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Abstract—In this letter, we propose a novel saliency model for
saliency detection, named sparse-distinctive (SD) saliency model.
Different from the existing models that only consider sparsity or
distinctness of image, the proposed model computes saliency based
on sparsity and distinctness. The basic idea is that sparsity and distinctness contribute to saliency simultaneously and play different
roles under different scenes. This sparse-distinctive saliency model
is based on some key ideas introduced in this letter and supported
by psychological evidence. Experimental results on public benchmark eye-tracking datasets show that considering the sparsity and
distinctness for saliency can improve the accuracy of predicting
human ﬁxations, and the proposed model outperforms the mainstream models on predicting human ﬁxations.
Index Terms—Distinctness, saliency, sparsity, visual attention.

I. INTRODUCTION

V

ISUAL attention is an important mechanism of human
visual system, which enables human to efﬁciently process
the information from complex environments. In recent years,
visual attention has received extensive interests by cognitive
psychologists, neurophysiologists and computer scientists.
Many visual attention theories and computational models
[1] have been proposed in the literatures. The computational
models of visual attention provide wide applications in object
detection [2], object recognition [3], image segmentation [4],
image retargeting [5], [6], and video compression [7].
According to the mechanism of inferring image saliency,
the computational models can be divided into two categories:
bottom-up models and top-down models. Bottom-up models
are data-driven and detect saliency from image features, such as
contrast, location and texture. Top-down models are task-driven
and require human interaction for saliency detection. In this
letter, we focus on bottom-up saliency models. According
to the method of obtaining saliency, the existing bottom-up
saliency models can also be divided into two categories: sparsity-based models [8]–[15] and distinctness-based models [5],
[16], [17]–[21].
The sparsity-based models assume that the saliency in image
is sparse, and consider that salient regions are consistent with
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Fig. 1. Different models for saliency detection. (a) is an input image. (b) and
(c) are the saliency maps produced by sparsity-based models in SR [8], QDCT
[10]. (d) and (e) are produced by distinctness-based models in IT [16], CA [5].
(f) is produced by the proposed sparse-distinctive saliency model.

