

∑
j=1:N

~i j

∥∥∥p j − µi

∥∥∥2, (3)

where p j is the position of the superpixel j, computed as the
mean coordinates of all the pixels in it; µi represents the cen-
troid position of the homology area, which the superpixel i be-
longs to; ~i j represents the weight for the superpixel j; and N is
the total number of superpixels. The higher value of ~i j means i
and j have more similar photometric features and they are clos-
er in the graph, consequently leading to a higher probability for
i and j belonging to the same homology area. In addition, Zi is
a normalization factor Zi =

∑
j=1:N

~i j. The centroid location µi

can be computed by µi =
1
Zi

∑
j=1:N

~i j p j.

S hd(i) is used to measure the spatial compactness of super-
pixel i. In natural images, both the salient object and the back-
ground area can be decomposed into a certain number of ho-
mogenous regions. Usually, the background area is distribut-
ed more widely across the whole image. Compared with the
previous spatial distribution models that are based on directly
computing the Euclidean distance between the feature vectors
of each superpixel pair, the proposed homology-based model
considers both the color feature and the spatial connectivity si-
multaneously, thus describing the spatial compactness more ef-
fectively.

2.3. Improved color contrast
Contrast is a widely studied saliency property, both in cogni-

tive psychology and computer vision. It can be divided into two
categories, i.e., local contrast [14] and global contrast [1], [26]
and [20]. Local contrast usually highlights the edges and tex-
ture regions, so it is mainly used for human fixation prediction.

For global contrast, the uniform kernel based weight function
takes all the regions of the input image into account with the
same weight. Moreover, it ignores the natural property of visu-
al saliency, i.e., the context regions surrounding the object play
a more important role than those far away. The proposed mod-
el adopts a Gaussian kernel based weight function to make a
trade-off between local and global scales. The color contrast of
superpixel i is defined as:

S c(i) =
∑
j=1:N

ω
p
i j

∥∥∥ci − c j

∥∥∥2, (4)

where ci and c j represent the mean color vectors of the super-
pixels i and j in the CIELab color space, which has shown ef-
fectiveness for the saliency detection task in previous works and
our practice. In addition, ωp

i j is a spatial weighted function,

which can be formulated as ωp
i j = exp(− 1

δp

∥∥∥pi − p j

∥∥∥2), and δp

is a spatial scale parameter.
There are still some problems remained in the contrast map

S c (obtained according to Eq. (4)) as shown in Fig. 3(c). One
is that the local contrast effect cannot be eliminated complete-
ly. Therefore, some parts of either the object or the background
region near the boundaries may lead to higher contrast values,
especially for large-scale objects. The variation of illumina-
tion and different surrounding context may also lead to various
contrast values for the different parts of a salient object. An-
other problem is that some noise regions may lead to high con-
trast, such as some spots in the cluttered background. These
two problems may cause the obtained contrast map fuzzy and
cluttered, as seen in Fig. 3(c). In order to highlight the conspic-
uous regions uniformly and to reduce the noises in the contrast
maps, we adopt a homology-based filter for smoothing. We use
the homology similarity of each superpixel pair ~i j as the corre-
sponding filtering weight factor. This can handle the problems
caused by spatial connectivity (e.g., large-scale objects or back-
ground) and color variation (e.g., gradient appearance). The
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filtering process can be formulated as follows:

S̃ c(i) =
1
Zi

∑
j=1:N

~i j S c( j) . (5)

The geometric constraint mechanism is often used in visual
saliency detection, based on the fact that observers usually pay
more attention to the center of a scene. Conventional geomet-
ric constraint builds a prior probability distribution located at
the geometric centroid of the input image, which is called cen-
ter bias. However, when a salient object appears in the image,
it would attract the observers’ attention [43]. That means the
object probability distribution should shift to a new centroid.
If this happens, then the new geometric constraint becomes a
posterior probability distribution. We apply the geometric con-
straint to further remove false saliency responses far away from
the true target in the color contrast map. We set the mean in-
tensity center of the color contrast map as the estimated object
centroid, which is the visual attention centroid. The probability
distribution is built in a Gaussian weight function formulation
ωcb

i = exp(− 1
δc
∥pi − p̄∥2), where δc is the scale parameter for

the geometric constraint, and p̄ is the mean intensity center.
The color contrast saliency is updated by

