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1. Introduction

Multimedia data is widely used in the world such as image,
video, text, and audio. For obtaining better sensing perform-
ance, research on multimedia data fusion (MDF) is active
and extensive around the world. In medical systems, a body
part could be imagedwith different sensors such as computed
tomography and magnetic resonance imaging. In video sur-
veillance, the interest is in the identification, recognition, and
tracking of people by numerous cameras. All of these cases
illustrate the importance of MDF in real-life applications. A
number of mathematical methods have been researched in
MDF such as statistics, fuzzy mathematical, stochastic differ-
ential theory, and computational methods.

As a special issue, we aim to reflect on the current and
future theory and application of MDF in the following
aspects: sensor fusion in multimedia medical data, sensor
registration in 3D multimedia data, sensor selection for opti-
mal sensor fusion, performance evaluation of the data fusion
algorithms, joint data registration and fusion algorithms and
the application of multimedia data fusion.

2. Sensor Fusion in Multimedia Medical Data

Multisensor fusion has applications ranging from video sur-
veillance to daily life monitoring, and even battle field mon-
itoring and sensing [1, 2]. Especially, with the development
of internet in the recent years, researching on body sensors
for human health care is causing more and more attention.
How to guarantee that the sensors to will keep working well is
a critical problem. That is, various sensors require a robust,

real-time sensor fusion. At present, sensor fusion provided a
new prospective method to solve the issues of stability and
readability in multimedia medical data and has yielded the
certain result. Based on laser scanners and video cameras,
Chae et al. proposed an adaptive sensor fusionmethod which
can compensate for horizontal bias between the two sensors.
The results show that the proposed system can be success-
fully employed to obtain the peoples’ position in real-time
system [3]. In the recent years, the application of sensor and
data fusion in telemedicine is becomingmore andmore wide.
In order to enhance the robustness of sensors in the envi-
ronmental disturbances or material limits, a data fusion
method take into account that temporary sensor failures has
been used to integrate the various sensor outputs in medical
in-home telemonitoring [4]. This fusion based on data from
all available sensors is another type of sensor fusion. The
sensor fusion applied to the development of medical robots
is an important direction for future research. Avor et al. pro-
posed a fusion matrix for multisensor data, and it can effect-
ively determine the complex interactions between the sen-
sors, muscular, and mechanical components of the human
locomotor systems [5]. This technique will reinforce mod-
eling and building medical robots used for paraplegic reha-
bilitation as well as intelligent mobile robots for industrial
manufacture.

3. Sensor Registration in 3D Multimedia Data

In order to analyze, compare, and integrate data from differ-
ent sensors effectively, an important prerequisite is that these
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data should be transformed into a common reference frame,
and the systematic errors and random noises should be
removed. The 3D multimedia data is more complicated than
the relative traditional data, which makes the sensor registra-
tion in dealing with such data appears to be especially impor-
tant. For studying the cultural heritage objects, Camille et al.
proposed amethod that permits the registration of 3Dmodels
which are based on 3D multimedia data and multispectral
acquisitions [6]. In the orthopaedic field, a 3D scanner is an
important tool, and the relevant 3Dmultimedia data must be
of exact registration. Kouki et al. presented amethod that can
reproduce the dynamicmotion of the knee profilewith the 3D
scanner and electromagnetic sensors [7]. As a result, the pro-
posed method could reproduce the dynamic motion of the
bone profile of both of the knees. With the increasingly pow-
erful sensors function, we can get more and more quantified
3D multimedia data. How to make good use of the data is a
challenge we are facing, and sensor registration is amain con-
cern in the field.

4. Sensor Selection for Optimal Sensor Fusion

Sensor fusion unites the output from several devices that
recovers a particular property of the environment.Ordinarily,
the sensors employed are a range finder, sonar, video camera,
and tactile sensor. The problem of sensor fusion in optimal
decision has drawn the attention of several researchers due
to a lot of interest in the deployment of multiple sensors
for transmission and surveillance purposes. Because of a
restricted transmission capacity, the sensors are demanded to
transmit their decision instead of the raw data upon which
the decisions are based. Stelioset al. proposed the issue of
optimal data fusion with a centralized fusion center applying
the Neyman-Pearson (N-P) test. The optimal decision frame
for the likelihood ratio at the fusion center is derived, and an
improvement in the performance of the system beyond that
of the most reliable sensor is feasible [8]. Zhu et al. proposed
the optimal compression matrix for sensor measurements.
Such choices are quite relaxed.They optimally precompressed
communications bandwidth between sensors and the fusion
center and designed the minimum dimension of sensor data
[9]. Aranda et al. proposed a new decentralized control rules
for the optimal positioning of sensor networks that track a
target.The determinant of the Cramer-Rao Lower Bound and
computation of it in the 2D and 3D cases is investigated.
The motion coordination algorithms that manage the mobile
sensor network to an optimal deployment are proposed and
characterized [10]. The optimal selection for fusion is emerg-
ing as an important research issue. Moreover, the optimality
of selection can be determined based on various constraints
such as the extent to which the task is accomplished, the
complexity with which the task is fulfilled, and even the cost
of applying the modalities for performing the task [11]. As the
optimal subset changes over time, how frequently it should be
calculated so that the cost of re-computation can be reduced
to meet the timeliness, is an open issue for investigators to
consider [11].

5. Performance Evaluation of
the Data Fusion Algorithms

In recent years, with the indepth application of data fusion
theory in the field of target tracking, investigators have deeply
understood that the multi-sensor data fusion is the key tech-
nology that optimized the performance of the tracking sys-
tem. Thus, multi-sensor data fusion is to become a theory
frontier, and generates a large amount of data fusion algo-
rithms. Therefore, how to effectively evaluate the perfor-
mance of these algorithms is a problem to be solved presently.
The performance of the data fusion algorithms mainly in-
cludes two aspects: the fusion accuracy and calculation in-
stantaneity. Chang et al. has given an analysis of the track-to-
track fusion problem and described an analytical evaluation
methodology for comparing performance of several fusion
algorithms with information matrix. The average Root-
Mean-Square error was used to evaluate the fused covariance
matrix [12]. Sun et al. proposed a new multi-sensor optimal
information fusion algorithm weighted by matrices in the
linear minimum variance sense. The correlation among local
estimation errors is considered by the algorithm, and it in-
volves the inverse of a matrix with high dimension [13].
Jayaweera et al. dissected the Bayesian fusion performance
of a stochastic Gaussian signal in a distributed sensor system
under spectral and power constraints. Their sensor system
optimization idea was based on Bhattacharya error exponent,
which determines simple rules for optimal number of nodes
under a global average power constraint. They analyzed the
Bayesian fusion performance based on the Chernoff and
Bhattacharya upper bounds to the fusion error probability
[14]. These performance evaluations are not very good in
the commonality, apriority, and independence, and they may
need to be studied further and to be improved.

6. Joint Data Registration and
Fusion Algorithms

Joint data fusion is a problem that arises in some areas of
science. It has especially received significant attention in the
areas of geological- and satellite-based mapping and medical
imaging [15, 16]. In [17], the authors investigated the problem
on how a spatiotemporal image registration framework for
registering dynamic positron emission tomography images
can be used to describe the changing distribution of the tracer
over time. Based on iterative rigid registration and diffusion-
based deformation of reference segmentations, the authors
proposed an algorithm for joint reconstruction and segmen-
tation of serial section data. The researching results show
that interleaving registration and segmentation allows the use
of expert knowledge for both reconstruction and labeling
[17]. Analyzing longitudinal anatomical changes is a crucial
component in many clinical scenarios. To process tissue
slide without presegmentation, Jun Masumoto et al. have
developed a similarity measure for volume registration using
known joint distribution [15]. A formulation for constructing
spatiotemporal subject-specific models from longitudinal
image data based on a generative model is presented [18].
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The proposed framework describes an approach that inte-
grates fundamental concepts involving segmentation, regis-
tration, and atlas construction. Joint data registration and its
applications is an important research topic.
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This paper studies the image fusion of high-resolution panchromatic image and low-resolution multispectral image. Based on the
classic fusion algorithms on remote sensing image fusion, the PCA (principal component analysis) transform, and discrete wavelet
transform, we carry out in-depth research. The compressed sensing (CS) abandons the full sample and shifts the sampling of the
signal to sampling information that greatly reduces the potential consumption of traditional signal acquisition and processing. We
combine compressed sensing with satellite remote sensing image fusion algorithm and propose an innovative fusion algorithm (CS-
FWT-PCA), in which the symmetric fractional B-spline wavelet acts as the sparse base. In the algorithm we use Hama Da matrix
as the measurement matrix and SAMP as the reconstruction algorithm and adopt an improved fusion rule based on the local
variance. The simulation results show that the CS-FWT-PCA fusion algorithm achieves better fusion effect than the traditional
fusion method.