the locations which have sufﬁciently sparsity in image representation. These models include spectral analysis models [8]–[12]
and spatial sparsity pursuit models [13]–[15]. The spectral
analysis models use transforms such as Fourier transform or
quaternion Fourier transform to get the frequency spectrum of
the image, and then get the sparse description of the image in
frequency domain, which is inversely transformed back into
the spatial domain to get salient regions ﬁnally. These models
are computationally efﬁcient and get high prediction accuracy.
However, these models highlight boundaries of salient regions
rather than entire regions. Another sparsity-based models are
spatial sparsity pursuit models, which treat saliency detection
as a sparsity pursuit problem. They represent image patches
with the learned overcomplete sparse bases and infer salient
regions by low-rank and sparsity matrix decomposition. These
spatial sparsity pursuit models produce accurate and reliable
results, and can be easy to incorporate top-down priors. In
saliency detection procedure, the sparsity-based models, either
Fourier transform or sparse representation on a whole image,
usually consider global properties more than local properties,
which leads to coarse detection results. These models work
well in the simple and sparse scene. However, when the scene
is not sufﬁciently sparse, their performance may be affected, as
illustrated in Fig. 1(b) and (c).
The distinctness-based models consider that salient regions
consist of the pixels or patches which are distinctive from
their surroundings or whole image. For example, models
in [16], [17] calculate the local distinctness of pixels based
on center-surround divergence. These models ignore global
relations and structures, and they are more sensitive to high
frequency contents like image edges and noises. Models in [5],
[18] calculate the distinctness on patterns, colors and several
additional high-level cues of the complete image by comparing
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each image patch with all other image patches. These models
combine global and local distinctness to improve the detection
performance. These distinctness-based models are usually
biologically plausible since they adopt some relevant psychological conceptions and properties such as feature integration
theory and center-surround saliency mechanism. However,
when the image has lots of local distinctive regions without
global distinctive regions, these distinctness-based models may
not work well, as illustrated in Fig. 1(d) and (e).
Actually, if an image has salient regions, the salient regions in
this image may have sufﬁciently sparsity or be distinctive with
respect to both their local and global surroundings. Therefore,
it would be better to consider both sparsity and distinctness for
saliency to improve the detection performance, as illustrated in
Fig. 1 (f).
In this letter, we propose a bottom-up saliency model based
on both sparsity and distinctness. Our main contributions are:
1 Some key ideas to consider sparsity and distinctness
for saliency detection simultaneously are introduced
(Section II).
2 Based on the key ideas, we devise a sparse-distinctive (SD)
saliency model (Section II).
3 We evaluate our model qualitatively and quantitatively on
benchmark eye-tracking datasets, and demonstrate that our
model outperforms the mainstream models on predicting
human ﬁxations (Section III).
II. SPARSE-DISTINCTIVE SALIENCY DETECTION
A. Key Ideas of Sparse-Distinctive Saliency Detection
Palmer [22] suggests that the visual system does not passively
process all the message available within the image, and human
selectively attend to different aspects of image at different times
with ﬂexible strategies. Therefore, it would be better to adopt
ﬂexible strategies for computational saliency detection.
Our sparse-distinctive saliency model is based on four key
ideas, which are supported by psychological evidence:
1) Saliency in image is sparse. The simple cell receptive ﬁeld
to be spatially localized, oriented and bandpass can be represented by sparse image code [23]. The sufﬁciently sparse
foreground locations are consistent with the locations of
human eye movement ﬁxations [11].
2) Salient regions consist of pixels whose local neighborhoods are distinctive in image both locally and globally.
This idea is supported by psychological evidence [24],
[25].
3) According to Gestalt laws [26], the organization of visual
forms may possess one or several gravity centers, so the
salient regions may have several attention focuses.
4) Different attributes of image contribute to saliency simultaneously, and play different roles under different scenes
[22], [27].
Related works typically just follow one or two of the ﬁrst
three ideas, such as saliency models in [8]–[15] are based on
the ﬁrst idea. Saliency models in [16], [17], [20] are based on
the second idea. Saliency models in [5], [18] are based on the
second and third ideas. However, the fourth idea is also important for saliency detection. When the image has lots of local
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distinctive regions, the sparsity of image contributes to saliency
more signiﬁcantly; when the image is cluttered or textured, the
distinctive regions may attract more attention. Thus, it will be
better to consider the sparsity and distinctness of image simultaneously for saliency detection.
B. Sparse-Distinctive Saliency Detection Method
Based on the four key ideas, we design a sparse-distinctive
saliency model. Firstly, we use spectral analysis method to measure the sparse saliency and get candidate regions. Then we calculate the distinctness of the image in the candidate regions. Finally, we integrate the two saliency measurement with an adaptive method to get a ﬁnal saliency map. The whole procedure is
illustrated in Fig. 2.
Sparse Saliency: Since saliency in image is sparse (Idea 1),
we ﬁrst get the sparse saliency measurement
with Spectrum
Residual method in SR [8] in CIE
color space. This
method transforms each color channel image into frequency
,
domain with Fourier transform:
then gets the amplitude
and the phase
, and then calculates the log amplitude spectrum:
. The spectrum residual
is calculated by
(1)
then the sparse saliency measurement can be obtained by
(2)
where
and
represent the Fourier and inverse Fourier
Transforms, and denotes a local average ﬁlter. Different from
SR [8], we just want to get the sparse saliency measurement, so
we do not need the smooth procedure at the ﬁnal step. Then we
sum up the saliency measurements of all the color channels and
normalize the summation to the range [0, 1] by
(3)
denotes normalized operation.
where
Candidate Salient Regions: The organization of visual forms
may possess one or several gravity centers, so the image may
usually has multiple attention focuses (Idea 3). We consider the
pixels whose sparse saliency values exceed a certain threshold
as attention focuses:
(4)
In our experiments, we set
empirically.
The regions surrounding the focuses are considered as candidate salient regions. We calculate the euclidean positional distance
between pixel
and its closest focus, and
normalize
to the range
. Then the candidate
salient region set can be deﬁned as follows:
(5)
(6)
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Fig. 2. Illustration of the main phases of our model. (a) Input an image. (b) Calculate the sparse saliency at ﬁrst. (c) Get the candidate regions. (d) Calculate the
distinctive saliency in the candidate regions. (3) Integrate sparse and distinctness saliency for the ﬁnal saliency map.