Ŝ c(i) = ωcb
i S̃ c(i). (6)

The improved color contrast map is shown in Fig. 3(d).
As can be seen, the highlighted object is smooth in both the
marginal regions and the central regions, and shows as a more
coherent whole. Moreover, the saliency values of false positive
regions decrease after the homology filtering and the geometric
constraint.

2.4. Combination

The homology distribution captures one property of visual
saliency, namely, spatial compactness. While the color contrast
captures the other property, namely, color conspicuity.

The homology distribution and the color contrast are two
complementary measures of visual saliency. To be specific, a
salient object should have high values of color conspicuity and
spatial compactness. To take advantage of both the properties,
we combine them using the equation expressed as:

S (i) = Ŝ c(i) S hd(i), (7)

where Ŝ c(i) and S hd(i) are normalized into the range [0,1] be-
fore the combination, and S (i) is the final saliency value for
superpixel i.

3. Experiments

In this section, we evaluate the performance of the proposed
model and compare it with 14 competing models on the most
popular database MSRA-1000 [19] as well as four other pub-
licly available datasets, i.e., ECSSD [44], MSRA-5000 [19] and
[21], SED1 and SED2 [45]. The MSRA-1000 database consist-
s of 1000 natural images with various objects and scenes, and

the corresponding pixel-wise binary masks are provided by [1]
as the ground truth, which is used to evaluate the final perfor-
mance of the competing models with pixel-wise precision. In
comparison, the MSRA-5000 database is a larger salient object
dataset, and its original ground truth masks consist of some la-
beled bounding boxes containing the salient objects. Jiang et
al. provided the corresponding pixel-wise binary masks [21].
MSRA-1000 is a subset of MSRA-5000. ECSSD is an ex-
tended complex scene saliency dataset including 1000 images.
SED1 contains 100 images with one salient object per image
and SED2 contains 100 images with two salient objects per im-
age. Both have the corresponding binary masks.

To make a more comprehensive comparison, we choose
14 competitive saliency detection models, including the clas-
sical and the state-of-the-art ones, namely, Itti’s model (IT)
[14], Spectral Residual Approach (SR) [31], Zhai’s model (L-
C) [35], Rahtu’s model (SSOIV) [36], Frequency-Tuned salient
region detection (FT) [1], Graph-based Visual Saliency (GB-
VS) [29], Context-Aware saliency detection (CA) [38], Image
Signature (IS) [33], Histogram-based Contrast model (HC) and
Region-based Contrast model (RC) [26], Hypercomplex Fouri-
er Transform-based saliency model (HFT) [34], Saliency Filters
model (SF) [20], Low Rank matrix recovery-based model (LR)
[37], and Global Cues saliency model (GC) [22]. For SR, HC,
RC and LC, we use the codes from Cheng [26]. And for IT,
SSOIV, FT, GBVS, CA, IS, HFT, SF, LR and GC, we use the
authors’ public codes or executable files to generate the salien-
cy maps.

In the proposed model, δh is set to 200,000 for the homology
distribution computation and the color contrast filtering. This
leads to a global weight function, which performs well in gen-
erating smooth results. Here, δp is set to 0.125, and δc is set to
0.15 in our case. These parameters are chosen experimentally
for better performance but are fixed for all the experiments. To
prove the effectiveness of the parameter settings, three experi-
ments on choosing the parameter values are given in Fig. 4.

Our un-optimized C++ implementation takes on the average
time of 0.514s to process one image with the resolution of 400
x 300 in the benchmark data on a PC equipped with a 3.40 GHz
CPU and 4 GB memory. The computationally most expensive
part is the over-segmentation of the input image and the shortest
path searching, which spends about 0.226s(44.0%) and 0.215s
(41.8%), respectively.