1. Introduction

Numerous interference factors are always mixed in the
process of image acquisition and transmission. The images
we get are mostly random. PCA [1], which is also known
as Karhunen-Loéve transform [2], aims to transform ran-
dom images. It conducts multidimensional orthogonal linear
transformation based on image statistical characteristics.
According to dimension reduction technique, it transforms
multiple components into a few comprehensive components,
which contain as much original variable information as
possible. PCA concentrates variance, compresses data size,
and shows remote sensing information of the multiband data
structure more precisely, which gets a best approximation to
the original image statistically. PCA,which is withwide appli-
cation, is mainly focused on fusion of multi-band images.
Chavez is the first person to apply PCA to multisensor image
fusion. He fused the Landsat-TMmultispectral and Spot Pan
panchromatic images, achieving a sensational result [3].

Olshausen and Field [4] published a paper on Nature
in 1966, indicating that mammalian visual cortex expresses
the image features sparsely. After that, the research on image
sparse modeling has attracted broad attention; excellent tools
(Curvelet [5], Bandelet [6], etc.) and methods (basis pursuit

(BP) [7],matching pursuit (MP) [8], etc.) of image sparse rep-
resentation were proposed. The development of compressed
sensing theory [9–12] is based on sparse representation. CS
samples and compresses at the same time; its basic idea is
to collect information which is directly related to the useful
object. The obtained value is the projection projected from
high to low dimensional. The main research contents of CS
include measurement method of projection, reconfigurable
conditions, and image reconstruction methods [13–15].

We combine compressed sensing theory into PCA and
propose a kind of fusion method based on CS-FWT-PCA
algorithm. We apply the proposed algorithm, the traditional
PCA transform, and some improved PCA transform, respec-
tively, in image fusion. Simulation results show that the fusion
image based on CS-FWT-PCA has good spatial resolution
and also efficiently keeps the spectrum feature of the original
multispectral image.

2. Compression Sensing Theory of
Satellite Remote Sensing Image Fusion

Candes and Tao [16] pioneered the conception of compres-
sion sensing in 2006. Based on signal harmonic analysis,
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matrix analysis, sparse representation, statistics and prob-
ability theory, time-frequency analysis, functional analysis,
and optimal reconfiguration, CS develops rapidly. It aims to
obtain information from signal directly and gets rid of the
contact with physical measurement such as signal frequency.
As long as a signal has a compressible sparse domain, its
transform coefficients can be linearly projected to the low-
dimensional observation vector by taking advantage of the
measure matrix which is incoherent with the transformation
matrix. Original signal can be precisely reconstructed from
fewer sampling value by using sparse optimization theory,
since the sampling value contains enough information. It is
very suitable for satellite remote sensing image recovering
high-resolution signal from low-resolution observations. CS
theory mainly includes three parts: the sparse representation,
the design of measurement matrix, and the reconstruction
algorithm. And in view of the signal which can be sparse, its
advantage is that it combines the traditional data acquisition
with data compression and compresses data during obtaining
signal. This can greatly reduce the potential consumption in
traditional signal acquisition and processing.

2.1. Mathematical Model of Compressed Perception Theory.
The traditional linear measurement model written in matrix
form is as follows:

𝑦 = Φ𝑥, Φ ∈ 𝑅
𝑀×𝑁

. (1)

From the signal theory, we know that 𝑁-dimension signal
𝑥 has a linear representation by orthogonal basis 𝜓 =

[𝜑
1
, 𝜑
2
, . . . , 𝜑

𝑁
] ∈ 𝑅
𝑁×𝑁 (𝜑

𝑖
is an𝑁-dimension vector):

𝑥 =

𝑁

∑

𝑖=1

𝜃
𝑖
𝜑
𝑖
= 𝜓𝜃. (2)

Expansion coefficient vector 𝜃 = [𝜃
1
, 𝜃
2
, . . . , 𝜃

𝑁
]
𝑇, 𝜃
𝑖
= ⟨𝑥,

𝜑
𝑖
⟩ = 𝜑
𝑇

𝑖
𝑥.

Putting (2) to (1) and thinking that the CS information
operator 𝐴CS

= Φ𝜓, we get

𝑦 = Φ𝑥 = Φ𝜓𝜃 = 𝐴
CS
𝜃. (3)

The number of measurements is far less than the number of
signal (𝑀 ≪ 𝑁) on the condition of compression. From (1)
we get that it is an ill-conditioned problem to recover 𝑥
from 𝑦 because the number of unknowns is greater than
the number of equations; this means there exist infinite
solutions. But if 𝑥 is a compressible sparse signal, 𝜃 in formula
(2) is also sparse, although recovering 𝜃 from 𝑦 is also an
ill-conditioned problem; the number of unknowns will be
greatly reduced, making signal reconstruction possible [17].
Signal reconstruction in compressed sensing theory is to look
for optimum solution in a constraint condition. It utilizes
optimization problem under ℓ

0
norm to extract the signal. It

can be formulated as

min
𝜃

‖𝜃‖0

s.t. 𝑦 = 𝐴CS
𝜃.

(4)

From formula (4) the sparse coefficient 𝜃 can be estimated.
Convex optimization compressing sensing recovery frame-
work under ℓ

𝑝
norm is an important innovation proposed by

Donoho andCandes. Itsmain idea is replacing the nonconvex
optimization objective in formula (4) by ℓ

𝑝
norm:

min
𝜃

‖𝜃‖𝑝

s.t. 𝑦 = 𝐴CS
𝜃.

(5)

Thus, the optimization problem in formula (4) has been
turned into a solution of convex optimization problem. The
result can be obtained in away of solving linear programming
problem.

In conclusion, the implementation of compressed sens-
ing theory includes three basic elements: signals’ sparse
expression, noncorrelated observation of the measurement
matrix, and nonlinear optimization reconstruction of signals.
Signal sparsity is the necessary condition for CS theory,
measurement matrix is the key, and nonlinear optimization
is an approach of CS theory to reconstruct signal [11]. The
framework of compressed sensing theory is as Figure 1.

The differences between CS theory and traditional sam-
pling theorem [18] are as follows.

Firstly, traditional sampling theorem takes the infinite-
length continuous signal into consideration, but CS theory
concerns the vector of finite dimension.

Secondly, traditional sampling theorem obtains data by
uniform sampling; by contrast, CS theory gets observed data
by utilizing the inner product of signal and measurement
function.

Lastly, the difference between signal reconstructions is
as follows. Traditional sampling recovery uses linear inter-
polation of SINC function to obtain signal, but CS theory
turns to solve highly nonlinear optimization problem from
the current observed data to get signal.