where
is a neighborhood distance threshold. In our experiments, we set
empirically.
Distinctive Saliency: Since salient regions consist of pixels
whose local neighborhoods are distinctive in image both locally
and globally (Idea 2), we calculate the distinctive saliency value
in the candidate regions with a patch-based method inspired by
[5]. Different from [5], we search salient regions in the narrow
candidate regions instead of the whole image. In this way, we
can take the advantage of global sparse saliency constraints to
improve computational efﬁciency. Segment each scale image
into
patches. Denote
as the patch centered at the
pixel in the candidate region set and
as the patch centered at pixel . Let
be the euclidean distance
between the vectorized patches
and
in CIE
color space. Denote
as the euclidean distance between the positions of patches
and
. Normalize
and
to the range
.
Then, we deﬁne a dissimilarity measurement between a pair of
patches as
(7)
We search for the most similar patches
in the image
for every patch
according to
. If patch
is distinctive in its most similar patches, it will be distinctive in all other image patches [5]. We compute the distinctness value of the patch whose center pixel is in the candidate
region set with
(8)
in our experiments. Then assign
to
where
every pixel contained in patch
, and set distinctness value
of other pixels equal to 0:
(9)
Sparse-Distinctive Saliency: In order to consider sparsity and
distinctness for saliency detection simultaneously (Idea 4), we
integrate these two kinds of saliency measurement with an adaptive method. The entropy of the saliency map can evaluate the
distribution of saliency value, and the smaller entropy value
means that the saliency value is more concentrated, and then
the salient regions are easier to be extracted from the image. If
the entropy value of sparse saliency map is smaller than times
of entropy value of distinctive saliency, the sparse saliency will
contribute to image saliency more signiﬁcantly. Thus, we can

use entropy values to weight the contributions of sparsity and
distinctness for saliency. When the pixel is near the focuses,
its sparse saliency will contribute to the saliency more signiﬁcantly. We use
in (5) to weight its contribution, and
then deﬁne the saliency value as
(10)
with
(11)
in our experiments,
is the distinctive saliency
where
map, and
is the sparse saliency map.
Multiscale Saliency: If a region is salient, it is likely to be
salient at multiple image scales. The good saliency map can
highlight salient regions and suppress the common regions, and
the entropy of the good saliency map will be small. Thus, we
use the entropy values of the saliency maps at different scales
to weight their contributions in the generation of ﬁnal saliency.
We calculate the saliency value
of each pixel in image
at scale by (10), and get a saliency map . Since the size
of patch is ﬁxed with
pixels, when the image scale is
smaller, the ﬁneness of the saliency map will be lower. Thus,
we emphasize
at big scale with higher signiﬁcance.
Finally, we deﬁne the multiscale saliency value as
(12)
where

