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Region-based Saliency Detection and Its
Application in Object Recognition

Zhixiang Ren*a, Shenghua Gao*b, Liang-Tien Chiaa, and Ivor Wai-Hung Tsang a

Abstract—The objective of this paper is twofold. First, we
introduce an effective region-based solution for saliency detection.
Then we apply the achieved saliency map to better encode the
image features for solving object recognition task.

To find the perceptually and semantically meaningful salient
regions, we extract superpixels based on an adaptive mean shift
algorithm as the basic elements for saliency detection. The salien-
cy of each superpixel is measured by using its spatial compactness
which is calculated according to the results of Gaussian Mixture
Model (GMM) clustering. To propagate saliency between similar
clusters, we adopt a modified PageRank algorithm to refine the
saliency map. Our method not only improves saliency detection
through large salient region detection and noise tolerance in
messy background, but also generates saliency maps with well-
defined object shape. Experimental results demonstrate the
effectiveness of our method.

Since the objects usually correspond to salient regions, and
these regions usually play more important roles for object
recognition than background, we apply our achieved saliency
map for object recognition by incorporating saliency map into
Sparse coding based Spatial Pyramid Matching (ScSPM) image
representation. To learn a more discriminative codebook and
better encode the features corresponding to the patches of
the objects, we propose a weighted sparse coding for feature
coding. Moreover, we also propose a saliency weighted max
pooling to further emphasize the importance of those salient
regions in feature pooling module. Experimental results on
several datasets illustrate that our Weighted Sparse Coding
based Spatial Pyramid Matching framework greatly outperforms
Sparse Coding based Spatial Pyramid Matching framework, and
achieves excellent performance for object recognition.

Index Terms—Saliency Detection, Superpixel, Saliency Propa-
gation, Weighted Sparse Coding, Object Recognition.

I. INTRODUCTION

Visual saliency measures to what extent a region attracts
human attention. Recently, researchers have shown an in-
creased interest in automatic saliency detection because of
its (potential) application in many scenarios, like adaptive
compression [48], image retargeting [3], object detection [2],
etc. However, it remains a very challenging task due to the
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acquisition of prior knowledge and the difficulty in understand-
ing and simulating the complex visual attention mechanism of
humans.

In the last few decades, lots of image saliency detection
algorithms have been proposed [38][37][36][57][68]. Most
of these methods represent the input images in pixel-grid
manner. There are two evident drawbacks for these pixel-
grid based saliency detection methods. First, these methods
perform poorly in the images with large salient regions.
Secondly, these pixel-grid based saliency detection methods
also suffer from the messy background which is very common
in natural scenes. The small, sudden changes in the messy
background will obtain high saliency due to the high center-
surround contrast, while the homogeneous objects will get low
saliency.

Recent works [17][18] suggest that “early” features, such
as color, contrast and orientation, indirectly affect human
attention through recognizing objects. In other words, human
is attracted by objects not by individual pixels. So, it is
natural to work with those perceptually meaningful image
regions in saliency detection. In this paper, we propose to
adopt superpixel representation for saliency detection. The
concept of superpixel is proposed in [54], which is defined
as the perceptually meaningful entities by grouping spatially
neighboring pixels with the similar property. It is robust to
noises in messy scenes and preserves the object boundary
very well. Meanwhile, it is able to handle the problem of
large object in other saliency methods. By leveraging super-
pixel technique, we propose a superpixel clustering based
saliency detection technique. Our work aims at calculating
saliency in the region level. In addition, motivated by the
fact that the objects usually correspond to the salient regions
in images [18][2][47], we apply saliency maps into object
recognition task and propose a saliency inspired weighted
sparse coding (WSc) to favor the salient regions for better
image representation. Furthermore, to further emphasize the
importance of the achieved saliency map, we also propose a
saliency weighted max pooling. Both weighted sparse coding
and saliency weighted max pooling contribute to the improved
performance of the object recognition.

It is worth noting that our saliency calculation is different
from salient object extraction [21][22][66][42], in which an
existing saliency method serves to guide object extraction. In
other words, these works are applications of saliency detection.
In contrast, our method aims to improve saliency calculation
with the help of superpixel representation.

The main contributions of this paper are summarized as
follows: (1) We apply the existing techniques, i.e., superpixel
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representation and PageRank algorithm, to improve salien-
cy detection. Specifically, superpixels, the more perceptually
meaningful units, are used to represent the input image, which
could detect large salient objects and tolerate the outliers in the
messy background during saliency detection. The PageRank
algorithm is then applied to propagate saliency among similar
clusters and refine our region-based saliency map. (2) We
propose the saliency inspired weighted sparse coding and
saliency weighted max pooling by using the achieved saliency
map for solving object recognition task. Such weighted sparse
coding can learn a more discriminative codebook to favor
the feature coding of those more salient/important features.
Moreover, to further reduce the effect of noisy background and
emphasize the importance of object regions, we also propose
a saliency weighted max pooling for image representation,
which further improves the image representation ability.

This work is an extension of our previous work [55], which,
as far as we know, is the earliest work of using superpixel
for saliency detection. We mainly extend our work in the
following aspects: (1) We use more datasets to fully validate
the effectiveness of our saliency detection method. (2) We
successfully apply our saliency map to object recognition
tasks. We use the saliency detection to boost the performance
of object recognition. Specifically, we first propose to use
saliency inspired sparse coding to boost feature coding, then
the saliency weighted max feature pooling is proposed for
image representation. These methods can significantly improve
the object recognition accuracy, which demonstrates the effec-
tiveness of our saliency map.