3. CS-FWT-PCA-Based Satellite Remote
Sensing Image Fusion

We apply compressed sensing theory which is combined with
PCA to satellite remote sensing image fusion and choose
fractional 𝐵-spline wavelet as the sparse basis. The fusion
rules are improved to increase the spatial resolution, enhance
the spectral information, and accelerate the fusion speed
in large data fusion. Fractional 𝐵-spline wavelet transform
is similar to traditional wavelet transform; the wavelet
transform coefficients consist of a small number of large
numerical coefficients and a large number of small numerical
coefficients that can adequately reflect the local variation of
the original image, which provides favorable conditions for
image fusion.

3.1. Fractional 𝐵-Spline Wavelet Transform. In 1999 for the
first time Unser and Blu popularized spline function to
fractional order on the basis of polynomial splines by frac-
tional 𝐵-spline functions of differential structures and gave
a concrete expression [19–21]. Then, we prove that the good
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Figure 1: Compressed sensing theory framework.

performance of these functions can be used as the wavelet
basis function to conduct the wavelet transform. Since this
transform order of wavelet transform can be a fraction, it is
called the fractional-order 𝐵-spline wavelet transform.
𝛼 (𝛼 > −1, real number) order symmetric fractional 𝐵-

spline function is defined as follows:

𝛽
𝛼

∗
(𝑥) =

1

Γ (𝛼 + 1)
∑

𝑘∈𝑍

(−1)
𝑘 

𝛼+1

𝑘


|𝑥 − 𝑘|

𝛼

∗
, (6)

where

Γ (𝛼 + 1) = ∫

+∞

0

𝑥
𝛼
𝑒
−𝑥
𝑑𝑥,

(𝑥 − 𝑘)
𝛼

+
= (max (𝑥 − 𝑘, 0))𝛼,

(
𝛼

𝑘
) =

Γ (𝛼 + 1)

Γ (𝑘 + 1) Γ (𝛼 − 𝑘 + 1)
,

|𝑥|
𝛼

∗
=

{{{{

{{{{

{

|𝑥|
𝛼

−2 sin ((𝜋/2) 𝛼)
, 𝛼 is others

𝑥
2𝑛 log𝑥
(−1)
1+𝑛
𝜋
, 𝛼 is even.

(7)

The 𝛼 order symmetric fractional 𝐵-spline function has been
proved to owe the characteristics of multiresolution in the
literature [19–21] by Unser and Blu, which can construct the
wavelet basis function and satisfy the following two-scale
equation:

𝛽
𝛼

∗
(
𝑥

2
) = ∑

𝑘∈𝑍

ℎ
𝛼
(𝑘) 𝛽
𝛼

∗
(𝑥 − 𝑘) . (8)

Symmetric fractional 𝐵-spline function is one of Riesz bases;
it can become orthonormal basis through orthogonalization
and standardization. It can be used as a sparse basis to
conduct sparse transformation about signals.

Fractional𝐵-spline function satisfies the following condi-
tions [19]:

𝛽
𝛼

∗
(𝑥) ∈ 𝐿

1
, 𝛼 > −1

𝛽
𝛼

∗
(𝑥) ∈ 𝐿

2
, 𝛼 > −

1

2
.

(9)

The experiment selects 𝛼 > −1/2 because the wavelet trans-
form is carried out in the 𝐿2 space. With symmetry fractional
𝐵-spline wavelets of the 𝐿2 space, the orthogonal filter bank
can be constructed to get the corresponding symmetric
fractional 𝐵-spline wavelet transformation.

3.2. Determining the Fusion Rules. This paper presents an
improved fusion rule: registering images before PCA trans-
form to the MS image. Then, we select the 𝐽-layers symmet-
rical fractional 𝐵-spline wavelet to conduct sparse transform
of the matched PAN image and the first principal of the PCA
transformed MS image. After sparse transform, each layer
can be decomposed into a low-frequency sparse matrix and
a series of high-frequency sparse matrixes. We fuse coeffi-
cients separately because the high- and low-frequency sparse
coefficients have different characteristics. The low-frequency
sparse coefficients represent the approximate image, and the
variation of the coefficients is not obvious, so the ordinary
weighted average fusion [22] is used in the low-frequency
subpicture, but high-frequency coefficients are obviously
different and have significant details of the original image,
such as bright lines and edges; in order to obtain better
fusion effect, the fusion rules based on regional character-
istics selection [23] are adopted. The fusion method which
selects different fusion strategies adaptively according to the
different areas of the image (high-frequency subpicture and
the low-frequency subpicture) can improve the quality of the
image fusion more effectively.

3.3. CS-FWT-PCA-Based Satellite Remote Sensing Image
Fusion Algorithm. Theflow chart of the satellite remote sens-
ing image fusion algorithm based on compressed sensing,
PCA transform, and fractional 𝐵-spline wavelet transform
(CS-FWT-PCA) is shown in Figure 2.

The concrete steps are as follows.
(1) Register the PAN image with the MS image by using

SURF-based algorithm registration method to get the image
PAN1.
(2) Apply PCA to the MS image to get the first principal

component 𝑀1 and other principal components 𝑀
𝑠
; then

have a 𝛼-order symmetric fractional𝐵-spline 𝐽-layers wavelet
decomposition to the first principal component 𝑀1 and
make it sparse to obtain high-frequency sparse matrixes𝜓

𝑚1ℎ

and low-frequency coefficient matrix 𝜓
𝑚1𝑙

in different layers.
(3) Perform histogram matching [24] of PAN1 with the

first principal component of MS image obtained in step (2)
to get the enhanced PAN2 image; then have a 𝛼 symmet-
ric fractional 𝐵-spline 𝐽-layers wavelet decomposition and
sparse to obtain high-frequency sparsematrixes𝜓

𝑝ℎ
and low-

frequency sparse matrix 𝜓
𝑝𝑙
in different layers.

(4) Fuse the low-frequency sparse matrixes 𝜓
𝑚1𝑙

and 𝜓
𝑝𝑙

of different layers by using the weighted average method [22]
to obtain a low-frequency coefficient 𝜓

𝑙
of the fusion image.
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Figure 2: Satellite remote sensing image fusion method based on the CS-FWT-PCA.
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The correlation coefficient of two sets of low-frequency
subpictures 𝜓

𝑚1𝑙
, 𝜓
𝑝𝑙
is defined as

𝐶 (𝑀, 𝑃) =

∑
𝑚

𝑖=1
∑
𝑛

𝑗=1
(𝑃 (𝑖, 𝑗) − 𝑃) (𝑀 (𝑖, 𝑗) − 𝑀)

√∑
𝑚

𝑖=1
∑
𝑛

𝑗=1
(𝑃 (𝑖, 𝑗) − 𝑃)

2

(𝑀 (𝑖, 𝑗) − 𝑀)
2

,

(10)

wherein𝑀,𝑃, respectively, represent 𝜓
𝑚1𝑙
, 𝜓
𝑝𝑙
.𝑀,𝑃, respec-

tively, represent average numbers of wavelet low-frequency
coefficients of 𝜓

𝑚1𝑙
and 𝜓

𝑝𝑙
, and the size of the images are

𝑚 ∗ 𝑛. Fusion weight values 𝜇
1
, 𝜇
2
are defined as follows:

𝜇
1
=
1

2
(1 − |𝐶 (𝑀, 𝑃)|) ,

𝜇
2
= 1 − 𝜇

1
.

(11)

Then, the fusion low-frequency coefficient 𝜓
𝑙
is calculated by

the following formula:

𝜓
𝑙
(𝑖, 𝑗) = 𝜇

1
𝑀(𝑖, 𝑗) + 𝜇

2
𝑃 (𝑖, 𝑗) . (12)

(5) Fuse the two high-frequency sparse matrixes 𝜓
𝑚1ℎ

,
𝜓
𝑝ℎ

of each layer via the regional feature selection method
[23] to obtain the fused high-frequency coefficients 𝜓

ℎ
.