3.1. Evaluation criteria

To conduct the comparison, three popular evaluation criteria,
namely, Precision-Recall (PR), Receiver Operator Characteris-
tics (ROC) and F-measure, are used to evaluate the competing
models.

Given a saliency map S , the corresponding ground-truth
mask G and a certain threshold τ0, we can compute the values
of True Positive (T P), False Positive (FP), True Negative (T N),
and False Negative (FN) achieved by the competing models us-
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Figure 4: Quantitative experimental results on the model performance against the parameter settings. The studied parameters in these figures are (a) δh, (b) δp and
(c) δc.

ing the following equations:

T P =
∑

i=1:N
Φ(S (i), τ0)·G(i)

FP =
∑

i=1:N
Φ(S (i), τ0)·(1 −G(i))

T N =
∑

i=1:N
(1 − Φ(S (i), τ0))·(1 −G(i))

FN =
∑

i=1:N
(1 − Φ(S (i), τ0))·G(i),

(8)

where the sign function Φ(·) is defined as

Φ(S̃ (i), τ0) =
{

1, S (i) > τ0
0, S (i) < τ0

. (9)

In a binarized saliency map, salient regions are labeled as 1
and background regions as 0. The precision is defined as the
percentage of the true positive pixels against all the positive
pixels in the binary map, while the recall is defined as the per-
centage of the true positive pixels against all the salient pixels
in the ground truth mask. Their formulae can be expressed as
Precision = T P

T P+FP and Recall = T P
T P+FN . Actually, there is a

trade-off between the precision rate and the recall rate: a higher
recall rate can be obtained at the cost of a lower precision rate,
and vice versa. Therefore, it is necessary to consider both of
them simultaneously.

The ROC curve is another effective and prevalent criteri-
on for saliency detection evaluation, which considers the re-
lationship between True Positive Rate (TPR) and False Posi-
tive Rate (FPR). They can be computed by T PR = T P

T P+FN and
FPR = FP

FP+T N .
F-measure is also proposed to take the precision and recall

into account simultaneously. It is in the form of weighted har-
monic mean of Precision and Recall and is expressed as

Fβ =
(1 + β2)·Precision·Recall
β2·Precision + Recall

, (10)

where β2 is a non-negative factor, which is set to 0.3 to weigh
precision more than recall in [1, 20]. However, in general case,
precision and recall may be assigned with the same weight.
Therefore, the Fβ (β = 0.3) and F1 (β = 1) measure are both
used to evaluate the models.

There are two kinds of evaluation measures, with different
ways of setting the binarization threshold τ0:

- Evaluation with a fixed threshold. To compare the perfor-
mance of different competing models, the threshold τ0 is
first set to every value from 0 to 255 as in [1] and [20].
For each τ0, we calculate the corresponding precision, re-
call, TPR and FPR. Then we can draw the respective PR
(Precision-Recall) and ROC curves for each model.

- Evaluation with an adaptive threshold. In some tasks, we
would like to obtain the foreground masks of salient ob-
jects rather than saliency maps. In these cases, we need
to evaluate the performance of the competing saliency de-
tection models with the foreground masks generated from
the saliency maps. However, in contrast to a certain fixed
threshold for the salient object’s segmentation, an adap-
tive threshold is a better choice. Similar to [1] and [20],
we set the adaptive threshold τα as twice the mean value
of the saliency map, with which the saliency map can be
segmented into a binary foreground mask adaptively. Then
precision, recall and F-measure can be calculated with the
obtained foreground mask.

MAE is another criterion for saliency map evaluation, which
is proposed in [20]. This calculates the sum of errors between
saliency maps and ground truth masks, and can be formulated
as

MAE =
1
N

∑
i=1:N

(S (i) −G(i)). (11)

A smaller MAE means the generated saliency maps have
higher values in the salient object regions, as well as lower
values in the background regions. Different to the Precision-
Recall criterion, which focuses on the relative errors of pixels
on saliency ranking, MAE emphasizes more on the absolute er-
rors of pixels on saliency values.