The rest of this paper is organized as follows: In Section II,
related work will be briefly discussed, including the work of
saliency detection and work related to sparse coding for image
classification. In Section III, we will describe our region-based
saliency detection framework in details. In Section IV, exper-
iments will be performed to evaluate our saliency detection
method. In Section V, we will introduce a new sparse coding
technique: Weighted sparse coding (referred to as WSc), as
well as the formulations and optimization. Based on WSc, we
propose to use Weighted Sparse Coding based Spatial Pyramid
Matching (referred to as WScSPM) for object recognition. In
Section VI, we evaluate our WScSPM on some datasets. Some
important parameters are also evaluated in this section. Finally
we conclude our work in Section VII.

II. RELATED WORK

A. Saliency Detection

Saliency detection methods can be divided into two cate-
gories [38]. One is top-down method, which is task-dependent
and based on prior knowledge about the scenes [51][41][69],
objects [61], face [40], and their interrelations [26]. Due to
the prior information, better performance can be achieved
by top-down methods. However, some top-down methods
demand more complete understanding of the prior information,
resulting in high computational costs. By contrast, bottom-up
methods are easy to implement and understand. So bottom-
up methods have a wider application prospect and have been

extensively adopted. Since our method belongs to the bottom-
up category, we will only review the works related to bottom-
up methods in details.

A common hypothesis for bottom-up saliency is that the
salient stimulus is distinct from its surrounding stimuli [24].
This hypothesis is also known as “center-surround” mecha-
nism, which consists with the performance of human vision
system in the early phase. Therefore, researchers usually focus
on identifying those regions with high center-surround contrast
in bottom-up methods. Itti et al. [38] propose to determine
the contrast by the Difference of Gaussians (DoG). Instead of
directly calculating similarity of two pixels, Seo et al. [57]
measure the likeness of a pixel(voxel) to its surroundings
by the local regression kernels. Although these local contrast
based methods perform well on most of natural images, they
will fail on images with scattered background. Therefore, some
methods based on global contrast are proposed. Achanta et
al. [1] measure the saliency of each pixel by the difference
between the feature of each pixel and the mean feature of the
whole image in Lab color space. Zhai and Shah [68] measure
the global contrast of a pixel by comparing it with all the other
pixels in the image. Goferman et al. [30] model both local and
global contrast by taking the positional distance into account
when computing similarity between two patches.

Besides features from spatial domain, characteristics from
frequency domain are also investigated for saliency detection.
Hou and Zhang [37] calculate saliency on frequency domain
based on spectral residual. Later, Guo et al. [34] point out
that it is not the amplitude spectrum but the phase spectrum
that contributes to saliency detection. They make use of
phase spectrum to detect saliency and extend two-dimensional
Fourier Transform to a quaternion Fourier Transform for
spatiotemporal saliency detection.

Some approaches are based on information theory mea-
sure saliency by entropy [56], conditional entropy [45], self-
information [11] and so on. The essence of these methods
exploits the local complexity or uncertainty to reflect saliency.
Some graph-based methods identify salient regions by equi-
librium visiting frequency of each node [31][36][64].

In general, most of these approaches represent the input
image in pixel-grid manner and determine the saliency of pixel
according to the local/global contrast. Such representation and
saliency calculation criteria may fail to detect the homoge-
neous and quite large salient objects. Since the pixels within
the large objects have small contrast with their surrounding
pixels. Moreover, the pixel representation methods is sensitive
to the small sudden changes in messy background. To alleviate
these problems, we advocate to use region-based solution for
saliency detection and successfully apply our saliency maps
to object recognition.

B. Sparse Coding for Object Recognition

Object recognition is a fundamental problem in computer
vision, and it greatly relies on image representation. Many
image representation models have been proposed, in which
Bag-of-Words (BoW) model [59] has been fully studied and
commonly adopted because of its compact representation,
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Fig. 1. The framework for saliency detection. The color bars denote the GMM
components. The values above the color bars are saliency values obtained by
our method.

and robustness to object translation and scale variance. BoW
contains the following modules: (1) Region selection and
representation (feature extraction); (2) Codebook generation
and feature quantization (feature coding); and (3) Histogram
image representation (feature pooling).

In BoW model, usually k-means clustering is used for
feature coding: the cluster centers are used as the feature code-
book, and each feature is assigned to the nearest cluster center.
However, such hard assignment will cause severe information
loss especially for those features located around the boundary
of several clusters. To avoid this, soft k-means [52] and sparse
coding [65] based feature coding strategies are introduced.
Compared with soft k-means, fewer parameters are used
and better performance is achieved by using sparse coding,
therefore sparse coding based feature coding is widely used
recently. Based on sparse coding, some other sparse coding
related feature coding methods [63][29][65] are also proposed
and achieve good performance for image representation.