Determine the size of a local region 𝑄 sized as 3 × 3
whose center point is 𝑝. Point 𝑝 is at the pixel (𝑖, 𝑗) of the
wavelet frequency coefficientmatrix.𝐶(𝑀, 𝑝) and𝐶(𝑃, 𝑝) are
the wavelet coefficients of 𝜓

𝑚1ℎ
and 𝜓

𝑝ℎ
, respectively, at point

𝑝, while 𝜇(𝑀, 𝑝) is the mean of 𝐶(𝑀, 𝑝) in the domain 𝑄.
First, the local deviation is defined as

𝐺 (𝑀, 𝑝) = ∑

𝑞∈𝑄

𝜔 (𝑞)
𝐶(𝑀, 𝑝) − 𝜇 (𝑀, 𝑝)



2

, (13)

wherein 𝜔(𝑞) represents weighting factor and satisfies the
condition

∑

𝑞∈𝑄

𝜔 (𝑞) = 1. (14)

The nearer the distance between 𝑞 and 𝑝 is, the greater the
weighting factor is; the rule is available in getting 𝐺(𝑃, 𝑝).

Second, the matching matrix is expressed as

𝑀(𝑝)

=
2∑
𝑞∈𝑄
𝜔 (𝑞)

𝐶 (𝑀, 𝑞) − 𝐶 (𝑀, 𝑝)

𝐶 (𝑃, 𝑞) − 𝐶 (𝑃, 𝑝)



𝐺 (𝑀, 𝑝) + 𝐺 (𝑃, 𝑝)
.

(15)

The range of values of the points in match matrix is [0, 1]; the
closer to 1 indicates the higher correlation degree of the two
low-frequency images.

Set the threshold of matching degree 𝑇 in the range of
[0.5, 1].

If𝑀(𝑝) > 𝑇,

𝐶 (𝜓
ℎ
, 𝑝)

= {
𝜆max𝐶 (𝑀, 𝑝) + 𝜆min𝐶 (𝑃, 𝑝) , 𝐺 (𝑀, 𝑝) > 𝐺 (𝑃, 𝑝)

𝜆max𝐶 (𝑃, 𝑝) + 𝜆min𝐶 (𝑀, 𝑝) , 𝐺 (𝑃, 𝑝) ≥ 𝐺 (𝑀, 𝑝) .

(16)

Otherwise,

𝐶 (FUSED
ℎ
, 𝑝) =

{

{

{

𝐶 (𝑀, 𝑝) , 𝐺 (𝑀, 𝑝) > 𝐺 (𝑃, 𝑝)

𝐶 (𝑃, 𝑝) , 𝐺 (𝑃, 𝑝) ≥ 𝐺 (𝑀, 𝑝) ,

(17)

where

𝜆min =
1

2
−
1

2
(
1 −𝑀(𝑝)

1 − 𝑇
) ,

𝜆min = 1 − 𝜆max.

(18)

(6) According to the formula 𝑦 = Φ𝑥 = Φ𝜓𝜃 = 𝐴CS
𝜃,

use the fused sparse matrixes 𝜓
ℎ
and 𝜓

𝑙
to get value 𝑌

and then obtain the fused component𝑀1 according to the
reconstruction algorithm SAMP.
(7) Do a 𝛼-order symmetric fractional 𝐵-spline 𝐽-layers

wavelet reconstruction to𝑀1 to get the new first principal
component𝑁𝐸𝑊𝑀1.
(8) 𝑀1 in the step (2) is replaced by 𝑁𝐸𝑊𝑀1. Perform

the PCA inverse transform on the 𝑁𝐸𝑊𝑀1 with other
principal components of theMS image to obtain fused image.

4. Experiment Result and Analysis

We simulate the proposed algorithm by using MATLAB 7.8.
Two groups of experimental data are adopted: one is the
Landsat-TM (MS image, resolution ratio is 30m, 256 × 256
pixels) multispectral image and SPOT (PAN image, resolu-
tion ratio is 10m, 256 × 256 pixels) panchromatic image;
the other group is the IKONOS (MS image, resolution ratio
is 4m, 256 × 256 pixels) multispectral image and IKONOS
(PAN image, resolution ratio is 1m, 256 × 256 pixels)
panchromatic image. Figure 3 illustrates the two groups of the
source images.

4.1. The Analysis of Symmetry Fractional 𝐵-Spline Wavelet
Order. When taking the 𝛼-order 𝐽-layers symmetry factional
𝐵-spline wavelet transformation, 𝐽 is set to 3. When an
image is subjected to symmetry fractional 𝐵-spline wavelet
transformation, the effectiveness of the fusion differs with the
change of 𝛼. Based on [25], we can get the entropy (EN),
average gradient (AG), correlation coefficient (CC), and the
degree of distortion (DE); they are illustrated in Figure 4.

In Figure 4, the abscissa of each part is the wavelet
order 𝛼; the ordinate, respectively, represents the entropy, the
definition (average gradient), the correlation coefficient, and
the degree of distortion of the fusion image. These figures
show that when the order 𝛼 of the wavelet transformation of
symmetry fractional 𝐵-spline increases gradually, as shown
in column 1 and column 3, the information entropy and
correlation coefficient tend to decline after a short period of
slight increase, the definition shown in column 2 increases
after a short period of slight decline, and the torsion resistance
in column 4 keeps the trend of increase. Image fusion
aims to get comparatively large information entropy, average
gradient and correlation coefficient, and a minimum torsion
resistance. After multiple experiments, we set order −0.25 for
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(a) (b)

(c) (d)

Figure 3: Group one: (a) Landsat-TM image (30m, 256 × 256); (b) SPOT image (10m, 256 × 256). Group two: (c) IKONOS image (4m,
256 × 256); (d) IKONOS image (1m, 256 × 256).

Landsat-TM and SPOT images in group one and set order
𝛼 − 0.15 for IKONOS images in group two. After giving 𝛼
a proper value, we can get the best effectiveness of fusion
image and achieve an optimal balance point between the four
indexes of quality evaluation.

4.2. Comparison and Analysis with Traditional Fusion Algo-
rithm. Four different methods are adopted, respectively, to
fuse satellite remote sensing images, including traditional
PCA transformation [3], wavelet transform (DWT) [26], the
PCA and fractional 𝐵-spline wavelet based fusion method
(FWT-PCA) [27] (the wavelet in this conference is also frac-
tional 𝐵-spline wavelet), and the fusion method proposed in
this paper (CS-FWT-PCA). The fused images are illustrated
in Figures 5 and 6. The sampling rate of compressed sensing
is𝑀/𝑁 = 0.4.

Comparing the relevant images in Figures 3, 5, and
6, with the subjective visual effect, we can find that the
spatial resolution of these fusion images is quite close and is
higher than the resolution of the multispectral image before
merging (Figures 3(a) and 3(c)). From the view of the spectral
signature, the fusionmethod based on traditional PCA shows
spectral distortion (Figures 5(a) and 6(a)).Though the fusion
method based on combining fractional 𝐵-spline wavelet
transformation and PCA transformation (Figures 5(c)

Table 1: Landsat-TM and SPOT image data fusion performance
evaluation 1.

EN AG
R G B R G B

PAN 7.4075 7.4075 7.4075 13.1554 13.1554 13.1554
MS 7.4638 7.4244 7.4122 6.6873 6.485 6.6413
PCA 7.4942 7.5570 7.4307 10.8695 10.6396 10.7393
DWT 7.5512 7.5345 7.5034 11.1628 11.0917 11.3812
FWT-PCA 7.6187 7.7086 7.5206 13.2971 13.1768 13.2113
CS-FWT-
PCA 7.7103 7.7092 7.6820 14.0967 13.8774 13.9965

and 6(c)) in [27] has fair fusion effectiveness, the algorithm
proposed in this paper has higher spatial resolution and
richer spectral information than the fusion method in [27]
and has distinct and visible image contour.