3.2. Experimental results

First, we evaluate the proposed model based on different
stages. Fig. 5(a) shows the comparative quantitative perfor-
mance of color contrast without or with homology filtering. It
demonstrates the effectiveness of homology filtering for the ob-
vious improvements on the PR criteria. Along with Fig. 3(c)
and Fig. 3(d), we can see that the homology filtering signif-
icantly improves the color contrast map by highlighting the
salient regions more uniformly and suppressing the background

7
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Figure 5: The comparative performance obtained by different stages of the proposed model on the dataset MSRA-1000. (a) The Precision Recall curves obtained
by the different stages in the improved color contrast computation. (b) The Precision Recall curves obtained by the stages of improved color contrast, spatial
compactness based on homology distribution and the combination of both separately. Here, contr is the color contrast, contr+sm means the color contrast after
homology filtering, contr+sm+cs represents contr+sm with a center-shift bias, colordistr is the spatial distribution measure used in [20], homodistr is the proposed
spatial compactness based on homology distribution, and fusion represents the combination of contr+sm+cs and homodistr.

noises. The geometric constraint further reduces the noise re-
gions, which are faraway from the salient objects.

Meanwhile, Fig. 5(b) shows the quantitative results obtained
by the proposed model using the improved color contrast, the s-
patial compactness based on homology distribution, or the com-
bination of both. The proposed model using the improved color
contrast achieves similar performance to that using the spatial
compactness. Moreover, the performance is further boosted by
3% when the proposed model uses the combination of both the
improved color contrast and the spatial compactness. This per-
formance gain indicates that spatial compactness and color con-
trast are complementary to each other.

Fig. 6 presents an exhaustive quantitative comparison be-
tween the proposed model and the 14 other competing model-
s. From the four curve graphs (a) to (d), we can see that the
proposed model achieves the best PR and ROC curves in most
cases. In Fig. 6(e), the saliency maps are first binarized with
an adaptive threshold to extract the foreground masks. Then
the average precision, recall, and F-measure values are calcu-
lated to evaluate the generated masks. As can be seen, the pro-
posed model has much higher values on all of the three criteria.
Meanwhile, Fig. 6(f) measures the MAE for each model. The
proposed model has the smallest MAE value (0.098) among all
the competing models.

Moreover, Fig. 7 illustrates the visual examples of the var-
ious competing models for qualitative comparison. From the
first three examples (Rows 1 to 3), we can see that the pro-
posed model can effectively handle the gradual changes in illu-
mination. This is because that, according to Eq. (2), the cost
along the shortest path between two superpixels in the gradi-
ent background is smaller than the Euclidean distance between
them in feature space. Hence, the background is more like a
whole and suppressed uniformly. The example at the 4th row
shows that the homology filtering can suppress the boundary ef-
fect and color gradient, e.g., the regions near the horizon in the
image. They are usually highlighted incorrectly for some local
contrast models and patch-based models, especially for IT, SR,