In feature pooling module, the sparse codes corresponding
to all the features within each image are summarized by a
vector to represent this image. In BoW model, each image is
represented as a frequency histogram of the codebook entries
in the whole image, it belongs to average pooling. Recent
works show that max pooling demonstrates great success for
sparse features [65][8]. Note that in BoW model, the pooling
area is the whole image, therefore the spatial information is
lost. In many cases, for object or scene images, such spatial
information is very important and can greatly affect the recog-
nition accuracy. To preserve such spatial information, Lazeb-
nik et al. propose a Spatial Pyramid Matching (SPM) [43]
for image representation. Specifically, in SPM, each image
is partitioned into increasingly finer regions. Then Pyramid
Matching Kernel [33] is used to compare corresponding sub-
regions. SPM has demonstrated its effectiveness in spatial
structure preserving [43][65].

C. Saliency for Object Recognition

For object recognition, the objects are usually more salient
than the background. Therefore, the features located on the
object should play more important roles for the recognition
of the object in the images. Saliency detection has a potential
application in object recognition [62][58][25]. Moosmann et
al. [49] use the saliency of the features to boost the classifier
of randomized decision trees for object recognition. Han and
Vasconcelos [35] replace the first layer of the HMAX architec-
ture with a saliency network for object recognition. Gao and
Vasconcelos [25] classify the images by directly classifying

their saliency maps. Frintrop et al. [20] speed up classification
by training the classifier based on the salient regions other than
the whole image. Context information is also commonly used
for object detection [16][53][50]. Shokoufandeh et al. [58]
build a hierarchical graph structure based on saliency map to
represent 3D objects. Moreover, Regions of Interests (ROI)
which are defined as the class-specific regions determined
by a bounding box in the image have also been applied for
object recognition [7][14]. But automatically learned ROI are
only available for the training data, and it cannot be used
to the unseen test data. Furthermore, the ROI based method
only obtains binary saliency map and cannot characterize the
saliency in a consistent way, and existing studies [16][53] also
show that the background also can help predict the content of
the image to some extent, and they should also contribute to
the image representation. In a word, all these works hint the
potential application of saliency map for object recognition.
But using saliency to boost the Spatial Pyramid Matching
(feature extraction + feature coding + feature pooling) based
object recognition is less explored.

III. SUPERPIXEL CLUSTERING FOR SALIENCY DETECTION

In this paper, we advocate superpixels as the basic units in
saliency detection. We first use the adaptive mean shift algo-
rithm to extract superpixels from the input image, then apply
Gaussian Mixture Model (GMM) to cluster superpixels based
on their color similarity, and finally calculate the saliency value
for each cluster using spatial compactness metric together with
modified PageRank propagation. Fig. 1 shows the overview of
the proposed framework for salient region detection.

A. Superpixel Extraction and Clustering

Given an input image, we perform mean shift algorithm
[13] in Lab color space to extract superpixels. Mean shift
algorithm is known as nonparametric density estimator, which
iteratively seeks the maxima of a density function in a set of
data samples. It does not assume any prior knowledge on data
cluster and has been successfully applied to many computer
vision applications [15]. In mean shift algorithm, there are
three parameters: Rs and Rr are the spatial and range radii
of the search window respectively, Rm is the minimum point
density that a resulting region must have. Similarly to [1], we
use fixed parameters of 7, 20 for Rs and Rm respectively.
For Rr, we set it according to the color variance of the given
image:

Rr = min
(
Rc,

σ2

σ2
t

Rc

)
, (1)

where σ2 is the color variance of the input image (normalized
by pixel number), σ2

t and Rc are empirical constants repre-
senting the average normalized color variance and maximum
range radius respectively. In experiments, we fix σ2

t to 0.03 1.
It is worth noting that we adaptively set different values of

Rr for different images. For complicated images (those with
large color variance), Rr is set to large value so as to capture

1It is estimated by using the average color variance of the 1, 000 images
available from [1]
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the main color pattern but ignore insignificant variations (noise
tolerance). Moreover, we set an upper bound, Rc, of range
radius to avoid under-segmentation. For simple images (those
with small color variance), Rr is set to small value in order to
capture detailed information and avoid objects and background
blending together (see Fig. 4(b)).

The mean shift process is to segment the image into homo-
geneous regions. However, the pixels grouped by mean shift
are restricted to be connected in spatial domain, e.g. scattered
background cannot be grouped together. Furthermore, the
number of extracted superpixels is often large, usually in
hundreds. We cannot solve this over-segmentation problems
by simply modifying the parameters of mean shift without
blurring the boundary between objects and background. To
group similar but discontinuous regions together and alleviate
the over-segmentation problem, we introduce GMM to cluster
superpixels in RGB color space. After mean shift algorithm
[13], every superpixel will obtain a unique RGB color [13].
Then we concatenate the RGB value of this superpixel as
a 3D vector to represent the superpixel during GMM. The
reason why GMM is not directly used to cluster pixels is
that GMM is sensitive to the presence of outliers, especially
in messy regions (such as grassland, thick tree leaves) [5].
In addition, the illumination, reflection or minor distinction
of pixels may affect the robustness of GMM. Whereas mean
shift algorithm is more robust to handle regions with noise
[15], which is more favorable in saliency detection. Although
mean shift algorithms are computationally expensive, they can
greatly speed up the subsequent processing steps (especially
for GMM) because of relatively few superpixels.