In this paragraph, the objective evaluation method will
be used to analyse the information entropy, average gradi-
ent correlation coefficient, and torsion resistance of fusion
images for each fusion method. Tables 1 and 2 evaluate the
fusion performance of the experimental data of Landsat-TM
and SPOT. Tables 3 and 4 evaluate the fusion performance of
the experimental data of IKONOS.
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Figure 4: The fusion parameters change curve corresponding to the different numbers of wavelet order. (a) EN, AG, CC, and DE of fusion
image of Landsat-TM and SPOT. (b) EN, AG, CC, and DE of fusion image of IKONOS.
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(a) (b) (c)

Figure 5: Fusion image of Landsat-TM and SPOT. (a) PCA; (b) DWT; (c) FWT-PCA; (d) CS-FWT-PCA.

(a) (b) (c)

Figure 6: Fusion image of IKONOS. (a) PCA; (b) DWT; (c) FWT-PCA; (d) CS-FWT-PCA.

Table 2: Landsat-TM and SPOT image data fusion performance
evaluation 2.

CC DE
R G B R G B

PAN 0.7091 0.6961 0.6128 32.2877 27.6492 28.5331
MS 0.7091 0.6961 0.6128 0 0 0
PCA 0.7176 0.6830 0.6556 27.5283 27.1905 27.5072
DWT 0.8403 0.7926 0.7849 16.9660 27.6493 28.5331
FWT-PCA 0.8874 0.8618 0.7301 16.7670 16.5377 16.6828
CS-FWT-
PCA 0.9092 0.8993 0.8728 15.9702 15.7063 14.3999

From the data in Tables 1 and 2, it can be seen that the
evaluation indexes of the fusion image based on FWT-PCA
are superior to those of the fusion images based on DWT and
PCA.Theaverage gradient of the FWT-PCA-based imagewas
increased 17.99% over DWT-based image; and we can see a
31.66% decrease in distortion.The fusion image based on CS-
FWT-PCA has an improvement in entropy (0.0845), average
gradient (0.7618), and correlation coefficient (0.0674) and
also significantly reduces the degree of distortion (1.3037).

Table 3: IKONOS image data fusion performance evaluation 1.

EN AG
R G B R G B

PAN 7.7376 7.7376 7.7376 29.6375 29.6375 29.6375
MS 7.8316 7.6849 7.6202 12.2342 12.0416 11.5112
PCA 7.8468 7.7716 7.7817 24.5896 22.3556 22.0533
DWT 7.8592 7.7098 7.7089 27.4281 27.6365 27.5637
FWT-PCA 7.8723 7.7476 7.7722 29.4191 29.6374 29.6375
CS-FWT-
PCA 7.9106 7.8315 7.8044 31.8498 28.6302 28.4154

In Tables 3 and 4, although the source images are
different, the simulation results are similar to the results based
on Landsat-TM and SPOT images. Compared with PCA
algorithm, theDWTalgorithm increases the average gradient
and correlation coefficient and decreases the entropy and the
degree of distortion. the differences between two algorithms
are not obvious; each index of the FWT-PCA-based fused
image is better than that of PCA-based and DWT-based
images. While the four indicators of the CS-FWT-PCA-
based image have been greatly optimized, the mean entropy
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Table 4: IKONOS image data fusion performance evaluation 2.

CC DE
R G B R G B

PAN 0.7847 0.7846 0.7822 28.9117 27.3725 43.107
MS 0.7847 0.7846 0.7822 0 0 0
PCA 0.8086 0.8058 0.7954 31.3666 30.8954 31.0786
DWT 0.8391 0.8279 0.8326 29.1504 28.8737 29.7480
FWT-PCA 0.8654 0.8519 0.8063 25.5072 27.3725 26.1070
CS-FWT-
PCA 0.9019 0.8608 0.9011 18.3169 18.5298 18.0108

of RGB channel is 7.8488, higher than 7.7974 in FWT-PCA-
based image, themean average gradient andmean correlation
coefficient are improved to 29.6318 and 0.8879 respectively,
and the mean distortion is reduced to the minimum 18.2858.

These parameters show that after the traditional PCA
transform, the information entropy is minimum, the average
gradient and torsion resistance are comparatively large, the
correlation coefficient is minimum, and the fusion effec-
tiveness is worse than other methods. The reason of this is
that in PCA transformation, the first principle component
represents the image that changes most and the image of
the first principle component has more spatial details. So it
has more similar correlation with panchromatic image; the
fusion image obtained by this method remains more spectral
information and has better comprehensive effectiveness.

With great approximation capability, symmetry fractional
𝐵-spline wavelet transformation can gain better effectiveness
when obtaining the detailed information of the image. Com-
bining symmetry fractional 𝐵-spline wavelet transformation
and PCA transformation, FWT-PCA transformation can
improve the textural features of the image by PCA transfor-
mation and thereby enhances the expression of spatial details,
while it can keep the richness of the spectral information of
the image by symmetry fractional 𝐵-spline wavelet transfor-
mation. So it improves the definition of the fusion image,
meanwhile significantly reducing the torsion resistance, and
the information entropy and correlation coefficient improve
significantly. The algorithm of CS-FWT-PCA which is pro-
posed in this paper significantly reduces the sampling time
by compressive sensing sampling. Symmetry fractional 𝐵-
spline wavelet transformation brings sparsification. Combin-
ing with PCA transformation, it achieves the highest defini-
tion of fusion image. CS-FWT-PCA-based fusion image is
closest to MS image in color and has the minimum torsion
resistance and maximum comprehensive index.This method
maximizes the high spatial resolution of origin image and
richness of spectral information, improves the fusion quality,
and obtains the optimal fusion effectiveness by using fewer
sampling points.

5. Conclusion

In this paper, we introduced the compressed sensing and its
application and then described the image fusion algorithm
based on CS-FWT-PCA. In the simulation that followed,

two groups of experimental data are fused separately by
using the proposed algorithm, the classical PCA fusion
method, the wavelet transform, and FWT-PCA fusion rules.
A conclusion can be drawn that the FWT-PCA and CS-
FWT-PCA algorithms are obviously superior to others, and
the effect of the CS-FWT-PCA algorithm is optimal. But the
compressed sensing-based algorithm requires toomuch time
in simulation. Our next job can be focused on improving
the image fusion efficiency of the proposed algorithm and
reducing the simulation time.
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We present an online object tracking algorithm based on feature grouping and two-dimensional principal component analysis
(2DPCA). Firstly, we introduce regularization into the 2DPCA reconstruction and develop an iterative algorithm to represent an
object by 2DPCA bases. Secondly, the object templates are grouped into a more discriminative image and a less discriminative
image by computing the variance of the pixels in multiple frames. Then, the projection matrix is learned according to the more
discriminative image and the less discriminative image, and the samples are projected.The object tracking results are obtained using
Bayesian maximum a posteriori probability estimation. Finally, we employ a template update strategy which combines incremental
subspace learning and the error matrix to reduce tracking drift. Compared with other popular methods, our method reduces the
computational complexity and is very robust to abnormal changes. Both qualitative and quantitative evaluations on challenging
image sequences demonstrate that the proposed tracking algorithm achieves more favorable performance than several state-of-
the-art methods.

1. Introduction

Online object tracking is a fundamental problem in many
computer vision applications such as surveillance, driver
assistance systems, and human-computer interactions [1–4].
Although researchers havemade great progresses in this area,
object tracking remains a challenging problem due to the
difficulty arising from the appearance variability of an object.
Intrinsic and extrinsic changes inevitably cause large appear-
ance variation. Due to the nature of the tracking problem,
an effective appearance model is of prime importance for the
success of a tracking algorithm [5–8].