GBVS, CA, IS, HFT, SF, and GC. The 5th row shows that the
salient object (i.e., a flower) is highlighted more uniformly in
the proposed model, due to the homology filtering step on the
color contrast. In the following three examples (rows 6 to 8),
the background regions (trees and grass) spread more widely
than the salient objects, making the spatial compactness effec-
tive for saliency detection in such cases. Furthermore, the rows
9 to 11 shows that the proposed model can better deal with the
cluttered background scene. As a matter of fact, there probably
exist many noisy spots in the natural images. Some saliency
models based on single pixels or color clusters would assign
high values for these regions because of the high local contrast,
suggesting that these models are not robust for noises. In con-
trast, the proposed model segments an image into superpixels
and compute the feature mean of each superpixel. Hence, the
influence of noises can be weakened and the background area is
cleaner in the saliency maps. Furthermore, the homology sim-
ilarity makes it easier for the background regions with similar
colors easier to connect with one another. Therefore, the salien-
t objects with higher spatial compactness can be distinguished
easily from the widely spreading background. The following
two examples (rows 12 and 13) show that the proposed model
can put the salient objects at a high level when there are mul-
ti levels of visual saliency in the image. For example, in the
saliency map at row 12, the egg is less salient than the smile s-
ketch, but more salient than the white cloth. In the next row, the
sky region is also less salient than the eagle, but more salient
than the leaves. The example at the 14th row demonstrates that
the repeated patterns in the background can be suppressed by
the adopted spatial compactness, which is expected to be high-
lighted by local contrast models. Finally, the examples at the
last two rows show that the center-shift bias yields better per-
formance, especially for the single salient object detection.

From the experimental results, we find that the traditional
models (IT, SR, GBVS, IS, and HFT), which are often used for
fixation prediction, generate fuzzy or dotted saliency maps. CA
tends to highlight small objects and salient edges. LC, SSOIV,
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Figure 6: Quantitative comparisons between different models on the dataset MSRA-1000. (a) and (b) show the ROC curves obtained by the competing models,
while (c) and (d) show the corresponding PR curves. In addition, (e) includes the precision rates, recall rates, Fβ scores and F1 scores obtained by the competing
models with the adaptive threshold, while (f) shows the MAE values of them. As can be seen, the proposed model (green dashed) achieves the best performance
among all the competing models on this dataset.

FT, HC, and RC cannot suppress the saliency of the cluttered
background, which is usually presented in the natural images.
SF performs well on a cluttered background but not on the gra-
dient area. LR prefers to highlight some parts than the whole
salient object, and some regions of the salient object are simi-
lar to the background, resulting in lack of clear borders among
them. GC performs well on simple images, but cannot deal with
the cluttered background and the gradient area. As the proposed
model uses a full-linked graph structure, which is used in ho-
mology filtering and spatial compactness computation, it can
better handle the cluttered background and gradient area. Fur-
thermore, it can highlight the salient object more uniformly.

MSRA-1000 is a popular dataset for saliency detection. Most
images in this dataset contain one salient object, which can
be separated from the background easily by the human be-
ings. Therefore, most observers can reach an agreement on the
salient object labeling. MSRA-5000 is a superset of MSRA-

1000, which is also proposed as a salient object detection
dataset by Liu et al. [19]. It can be seen from Fig. 8 and Fig.
6 that the performance of the competing models on these two
datasets is similar . The proposed model achieves the best per-
formance on MSRA-5000 among all the competing models as
it does on MSRA-1000. The visual results are given in Fig. 12.

ECSSD is a more challenging dataset, containing 1000 im-
ages with much more complex natural scenes (e.g., cluttered
background, high similarity between objects and background).
Even for human beings, some of the images may lead to a di-
vergence on the salient object labeling. As we can see in Fig.
9, the performance of all the competing models on ECSSD is
worse than that on the first two datasets. Still, the proposed
model is among the best ones. Fig. 12 shows two of the visual
examples.

SED1 is a dataset with one salient object for each image,
while SED2 contains two salient objects for each image (as
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Figure 7: Illustration of the saliency detection results obtained by the competing models on the dataset MSRA-1000. For each row, images are arranged in the
following order: the original image, results obtained by the 14 competing models, our proposed model, and the ground truth mask.
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shown in Fig. 12). Multi-object detection is a challenging prob-
lem in salient object detection. Because the objects in the same
image may be from different classes and at different saliency
levels, leading to be highlighted nonuniformly. Another reason
is that the spatial compactness property of visual saliency may
be invalid in this case, if the objects are far away from each
other in the image. The proposed model performs best (second
best by the MAE criterion) on the SED1 dataset as shown in
Fig. 10. When evaluated on SED2, the proposed model is still
one of the best models as shown in Fig. 11.