The number of Gaussian components is fixed in advance
and K-means is used to initialize the GMM. After that, the
Expectation Maximization (EM) algorithm is used to train
GMM parameters [5]. Finally, the probability of the ith

superpixel SPi belonging to the kth cluster is calculated as

Pk(SPi) =
πk · N (SPi|µk,Σk)∑K
k=1 πk · N (SPi|µk,Σk)

(2)

where πk is the mixing coefficient of the kth Gaussian
components whose mean vector is µk and covariance matrix
is Σk.

B. Salient Region Detection
Intuitively, background regions have larger spread in spatial

domain compared to salient regions, i.e., the more compact the
clusters are spread, the more salient they will be. Gopalakr-
ishnan et al. [32] proposed compactness metric to evaluate
the spread of cluster in the spatial domain. In their method,
the cluster compactness is measured based on inter-cluster
distances defined as

COMPk = (
K∑
j=1

dkj)
−1, (3)

where dkj is the distance between the kth cluster and the jth

cluster. The inter-cluster distance dkj is defined as

dkj =

∑
y ||Y − Cj ||2 · Pk(x)∑

x Pk(x)
, (4)

where Y denotes the spatial coordinates of pixel y, and Cj

denotes the spatial center of the jth cluster. We adopt the
same compactness metric except the probability Pk(y). In our
model, if pixel y ∈ SPi, we let Pk(y) = Pk(SPi) in Equation
(4). Finally, the saliency of the kth cluster is defined as

S̃k = COMPk. (5)

C. Saliency Refinement with Propagation

For clustering algorithm, it is difficult to choose the correct
number of clusters K. We conservatively fix K = 8 in
our experiments. However, in some situation, the perceptually
meaningful regions are less than the cluster number, thus some
regions which should belong to one cluster will be grouped
into several clusters. Take Fig. 1 for example, the grassland
has two similar clusters in green, and the tiger is also grouped
into several similar clusters. While the compactness metric is
based on the spread of a cluster. If one (perceptually mean-
ingful) cluster is over-segmented into several sub-clusters, the
compactness may be highly distorted. Therefore, we propose
a modified PageRank algorithm to propagate saliency between
similar clusters.

In web page link analysis, PageRank algorithm is applied to
measure the relative importance of a page [10]. The original
PageRank Equation is given as follows:

PR(pi) = (1− λ)
1

N
+ λ

∑
pj∈M(pi)

PR(pj)

L(pj)
(6)

where PR(pi) is called the PageRank of any given page pi.
M(pi) is the set of pages that link to pi, L(pj) is the number
of outbound links on page pj , λ is damping factor and N is
the total number of pages. PageRank is widely used in label
propagation for semi-supervised learning [60][23]. Saliency
propagation is also a semi-supervised learning problem. So
it is nature to use PageRank algorithm to refine saliency.
From Equation (6), a page linked by many pages with high
PageRank receives a high rank itself. In saliency refinement,
we treat a cluster as a web page, and assume that a cluster,
which is similar to many other clusters with high saliency,
should also receive a high saliency. Under this assumption, we
refine cluster saliency by propagating them between clusters
based on following pairwise similarity:

Aij =

{
exp

(
− ||µi−µj ||2

2σ2
µ

)
if i ̸= j,

0 otherwise,
(7)

where µi ∈ R3×1 is the mean color vector of the ith cluster,
σ2
µ is the sum of the variance of each dimension of µ. Similar

to the PageRank algorithm, we define our saliency propagation
formula as follows:

Sk = (1− λ)S̃k + λ

K∑
i=1

Si ∗Aik∑K
j=1 Ajk

, (8)

where S̃k is the initial saliency value computed from the
compactness of the kth cluster (see Section III-B), and λ
is a trade-off parameter between the initial saliency and

This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at http://dx.doi.org/10.1109/TCSVT.2013.2280096

Copyright (c) 2014 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



5

the saliency contributed from other clusters (set to 0.5 in
experiments).

It should be noted that it is the first time to apply PageRank
in saliency detection and we modify it in three aspects. (1)
Every page is uniformly assigned a prior probability 1

N in the
PageRank formula, while we assign the initial saliency S̃ as
the prior saliency for each cluster. (2) The PageRank algorithm
uses binary transition matrix, while we use similarity weighted
transition matrix. (3) The transition contribution of one page is
normalized by its outbound links in original PageRank, while
we normalize the saliency of a cluster by its inbound links.
This is because using the outbound normalization will bias
toward the clusters which have more similar clusters.

(a) Input (b) No refined (c) Refined (d) Ground truth

Fig. 2. Refinement propagates saliency between similar colors and leads to
enhanced saliency maps (images are from the EPFL dataset).

We solve Equation (8) directly by analytical method. In
matrix form, the refined saliency vector S is

S = (1− λ)(I − λA)−1S̃, (9)

where I is the identity matrix, S̃ denotes the initial cluster
saliency vector. After the saliency values of clusters are
calculated, the saliency of superpixels can be obtained by
accumulating contributions from all clusters according to its
cluster distribution Pk(SPi):

Sal(SPi) = exp

( K∑
k=1

SkPk(SPi)

)
, (10)

where the exponential function is used for contrast stretching.
Note that it cannot improve saliency detection, but just gives
a better visual effect.

Fig. 2 compares the saliency maps with refinement and with-
out refinement. We can see that, the refinement strategy can
propagate saliency between similar colors. Before propagation,
the wool ball, red bottle cap and the dog are partially salient. In
contrast, they become almost entirely salient after propagation.
The last row shows an example of background suppression.
Due to most of the poles get low saliency values, this trend is
propagated to the small parts of poles with high saliency and
thus suppresses the background.