In recent years, as a popular dimensionality reduction
and feature extraction technique, linear subspace learning
has been successfully used in robust visual tracking. Super-
vised discriminativemethods for classification and regression
have also been exploited to solve visual tracking problems.
For example, Avidan developed a tracking algorithm that
employs the support vector machine (SVM) classifier within
an optic flow framework [9]. Along similar lines, Williams et
al. developed amethod inwhich an SVM-based regressorwas

used for tracking [10]. As a result of training the regressor on
in-plane image motion, this method is not effective in track-
ing objects with out-of-plane movements. In [11], the author
combines the sparse coding and Kalman filtering together
and chooses the color histogram and gradient histogram as
features to track the object. The template updating strategy
of the algorithm is to replace a random template of the
original template library with the last tracking result. This
updating strategy can easily introduce tracking errors when
abnormal changes happen to the object, which would result
in failure of tracking. A method by casting object tracking
as a sparse approximation problem in a particle filter frame-
work is proposed in [12]. The author solves the problem of
object occlusion through the introduction of trivial template
which, however, extends the number of templates greatly
and increases the computational complexity. In that case, the
practical value of algorithm is greatly reduced.

Motivated by the abovementioned discussions, we pro-
pose an online object tracking algorithm based on feature
grouping and 2DPCA. Firstly, we introduce regularization
into the 2DPCA reconstruction and develop an iterative
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Figure 1: Tracking results of test video “Lemming.”

algorithm to represent an object by 2DPCA bases. Secondly,
the object templates are grouped into a more discriminative
image and a less discriminative image by computing the
variance of the pixels inmultiple frames.Then, the projection
matrix is learned according to the more discriminative image
and the less discriminative image, and the samples are
projected using the projection matrix. The object tracking
results are obtained using Bayesian maximum a posteriori
probability (MAP) estimation (Figures 1, 2, and 3). Finally,
to further reduce tracking drift, we employ a template update
strategy which combines incremental subspace learning and
the error matrix. This strategy adapts the template to the
appearance change of the target and reduces the influence of
the occluded target template as well.The experimental results
show that our proposed method has strong robustness to
abnormal changes.

2. Robust Online Object Tracking Based on
Feature Grouping and 2DPCA

2.1. The Theory of 2DPCA. Principal component analysis
(PCA) is a well-established linear dimension-reduction tech-
nique, which has been widely used in many areas (such
as face recognition [13]). It finds the projection directions
along which the reconstruction error to the original data
is minimum and projects the original data into a lower
dimensional space spanned by those directions correspond-
ing to the top eigenvalues. Recent studies demonstrate that
two-dimensional principal component analysis (2DPCA)
could achieve performance comparable to PCA with less
computational cost.

Given a series of image matrices Y = [Y1;Y2; . . . ;Yd],
2DPCA aims to obtain an orthogonal left-projection matrix
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Figure 2: Tracking results of test video “Car4.”

U, an orthogonal right-projection matrix V, and the pro-
jection coefficients A = [A1;A2; . . . ;Ad] by solving the
following objective function:

min
U,V,A𝑖

1

𝑑

𝑑

∑

𝑖 = 1


Y
𝑖
− UA
𝑖
V
2

𝐹
. (1)

Then the coefficient A
𝑖
can be approximated by A

𝑖
≈

UY
𝑖
V. We note that the underlying assumption of (6) is that

the error term is Gaussian distributed with small variances.
This assumption is not able to deal with partial occlusion as
the error term cannot be modeled with small variances when

occlusion occurs. In this paper, we propose an object tracking
algorithm by using 2DPCA basis matrices and an additional
MLE error matrix Y ≈ UAV + e.

Let the objective function be

𝐿 (A,E) = 1

2


Y − UAV − E

2

𝐹
+ 𝜆‖e‖1, (2)

the problem is

min
A,E

𝐿 (A,E)

s.t. UU = I; VV = I,
(3)
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Figure 3: Tracking results of test video “Singer1.”

where Y denotes an observation matrix, A indicates its
corresponding projection coefficient, 𝜆 is a regularization
parameter, and e describes the error matrix.

2.2. Feature Grouping. In object tracking problem, T =

[t1, t2, . . . , tn] ∈ R𝑑×𝑛 consists of 𝑛 templates and forms the
object template library, where t

𝑖
∈ R𝑑, 𝑑 ≫ 𝑛. In our

experiments, we make 𝑛 = 10 and the object template size
32 × 32; that is, d = 1024. The result image block in current
frame is denoted as y, y ∈ R𝑑, which has the same size as
object template t

𝑖
.

We would like to decompose each template t
𝑖
, 𝑖 =

1, 2, . . . , 𝑛, into a more discriminative image t𝑎
𝑖
and a less

discriminative image t𝑏
𝑖
. First, we rewrite t

𝑖
as 𝑡
𝑖,𝑗
, 𝑗 =

1, 2, . . . 𝑑, and compute the variance of each pixel in each

template. if the pixel 𝑡
𝑖,𝑗
has a smaller variance, we can think

that this pixel is more stable. Based on this heuristic, we can
decompose those templates into a more discriminative image
and a less discriminative image.

Denote by 𝑡
𝑗
the mean of the templates 𝑡

𝑖,𝑗
. The variance

of the 𝑗th pixel in template t
𝑖,𝑗
is

𝜎
𝑗
=
1

𝑑

𝑑

∑

𝑗 = 1

(𝑡
𝑖,𝑗
− 𝑡
𝑗
) . (4)

We want to put those pixels having smaller 𝜎
𝑗
into a

more discriminative image and the remaining into a less
discriminative image t𝑏

𝑖
.

After decomposing, each template can be written as
t
𝑖
= t𝑎
𝑖
+ t𝑏
𝑖
, 𝑖 = 1, 2, . . . , 𝑛, and we have T = T

𝑎
+ T
𝑏
.

However, if we learn the projection matrix P only based on
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T
𝑎
, the result cannot be very satisfying because T

𝑏
is also

useful for determining the projection direction. To effectively
exploit the information in both T

𝑎
and T

𝑏
, we propose to

learn a subspace where the energy in T
𝑎
is well preserved

and the energy in T
𝑏
is suppressed. Denote by t, t𝑎, and t𝑏 the

mean vectors of T, T
𝑎
, and T

𝑏
, respectively, and let t

𝑖
= t
𝑖
− t,

t𝑎
𝑖
= t𝑎
𝑖
− t𝑎, and t𝑏

𝑖
= t𝑏
𝑖
− t𝑏 be the centralized image vectors.

Accordingly we have the centralized datasets T, T
𝑎
, and T

𝑏
.

Clearly, we have t = t𝑎 + t𝑏, t
𝑖
= t𝑎
𝑖
+ t𝑏
𝑖
, and Pt

𝑖
= Pt𝑎
𝑖
+ Pt𝑏
𝑖
.

After projection, the average energy of Pt𝑎
𝑖
is

𝐸
𝑎
=
1

𝑛

𝑛

∑

𝑖 = 1


Pt𝑎
𝑖



2

2
=
1

𝑛

𝑛

∑

𝑖 = 1

(Pt𝑎
𝑖
)
𝑇

(Pt𝑎
𝑖
)

= tr {P(1
𝑛
T
𝑎
T𝑇
𝑎
)P𝑇} = tr {PSaP

𝑇
} ,

(5)

where Sa = (1/𝑛)T
𝑎
T𝑇
𝑎
is the total scatter matrix of T

𝑎
and

“tr” is the matrix trace operator.
Similarly, the average energy of Pt𝑏

𝑖
is

𝐸
𝑏
=
1

𝑛

𝑛

∑

𝑖 = 1


Pt𝑏
𝑖



2

2

= tr {PS
𝑏
P𝑇} , (6)

where S
𝑏
= (1/𝑛)T

𝑏
T𝑇
𝑏
is the total scatter matrix of T

𝑏
.

To preserve the T
𝑎
while suppressing the T

𝑏
, we seek for

a projection matrix P to maximize the energy 𝐸
𝑎
while min-

imizing the energy 𝐸
𝑏
by solving the following optimization

problem:

𝐽
𝑃
= argmax

𝑃

𝐸
𝑎

𝐸
𝑏

= argmax
𝑃

tr {PSaP𝑇}
tr {PS

𝑏
P𝑇}

. (7)

An equivalent form of (4) is

𝐽
𝑃
= argmax

𝑃

𝐸
𝑎

𝐸
𝑏

= argmax
𝑃

tr (PSaP
𝑇
) s.t. PSaP

𝑇
= I.