3.3. Performance and Limitation in Fixation Prediction

Since the human fixation prediction is a conventional catego-
ry of visual saliency study, we evaluated our proposed model on
the human fixation data base YORK [15] and MIT [46]. Nine
start-of-the-art models on the human fixation prediction, name-
ly, AIM [47], CA [38], GBVS [29], HFT [34], IS [33], ITTI
[14], RARE [48], SGP [49] and SUN [30], are compared to the
proposed method. The visual experimental results are shown in
Fig. 13. And the AUC scores are listed in Tab. 1. It can be
seen that among the evaluated models, the proposed model has
comparative performance to AIM, better than ITTI and SUN.
Some state-of-the-art fixation prediction models perform better
than the proposed. It is because the data sets of human fixation
prediction are quite different to those of salient object detection.
Human fixations usually locate at the salient small regions, tex-
tures, corners and edges. Therefore, the ground truth of fixation
data sets consist of sparse points distributed near the small re-
gions, textures, corners and edges. For a large salient object,
the points are mostly located near the object edges, both inside
and outside the object. For the background area, the fixation
points can also appear at the corners or edges. However, the
proposed model aims to uniformly highlight the salient objects,
which means the textures, corners or edges of the background
area are ignored. That means some fixation points in the back-
ground area can not be detected, which leads to a comparatively
small score. Hence, the experimental results has presented the
limitation of the proposed model in human fixation prediction.

4. Conclusions

In this paper, we have introduced a graph-based superpixel
similarity, called homology similarity, based on which a salien-
cy detection model has been proposed. Specifically, we pro-
pose to measure the similarity of two superpixels by defining
the least-cost path within the graph model. The homology sim-
ilarity takes into account both the color similarity and spatial
connectivity simultaneously. We calculate the homology distri-
bution as the spatial compactness property of the salient objects.
Furthermore, the color contrast, improved by using homology
filtering and a geometric constraint, is proposed to characterize
the color conspicuity. By combining both homology distribu-
tion and color contrast, the proposed model achieves more ac-
curate and robust results on salient object detection than 14 oth-
er state-of-the-art models. In the future, we will consider high-
level features to further reduce false detections. In addition,

the shape information or textural feature would be explored to
increase the robustness of the proposed model.
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Table 1: The AUC scores obtained by different fixation prediction models.
Models AIM CA GBVS HFT IS ITTI RARE SGP SUN Proposed
YORK 0.74465 0.78386 0.83161 0.81459 0.7693 0.60465 0.80885 0.79242 0.67071 0.73334
MIT 0.72928 0.76392 0.82885 0.80931 0.75957 0.5779 0.79447 0.78504 0.67442 0.74124
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(b) PR Curves (c) Adaptive Threshold and MAE Evaluation

Figure 8: Quantitative comparisons between different models on the dataset MSRA-5000.
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(b) PR Curves (c) Adaptive Threshold and MAE Evaluation

Figure 9: Quantitative comparisons between different models on the dataset ECSSD.
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(b) PR Curves (c) Adaptive Threshold and MAE Evaluation

Figure 10: Quantitative comparisons between different models on the dataset SED1.
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Figure 11: Quantitative comparisons between different models on the dataset SED2.
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Figure 12: Some visual examples obtained by the competing models on the four datasets MSRA-5000, ECSSD, SED1 and SED2. For each example, images are
arranged in the following order: the original image, results obtained by the 14 competing models (IT, SR, LC, SSOIV, FT, GBVS, CA, IS, HC, RC, HFT, SF, LR
and GC), our proposed model, and the ground truth mask.
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Figure 13: Some visual examples obtained by the competing models on the two datasets YORK and MIT. For each example, images are arranged in the following
order: the original image, the original image with red fixation points, results obtained by the 9 competing models (AIM, CA, GBVS, HFT, IS, ITTI, RARE, SGP
and SUN), the proposed model, and the fixation map obtained by Gaussian filtering on the fixation pints.
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