IV. EXPERIMENTS FOR SALIENCY DETECTION

We conduct experiments on three commonly used, region-
based datasets. The EPFL dataset [1]2: it contains 1, 000

2http://ivrg.epfl.ch/supplementary material/RK CVPR09/index.html

images with accurate object-contour based ground truth. The
CMU dataset [4]3: it is comprised of 38 groups (643 im-
ages) with hand-annotated ground-truth. The MSRA dataset
[46]4: it includes 5, 000 images as well as the corresponding
rectangular annotations of salient region. Some eye tracking
datasets [40][11] are also widely used in saliency evaluation. In
such datasets, only several fixation points are recorded, which
are not sufficient to indicate the complete salient regions.
To alleviate this problem, most of methods [40][11] usually
convolve the eye tracking data with a 2D Gaussian filter to
get rough salient regions as ground truth. Due to this fact, we
only evaluate different methods on the region-based datasets.

We compare our method with previous methods including
Itti’s method (ITTI) [38], Spectral Residual method (SR) [37],
Graph-Based saliency method (GB) [36], Frequency-Tuned
method (FT) [1] the salient region detection method based
on color and orientation distributions (COD) [32], Region
Contrast method (RC) [12] and Context-Based method (CB)
[39]. Note that the last two methods are more related to our
method which also calculate saliency with the help of some
segmentation algorithms. Since most of saliency evaluation
datasets are region-based, Similar to [64][36][40], the average
Receiver Operating Characteristic (ROC) curve is used to
estimate the performances of different methods. By sweeping
a threshold from 0 to 1 over the normalized saliency maps,
we calculate the true positive rate and false positive rate and
draw the ROC curve. We also use another commonly used
metric: linear Correlation Coefficient (CC) [6] to evaluate the
performance. CC measures the strength of a linear relationship
between the saliency map and the groundtruth map. Fig. 3
shows the performance of all methods on these three datasets
in terms of the ROC curves and CC. Performance rankings
of different methods are not the same over ROC and CC
scores, but it is worthy of noting that region-based methods
generally perform better than pixel-grid based methods on all
the datasets, except GB on the MSRA dataset. This indicates
the superpixel representation proposed by us firstly has great
value in region-based saliency detection. It is also validated
by some neurobiological finding that objects predict fixations
better than early saliency [17][18]. We also calculate the Area
Under the ROC Curve (AUC) of different methods in Table I.
Our method with superpixel representation is superior than the
five pixel-grid based methods (ITTI, SR, GB, FT and COD)
and is comparable to the other two region-based methods (RC
and CB) on all the datasets. Moreover, our method achieves
the best performance in terms of AUC in the MSRA dataset.

To obtain a visual comparison among the different ap-
proaches, we show some examples in Fig. 4. Since the results
generated by region-based methods are very similar, we only
give our saliency maps here. As discussed in section I, most
of the compared methods fail to detect the large salient objects
such as the tiger, ape and leaf in the figure 3(a), 3(b) and 3(e).
In contrast, our method generates more meaningful saliency
maps with well-defined object boundaries. It is worth noting

3http://chenlab.ece.cornell.edu/projects/touch-coseg/
4http://research.microsoft.com/en-us/um/people/jiansun/salientobject/

salient object.htm
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TABLE I
AREAS UNDER AVERAGE ROC CURVES (AUC) OF ALL METHODS.

Method SR ITTI GB FT COD RC CB Ours
EPFL 0.768 0.787 0.872 0.884 0.875 0.966 0.967 0.964
CMU 0.788 0.745 0.833 0.804 0.814 0.913 0.875 0.883

MSRA 0.740 0.764 0.854 0.659 0.821 0.846 0.851 0.893
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(c) Average ROC on the MSRA dataset
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Fig. 3. Performance of the compared methods over three datasets in terms
of average ROC curves and Correlation Coefficient (CC).

that despite applying the same GMM model and compact-
ness metric, the COD method generates saliency maps with
rather poor quality compared with ours, which in some extent
proves the effectiveness of the superpixel representation and
propagation strategy. Moreover, our method outperforms other
methods especially for complicated images (such as Fig. 4(a))
or images with texture background (such as Fig. 4(d) and (e)).

V. WEIGHTED SPARSE CODING BASED SPATIAL PYRAMID
MATCHING FOR OBJECT RECOGNITION

As shown in Fig. 4, objects in the image usually corre-
spond to salient regions. By leveraging the calculated saliency
map, we propose a saliency inspired weighted sparse coding
technique for feature coding, and a saliency weighted max
pooling for feature pooling. Specifically, our weighted sparse
coding based object recognition framework can be described
as follows: (1) After extracting the features, we use weighted

(a) Tiger (b) Ape

(c) Surfing (d) Squirrel

(e) Leaf (f) Child

Fig. 4. The comparison of saliency maps generated from different methods.
The first row from left to right: the input images, SR method [37], GB method
[36], COD method [32]. The second row: the ground truth, Itti’s method [38],
FT method [1], our method. All the images come from the EPFL dataset.

sparse coding for feature coding. (2) We adopt saliency
weighted max pooling for image representation. To preserve
the spatial information, SPM [43] technique is also adopted.
(3) We use SVM to learn classifiers on the training images and
predict the class label of the test image. We show the role of
saliency map in image representation in Fig. 5. As the SVM
is commonly used to train the classifier and predict the label
of the test image in all the image classifications, similar to
previous work [43][65][28], we just focus on explaining how
to get an effective image representation based on the weighted
sparse coding and saliency weighted max pooling, and will not
explain the SVM in details.