(8)

Apparently, the desired P can be computed by using
generalized eigenvalue decomposition; that is, matrix P is
composed of the generalized eigenvectors of Sa𝑤 = 𝜆S

𝑏
𝑤

corresponding to the 𝑝 largest eigenvalues.

3. Bayesian Map Estimation

We can regard object tracking as a hidden state variables’
Bayesian MAP estimation problem in the hidden Markov
model; that is, with a set of observed samples 𝑌

𝑡
=

{𝑦
1
, 𝑦
2
, . . . , 𝑦

𝑡
}, we can estimate the hidden state variable 𝑥

𝑡

using Bayesian MAP theory.
According to the Bayesian theory,

𝑝 (𝑥
𝑡
| 𝑌
𝑡
) ∝ 𝑝 (𝑦

𝑡
| 𝑥
𝑡
) ∫𝑝 (𝑥

𝑡
| 𝑥
𝑡−1
) 𝑝 (𝑥

𝑡−1
| 𝑌
𝑡−1
) 𝑑𝑥
𝑡−1
,

(9)

where 𝑝(𝑥
𝑡
| 𝑥
𝑡−1
) stands for a state transition model for two

consecutive frames and 𝑝(𝑦
𝑡
| 𝑥
𝑡
) stands for an observation

likelihood model. We can obtain the object’s best state in 𝑡th
frame throughmaximum a posteriori probability estimation;
that is,

𝑥
𝑡
= arg max
𝑥
𝑙

𝑡

𝑝 (𝑥
𝑙

𝑡
| 𝑌
𝑡
) , 𝑙 = 1, 2, . . . , 𝑁, (10)

where 𝑥𝑙
𝑡
stands for the 𝑙th sample of state variable 𝑥

𝑡
in 𝑡th

frame. In this paper, we choose𝑁 = 400.

3.1. State Transition Model. We choose object’s motion
affine transformation parameters as state variable 𝑥

𝑡
=

{𝑥
𝑡
, 𝑦
𝑡
, 𝜃
𝑡
, 𝑆
𝑡
, 𝛼
𝑡
, 𝜙
𝑡
}, where 𝑥

𝑡
and 𝑦

𝑡
, respectively, represent

the 𝑥-direction and 𝑦-direction translation of the object in
𝑡th frame, 𝜃

𝑡
stands for the rotation angle, 𝑆

𝑡
represents the

scale change, 𝛼
𝑡
stands for the aspect ratio, and 𝜙

𝑡
stands for

the direction of tilt.
We assume that the state transition model follows the

Gaussian distribution; that is,

𝑝 (𝑥
𝑡
| 𝑥
𝑡−1
) = 𝑁 (𝑥

𝑡
; 𝑥
𝑡−1
, Ψ) , (11)

where Ψ is a diagonal matrix whose diagonal elements are
motion affine parameter’s variation 𝜎

2

𝑥
, 𝜎
2

𝑦
, 𝜎
2

𝜃
, 𝜎
2

𝑆
, 𝜎
2

𝛼
, and

𝜎
2

𝜙
.

3.2. Observation Likelihood Model. We use object’s recon-
struction error to build observation likelihoodmodel; that is,

𝑝 (𝑦
𝑡
| 𝑥
𝑡
) = ∏

𝑗 = 1,2,...,𝑑

N (𝑒
𝑡

𝑗
, 𝜇, 𝜎
2
) , (12)

where N(⋅) means Gaussian distribution, 𝜇 and 𝜎
2, respec-

tively, represent the mean and variation of Gaussian distribu-
tion, 𝑑 stands for the number of pixels of an object template,
and 𝑒𝑡
𝑗
stands for the reconstruction error of 𝑗th pixel of object

templates in 𝑡th frame.

4. Experimental Results and Analysis

In order to show the robustness of the object tracking
algorithm based on projection discussed in this paper, we
choose several sets of public test videos taken under different
environments to test the performance of our algorithm
(Figures 4, 5, and 6). Given the limited space, in this section
we only list three of them to show the tracking results and
error curves. Different abnormal changes have happened to
the moving objects in chosen test videos such as occlusion,
rotation, illumination variation, or scale variation (Table 1).

The implementation of the algorithm is based on Win-
dows operating system. The configuration of the computer
is AMD Athlon (TM) X2 Dual Core QL-62 2.00GHz,
1.74GB memory. In order to evaluate the performance of the
algorithm, we choose six currently most representative and
classic tracking algorithms to do the comparison. The six
classic algorithms are L1 Tracker [8], IVT Tracker [14], PN
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Figure 4: Quantitative evaluation in terms of center location error
for test video “Lemming.”
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Figure 5: Quantitative evaluation in terms of center location error
for test video “Car4.”

Tracker [15], VTD Tracker [16], MIL Tracker [17], and Frag
Tracker [18].

The average processing speeds of ourmethod for different
test videos are listed in Table 2.The statistical data is obtained
using Opencv2.2. Table 2 shows that the proposed algorithm
can meet the real-time performance.

5. Conclusions

This paper presents a robust tracking algorithm via feature
grouping and 2DPCA. In this work, we represent the tracked
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Figure 6: Quantitative evaluation in terms of center location error
for test video “Singer1.”

Table 1: The description of test videos.

Name of test
videos

Number of
frames Video description

Lemming 1336 Out-of-plane rotation, scale change,
occlusion, and background cluster

Car4 659 Illumination variation and scale
variation

Singer1 351 Illumination variation and scale
change

Table 2: The average processing speed of our method.

Name of test videos The average processing speed (Frame/S)
Lemming 32.57
Car4 35.13
Singer1 29.98

object by using 2DPCA bases and a feature grouping. With
the proposed model, we can reduce the effect of abnormal
pixels on tracking algorithms.We obtained the tracking result
using Bayesian maximum a posteriori probability estimation
framework and designed a stable and robust tracker. Then,
we explicitly take partial occlusion and misalignment into
account for appearance model update and object tracking.
Experiments on challenging video clips show that our track-
ing algorithm performs better than several state-of-the-art
algorithms. Our future work will be the generalization of our
representation model into other related fields.
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Sparsity-promoting prior along with Bayesian inference is an effective approach in solving sparse linear models (SLMs). In this
paper, we first introduce a new sparsity-promoting prior coined as Double Lomax prior, which corresponds to a three-level
hierarchical model, and then we derive a full variational Bayesian (VB) inference procedure. When noninformative hyperprior
is assumed, we further show that the proposed method has one more latent variable than the canonical automatic relevance
determination (ARD). This variable has a smoothing effect on the solution trajectories, thus providing improved convergence
performance. The effectiveness of the proposed method is demonstrated by numerical simulations including autoregressive (AR)
model identification and compressive sensing (CS) problems.

1. Introduction

Consider the following linear model:

y = Φx + e, (1)

where Φ ∈ R𝑁×𝑀 is the designed matrix and y = [𝑦
1
, . . . ,

𝑦
𝑁
]
T is the measurement vector. e is the measurement noise,

and x = [𝑥
1
, . . . , 𝑥

𝑀
]
T is the unknown coefficient vector.

This linear model is called underdetermined if 𝑀 ≤ 𝑁

and overdetermined otherwise. In the underdetermined case,
there are in general numerous solutions, and additional
assumptions need to be assumed on x for getting the desired
one. In the applications we consider, the sparsity of x is an
important assumption: most elements of x should be tiny or
equal to zero when they are not required to tell the data, but
few should be allowed to be large if necessary. A linear model
with such an assumption on x is referred to the sparse linear
model (SLM). SLMs can represent various types of signals in
different transform domains [1–5]. Obtaining such a repre-
sentation is equivalent to solving for a linear inverse problem
with sparsity-promoting regularization. It is a fundamental
issue of model (basis) selection [5, 6], compressive sensing
[7, 8], source localization [9, 10], and data fusion [11, 12].