denote the set of image scales.
III. EXPERIMENTAL RESULTS

In this section, we evaluate the proposed saliency model qualitatively and quantitatively by using MIT saliency benchmark
described in [28] and Hou’s saliency benchmark described in
[11]. The MIT saliency benchmark includes 300 natural indoor
and outdoor scenes. The Hou’s saliency benchmark includes the
data set of human eye-tracking data introduced by Bruce and
Tsotsos [30], and this data set consists of 120 images with the
corresponding free-viewing eye-tracking data of 20 subjects for
4 seconds.
Firstly, we qualitatively compare our model with six mainstream models including sparsity-based models such as QDCT
[10], SR [8], HFT [12] and distinctness-based models such as
CA [5], GBVS [29], IT [16] on MIT saliency benchmark and
Hou’s saliency benchmark. Fig. 3 shows several images within
the saliency benchmarks and the corresponding saliency maps.
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Fig. 3. Qualitative results for the datasets [28] (Row 1-3) and [11] (Row 4-5). (a) Original image. (b) Fixations in original image. (c) Human Fixations Map. From
(d)-(i) are saliency maps generated by our model and mainstream models. (d) Our model SD. (e) QDCT [10]. (f) SR [8]. (g) CA [5]. (h) HFT [12]. (i) GBVS [29].
(j) IT [16]. Saliency maps in row 4 and 5 are blurred with optimal blurring factor which are shown in Fig. 4.

Fig. 3 illustrates that the proposed model SD has more separability and discriminability, and its predicting results are more
close to the human ﬁxations, compared with the mainstream
models. In particular, saliency maps generated by sparsity-based
models SR [8], HFT [12] (Fig. 3(f) and (h)) highlight boundaries of salient regions rather than entire regions. In addition, the
distinctness-based models CA [5], GBVS [29] and IT [16] are
sensitive to complex texture that lead to highlight most image
regions (Fig. 3(g), (i) and (j)). In these outdoor scenes, the images are not sufﬁciently sparse or have lots of local distinctive
regions. Thus, if only considering sparsity or distinctness, it is
not easier to get the real salient regions. The proposed model
SD considers both sparsity and distinctness, and obtains better
performance in these scenes.
Secondly, on Hou’s saliency benchmark [11], we quantitatively compare our model with the six models mentioned above
and other related models such as DCT [11], SP and DIST. SP
and DIST are the subprocedures of the proposed model SD,
which only consider sparsity or distinctness for saliency. We
follow the evaluation procedure proposed on the benchmark,
which computes an ROC Area Under the Curve (AUC) score
to evaluate the consistency between the saliency map and its
ﬁxations map. The ROC curve plots the false positive rate as a
function of the true positive rate. It considers the thresholded
saliency map as a binary classiﬁer to separate the ﬁxated points
from not-ﬁxated points [11]. In order to get a fair comparison,
this evaluation method computes the AUC score under different blurring conditions parameterized by blurring factor .
Fig. 4 and Table I show that our model outperforms the other
models. The experiments demonstrate that considering both
sparsity and distinctness for saliency detection can improve
the precision of predicting human ﬁxations. Furthermore, SD
is more efﬁcient than CA. In the experiments, CA scales the
input images to the size of 250 pixels (height), and SD scales
the input images to the size of 64 pixels (height). Eliminating
the effect of scale factor, SD is about two times faster than CA.
For all the experiments described in this letter, the parameters are kept ﬁxed. Our model is robust to the values of these
parameters. For example, when in (8) is range from 1 to 60,
the AUC scores are all in [0.7202, 0.7243]; when in (11) is
range from 1 to 20, the AUC scores are all in [0.7211, 0.7243];

Fig. 4. ROC Area Under the Curve (AUC) Score. This metric follows the procedure proposed on the benchmark [11]. The curves show that our model SD
outperforms the other models on predicting human ﬁxations.
TABLE I
AUC SCORE AND TIME COST OF EACH MODEL (UNDER OPTIMAL )

when the number of scales in (12) is two, three or four, the
AUC scores are all with 0.7243, and if only one scale is used,
the AUC score is 0.7235.
IV. CONCLUSION
In this letter, we introduce some key ideas based on psychological evidence, and propose a novel saliency model based on
sparsity and distinctness, i.e., sparse-distinctive (SD) saliency
model. The experimental results show that considering the sparsity and distinctness for saliency detection can improve the accuracy of predicting human ﬁxations. Furthermore, our method
achieves superior accuracy in comparison to mainstream approaches on predicting human ﬁxations. Future works include
the further improvement of the computational efﬁciency and the
integration of multiple features in the proposed method.
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