A. Saliency Inspired Weighted Sparse Coding for Local Fea-
ture Coding

Denote X as a collection of SIFT features: X =
[x1, . . . , xN ], in which each column xi (xi ∈ Rd×1) corre-
sponds to one feature extracted from a 16× 16 image patch,
and N is the number of SIFT features, i.e., there are N patches
in all. Denote the codebook as U = [u1, . . . , uk] ∈ Rd×k.
Therefore k-means based feature coding can be formulated as
follows:

min
U,V

N∑
i=1

∥xi − Uvi∥2 s.t. Card(vi) = 1, ∥vi∥1 = 1, ∀i.

(11)

Here V = [v1, . . . , vN ] is the cluster index matrix. Each
vi (vi ∈ Rk×1) has only one non-zero entry 1. Such hard
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Fig. 5. The flowchart in the top blue rectangle is sparse coding based image representation. The flowchart in the bottom red rectangle is saliency map
boosted image representation. Saliency map boosts the feature coding (weighted sparse coding) and feature pooling (saliency weighted max pooling).

assignment may cause information loss, and it is especially not
suitable for those features located at the boundary of several
clusters. To reduce the information loss during the feature
coding, the constraint that each feature is only assigned to
one cluster (Card(vi) = 1) is relaxed for the soft assignment
method [52]. Furthermore, following the soft assignment, we
also allow each feature to belong to several clusters. Therefore,
we add the sparsity constraint on the weight vector vi to the
objective of feature coding. We arrive at the objective of sparse
coding:

min
U,V

N∑
i=1

(∥xi − Uvi∥2 + γ∥vi∥1) s.t. ∥uj∥ = 1, ∀j. (12)

In sparse coding based feature coding process, all the
features have the same weight, therefore they have the equal
contributions to the codebook learning and feature coding.
However as we know, the image patches located in the object
contribute more to the recognition of the object than the sur-
rounding patches [2][47]. As a result, we desire to learn a more
discriminative codebook, which prefers to reduce the feature
quantization loss for those more important features. In this
way, more useful information will be kept in feature coding
process, and the image representation can be enhanced. To this
end, we propose two weighted sparse coding formulations for
feature coding and codebook learning.

We denote the feature to be encoded as xi, and denote
the weight of the patch this feature corresponding to as
wi. The weight of this patch reflects the importance of this
feature, therefore we simply set wi be proportional to the
saliency of the patch. To reduce the feature quantization error
for those more important features, we use wi to weight the
feature quantization error term corresponding to feature xi

in Equation (12), and arrive at the objectives of our WSc in
Equation (13) and Equation (14).

min
U,V

∑
i

wi(∥xi − Uvi∥2F + γ∥vi∥1) s.t. ∥um∥ = 1 (13)

min
U,V

∑
i

(wi∥xi − Uvi∥2F + γ∥vi∥1) s.t. ∥um∥ = 1 (14)

In Equation (13), we impose the weight on both the recon-
struction error and the sparsity term because these two terms
jointly correspond to the feature coding of a given feature. We
desire those important features to have larger contributions in

feature coding and codebook learning process. Therefore we
add weight on the feature coding process. In Equation (14),
we only impose the weight on the reconstruction error because
the important features may have smaller reconstruction error.
In the following sections, we denote the objectives of WSc
in Equation (13) and Equation (14) as WSc-I and WSc-II
respectively.

Both WSc-I and WSc-II are not convex for both U and V ,
but they are convex for the codebook U (the sparse codes V )
when the sparse codes V (the codebook U ) is fixed. Following
the previous works [65][44], we optimize the codebook and the
sparse codes alternatively. Specifically, when the sparse codes
of all the features are fixed, we use the Lagrange Dual method
to optimize the codebook [44][65]. When the codebook U is
learned, we use feature-sign search algorithm [44] to optimize
the sparse codes. In practice, the number of the features is
large-scale, and it is impossible to perform feature coding for
all features simultaneously. Following previous work [65], we
sample some features from the whole feature pool to learn the
codebook, then use the learned codebook to encode all the
features.

B. Feature Pooling and Image Representation

After encoding each feature to a sparse code vector, we
also use the max pooling for image representation [8][9][65].
Moreover, to further reduce the effect of background and
emphasize those salient object regions in image representation,
we also incorporate such saliency information into the max
pooling process, and propose a saliency weighted max pooling.
Specifically, if a certain region/patch is more salient, it is more
probably to be the object. As a result, this region/patch should
contribute more to the representation of the image, and it
is natural that we assign larger weights to the sparse codes
corresponding to the more salient patches, and the weight used
for weighting the sparse codes should be proportional to the
weight of this patch. For simplification, we just fix the weight
to be the same with the weight of this region.5 Suppose an
image contain M patches, and the codebook size is k, then
after saliency weighted max pooling, this image region will
be represented by a k dimensional feature y. The jth entry of
y is calculated by the following equation:

yj = max{w1|v1j |, w2|v2j |, . . . , wM |vMj |} (15)

5We can also use other function of the weight of the patch to weight the
sparse codes of this patch. The study of using more complex function of this
weight to weight the sparse codes is beyond the study scope of this paper.
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The spatial structure is a very important factor for object
recognition. To preserve such spatial information, SPM model
is also incorporated into our WScSPM framework. Following
the setting of ScSPM [65], we use 3-layer SPM in our
implementation. We divide the image into 1×1, 2×2, and 4×4
subregions respectively in each layer, and saliency weighted
max pooling is performed within each subregion. We also set
the same weights for different layers in SPM.

C. Weight Determination in Weighted Sparse Coding

The way of determining the weight for feature is vital in
WSc, and it affects the quality of the learned codebook and
feature pooling. As aforementioned, the patches which cover
the objects are more important, therefore their weights should
be larger.

For a patch Pi which is represented by feature xi, we take
average saliency value of all the pixels within this patch as
the saliency value of this patch, and denote it as Sali (Sali ∈
[0, 1]). A linear mapping function is used to map the saliency
value of each patch to its weight in WSc:

wi = (1− w0)× Sali + w0 (16)

Here w0 (0 < w0 < 1) is the minimum weight of all the
features in WSc. In practice, in some cases, background may
be useful to the object recognition [16][53]. What’s more,
sometimes the salient map is not very good. As a result
some parts of the objects are not salient, and their saliency
values may be 0. Nevertheless, they also should contribute to
the codebook learning. Regarding these reasons, we set the
minimum weights of all the features to some non-zero value
w0. When w0 = 1, it comes to the case that all the features
have the same weights. In such case our WScSPM degenerates
to ScSPM.

VI. EXPERIMENTS FOR OBJECT RECOGNITION

In our experiments, we use four datasets to evaluate our
method: (1) The 17 Flower Category Database (Flower-17)6;
(2) The 102 Flower Category Database (Flower-102)7; (3) The
ImageNet-Animal&Insect (ImageNet-AI) dataset8; (4) The
Pascal VOC 2006 dataset9.

A. Experimental Setting

Following previous works [65][43][27], we adopt com-
monly used SIFT feature for local patch characterization.
Specifically, the SIFT features are extracted in dense grid
regions, whose patch size and the step between the centers
of two neighboring patches is 16 and 4 respectively. For
efficiency, we reduce the image size by 1

2 on both height
and width for the Flower-17 and Flower-102 dataset, and we

6www.robots.ox.ac.uk/∼vgg/data/flowers/17/index.html
7www.robots.ox.ac.uk/∼vgg/data/flowers/102/index.html
8We download a subset of ImageNet (www.image-net.org/), and it contains

33 categories which are all animals and insects. We download 200 images for
each category. After removing those gray scale images and images with too
large/small aspect ratio (maxSide/minSide>1.5), the images for each category
ranges from 139 to 197, and the total images in ImageNet-AI is 5853.

9http://pascallin.ecs.soton.ac.uk/challenges/VOC/voc2006/

reduce the max side (width or height) of each image to 300
pixels for the ImageNet-AI and Pascal VOC 2006 dataset with
the original aspect ratio. For the codebook size, following the
work of Yang et al. [65], the size of the codebook is fixed
to 1024, and around (0.6 − 1.0)×105 features are randomly
sampled to generate the codebook for each dataset. Following
the work of ScSPM [65], the weight of sparsity term (γ)
is fixed to be 0.3 for all the datasets. In our experiments,
w0 is set as 0.5 for simplification on all the datasets. We
also randomly generate 5 training/validation/test splits for the
ImageNet-AI dataset, and we fix the training/validation image
number as 40/35, and use all the rest images as test data.
All the results of different methods reported in the paper are
based on these standard splits and the same features. To keep
consistent with the work of Yang et al. [65], we also adopt
linear SVM to learn the classifier because of its fast speed
and good performance for the classification of sparse coding
based image representation. We use the average classification
accuracy for evaluation [65].

B. Performance Comparison

The performance comparisons between different methods
on the Flower-17, Flower-102, and ImageNet-AI datasets are
reported in Table II. We can see that on these datasets, our
method outperforms the baseline method, ScSPM, by about
6%, 7%, and 5% in terms of recognition accuracy, respectively.
Moreover, we also conduct t-test to compare our method with
ScSPM. Under the commonly used criteria (alpha level is set
to be 5%), this improvement of our method over ScSPM is
considered to be very statistically significant. Further, we list
the performance of our method on the Pascal VOC dataset in
Table III. Since each image may contain more than one label
in this dataset, following the commonly used criteria, we also
use the Average Precision (AP) for evaluation [19].10 We can
see our method outperforms the ScSPM, and also achieves the
best performance in terms of average AP. Needless to say, our
saliency weighted feature coding and saliency weighted max
pooling can also be plugged into other feature encoding meth-
ods, like Kernel Sparse Representation, Locality-constrained
Learning Coding, etc., seamlessly. For simplification, here we
do not show the performance of these methods based such
saliency weighted feature coding and pooling.

From Table II we can also see that our WScSPM based
methods outperform the baseline methods on all datasets
and achieve the best performance11. Specifically, from the
comparisons between WScSPM-I+mp, WScSPM-II+mp and
ScSPM+mp, we can see that WScSPM achieves better per-
formance than ScSPM, which proves the effectiveness of

10Here the AP is calculated based on PASCAL VOC 2010 Evaluation
Protocol [19], and it is calculated as follows, “(1): Compute a version of
the measured precision/recall curve with precision monotonically decreasing,
by setting the precision for recall r to the maximum precision obtained
for any recall r′ > r.(2): Compute the AP as the area under this curve
by numerical integration. No approximation is involved since the curve is
piecewise constant.”

11For simplification, we denote our WScSPM based on WSc-I and WSc-
II as WScSPM-I and WScSPM-II respectively. We also denote the WScSPM
with max pooling as WScSPM+mp, and we denote the WScSPM with saliency
weighted max pooling as WScSPM+smp.
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TABLE III
AP OF DIFFERENT METHODS ON THE PASCAL VOC 2006 DATASET (%).

bicycle bus car cat cow dog horse motorbike person sheep Average
ScSPM+mp [65] 77.47 79.63 87.28 59.19 58.43 39.18 52.77 64.72 53.86 70.83 64.34
WScSPM-I+smp 78.34 81.19 87.25 62.82 60.53 40.02 50.33 63.61 55.30 71.21 65.06
WScSPM-II+smp 79.11 80.27 87.33 60.81 58.42 40.98 51.97 67.94 54.78 71.56 65.32

TABLE II
AVERAGE CLASSIFICATION ACCURACY OF DIFFERENT METHODS (%).

Dataset Flower-17 Flower-102 ImageNet-AI
SPM [43] 67.64±3.57 45.55 37.80±0.51

MTJSRC [67] 68.43±1.03 42.91 36.37±0.19
ScSPM+mp [65] 71.18±2.56 47.04 39.80±0.83

ScSPM+smp 75.39±2.96 50.22 43.82±0.79
WScSPM-I+mp 72.06±4.86 47.46 41.47±0.94
WScSPM-I+smp 76.76±3.67 54.23 43.85±1.04
WScSPM-II+mp 72.35±3.06 49.64 42.76±1.35
WScSPM-II+smp 76.76±3.24 53.29 45.02±1.02

Fig. 6. The first row shows some images from the Flower-17 dataset. These
images are misclassified by ScSPM+mp, but can be correctly classified by
WScSPM-I+mp. The second row gives their corresponding saliency maps.

WSc in codebook learning, and such discriminative codebook
does improve the image classification performance. By using
saliency weighted max pooling, the performance of WScSPM
can be further improved. We also try to combine ScSPM
with saliency weighted max pooling, and the performance of
ScSPM can be further improved, but is still lower than our
WScSPM+smp, which proves the effectiveness of weighted
sparse coding. Moreover, WScSPM-II usually achieves better
performance than WScSPM-I when only max pooling is used.
After the saliency weighted max pooling, their performances
are similar. We also show some images in Fig. 6. They are
misclassified by ScSPM, while can be correctly classified by
our WScSPM-I+mp. We can see that although the background
of these images is messy, the objects are highlighted in the
saliency maps, which will obviously boost the performance of
object recognition.

Compared with the Flower datasets, the ImageNet-AI
dataset and the Pascal VOC 2006 dataset are more challenging.
On these two datasets, there are severe variances in occlusion,
illumination, view angle, etc. Moreover, on VOC 2006, there
are more than one objects in each image sometimes, which is
a challenging for saliency detection method. But our method
still demonstrates the best performance, which proves the
effectiveness of our method. We conjecture that our method
can achieve even better performance if we integrate our
saliency method with other co-saliency detection methods,
which detects objects frequently appearing in a collection of
data.

C. Parameter Evaluation

w0 is a critical parameter for weight learning. It determines
the way of mapping saliency values to feature weights. In this
subsection, we investigate the effect of different w0 for object
recognition on the Flower-17 dataset.

We plot the relationship between w0 and object recognition
accuracy for WScSPM-I/WScSPM-II + mp/smp in Fig. 7. It
shows that the performance of WScSPM is stable when w0 in
the range of 0.3− 0.6. We also note that the performance of
WScSPM based methods usually outperform ScSPM (71.18%)
for most w0. This figure also shows that the saliency weighted
max pooling always outperforms max pooling for object
recognition, and this proves the effectiveness of our saliency
weighted max pooling strategy.
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Fig. 7. The effect of w0 on object recognition on the Flower-17 dataset. We
can see that saliency weighted max pooling can further improve the object
recognition accuracy.

VII. CONCLUSION

This paper proposes a promising saliency detection ap-
proach which can generate accurate saliency maps with well-
defined object boundary. To avoid deficiency of pixel represen-
tation in large salient region detection and tolerate noise, our
method employs adaptive mean shift algorithm to extract per-
ceptually and semantically meaningful superpixels as features.
We also refine the saliency values by a modified PageRank
algorithm for propagating saliency between similar clusters.
Experiments show that these two strategies can improve the
saliency detection. Furthermore, we also apply our saliency
map for object recognition. To better encode those salient
regions which usually correspond to the objects, we propose a
feature importance based feature coding technique: weighted
sparse coding. The weighted sparse coding can learn a dis-
criminative codebook which favors the coding of those more
important object regions. We also propose a saliency weighted
max pooling for image representation. Experimentally results
show that our weighted sparse coding can outperform sparse
coding for object recognition, and this proves the effectiveness
of our weighted sparse coding.
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