Under the sparsity assumption, one seeks for a represen-
tation of y with a minimal number of basis vectors inΦ. This

is equivalent to seeking for the sparsest solution of x, which
has amaximal number of elements equal to zero.The sparsest
solution can be induced by the improper ℓ

0
-norm of x [13]:

‖x‖
0

≜ ∑
𝑚
1
{𝑥𝑚 ̸= 0}

. The associated maximum a posteriori
(MAP) estimation (assuming that e is white Gaussian noise)
is a penalized least squares problem:

minx
y − Φx

2

2
+ 𝜌‖x‖0, (2)

where 𝜌 is the model parameter that controls the relative
importance applied to error term and sparseness term. The
challenge in solving for (2) is that it requires a combinatorial
search which is NP-hard in general. A natural approach is
to replace ‖ ⋅ ‖

0
by a tractable approximation. Among all

the tractable approximations, ℓ
1
-norm is the tightest convex

relaxation of ℓ
0
-norm; it leads to the successful Lasso algo-

rithm [1, 3, 4, 14–16]. However, a nonconvex relaxation is able
to recover sparsity in a more efficient way. It is proved that
a nonconvex relaxation that closely resembles the ℓ

0
-norm

is able to find the correct solution with fewer measurements
[17–20].

One difficulty with nonconvex relaxation is the existence
of many local minima. Point-estimation methods such as
MAP may easily get stuck in poor local solutions [21]. A
posterior-estimation Bayesian approach can nicely alleviate
this problem.Given the sparsity-promoting prior𝑝(x), which
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is the probabilistic representation of a particular ℓ
0
-norm

relaxation, the Bayesian inference can be expressed by

𝑝 (x | y) =
𝑝 (y | x) 𝑝 (x)

∫ 𝑝 (y | x) 𝑝 (x) 𝑑x
, (3)

where 𝑝(x | y) is the posterior. The Bayesian approach com-
putes the posterior mean 𝐸[x | y] = ∫ x𝑝(x | y)𝑑x instead of
its mode, and it integrates instead of maximizing over 𝑝(x |

y). In case of many local minima, the mass of the probability
density tends to concentrate at a strong minimum, which is
more likely to be the global optimum.Although𝐸[x | y] is not
necessarily the exact global optimum in general, it is proved
that [22], by taking a “zero temperature limit,” 𝐸[x | y] is
able to converge to the global optimum. In other words, as
− ln𝑝(x) approaches the ℓ

0
-norm, 𝐸[x | y] converges to the

ℓ
0
solution.
In Bayesian formulation, the choice of prior 𝑝(x) is

important for both solution sparsity and computational trac-
tability. The Student-𝑡 prior is a relatively standard prior that
stands out by being non-log-concave (results in nonconvex
penalty) and having a Gaussian-integral representation for
efficient processing. With S(⋅) denoting the Student-𝑡 prior,
the distribution is defined as

S (𝑥 | 0, 𝜂, 𝑓) =
Γ ((𝑓 + 1) /2)

Γ (𝑓/2)
(

𝜂

𝜋𝑓
)

1/2

[1 +
𝜂

𝑓
𝑥
2
]

−(𝑓+1)/2

,

𝜂 > 0, 𝑓 > 0,

(4)

where𝑓 controls the degree of sparsity enforced and is known
as shape parameter and 𝜂 is the scale parameter. Additionally,
denoting the Gaussian prior with variance 𝜏 by N(𝑥 | 0, 𝜏)

and the Gamma prior by G, defined as G(𝑧 | 𝑎, 𝑏) =

(𝑏
𝑎
/Γ(𝑎))𝑧

𝑎−1 exp(−𝑏𝑧), the Student-𝑡 prior corresponds to a
Gaussian integral as follows:

S (𝑥 | 0, 𝜂, 𝑓) = ∫

∞

0

N (𝑥 | 0, (𝜂𝜉)
−1
)G(𝜉 |

𝑓

2
,
𝑓

2
) 𝑑𝜉,

𝜂 > 0, 𝑓 > 0,

(5)

where 𝜉 is the latent variable modifying the precision of the
Gaussian mixture. The representation in (5) can be treated as
an integral over scale parameter of the Gaussian density, thus
is referred to as Gaussian scale mixtures (GSM) [23], which
naturally invokes a two-level hierarchical Bayes model.

Specifically, setting𝑓 → +0 leads to the noninformative-
hyperpriors case of Student-𝑡 prior and gives the well known
automatic relevance determination (ARD) prior (the scale
parameter 𝜂 is also assumed to be unity) [24] as follows:

ARD (𝑥) = S (𝑥 | 0, 1, 𝑓) , 𝑓 → 0
+
. (6)

As the limited case, the ARD prior provides the strongest
sparsity-promoting potential among all Student-t priors with
different values of 𝑓 (see the remark of Proposition 1), and it
has drawn tremendous attention in many problems [5, 8, 25].

Several methods have been proposed to solve for SLMs
incorporating ARD priors, including variational Bayes (VB)
inference [25], type II maximum likelihood (the “evidence
framework”) [26], and a series of reweighted ℓ

1
problems

[27].
In this paper, we formulate the SLM problem from a

Bayesian perspective. Despite of the two-level Student-t prior,
we propose the use of a new non-log-concave sparsity prior
referred to as Double Lomax prior, which corresponds to a
three-level hierarchical Bayes model. Additionally, a full VB
inference procedure is derived to solve for the SLM using
Double Lomax priors. As shown here, when noninformative
hyperpriors are assumed (𝑓 → +0), the updating procedure
of proposed method includes the canonical ARD updating
procedure as a special case, but it has a better global con-
vergence performance that can result in improved sparse
estimations.

The organization of this paper is as follows. In Section 2,
we present the proposed Double Lomax prior and demon-
strate its properties. In Section 3, we formulate the Bayesian
model of SLM using Double Lomax priors based on a
generalized noise model. In Section 4, a full VB infer-
ence procedure is developed. In Section 5, we discuss the
relationship between the proposed method and the ARD
approach. Experimental results are presented in Section 6.
Two SLM applications with differentΦmatrix properties are
considered in this section. One application indicates order
determination and coefficients estimation for autoregressive
(AR) models, where the rows of Φ matrix are strongly
correlated. The other application is sparse signal recovery
from the standard compressive sensing (CS) setup, where the
rows of Φ matrix are uncorrelated. Conclusions are given in
Section 7.

2. Double Lomax Prior and Its Properties

The proposed Double Lomax prior can be derived from two
back-to-back spliced Lomax distributions (also known as
Pareto II distribution [28]). That is,

DL (𝑥 | 0, 𝜂, 𝑓) =
𝜂

2
(1 +

𝜂 |𝑥|

𝑓
)

−(𝑓+1)

, 𝜂 > 0, 𝑓 > 0.

(7)

It can be shown that DL(𝑥 | 0, 𝜂, 𝑓) > 0, ∫+∞
−∞

DL(𝑥 |

0, 𝜂, 𝑓) = 1, and DL(−𝑥 | 0, 𝜂, 𝑓) = DL(𝑥 | 0, 𝜂, 𝑓).
Thus (7) is a probability distribution function of 𝑥 defined on
(−∞, +∞), symmetrical about zero. 𝜂 is the scale parameter,
𝑓 is the shape parameter, and 0 refers to zero mean.

Moreover, note that

lim
𝑓→+∞

DL (𝑥 | 0, 𝜂, 𝑓) =
𝜂

2
exp (−𝜂 |𝑥|) ,

lim
𝑓→+0

DL (𝑥 | 0, 𝜂, 𝑓) =
{

{

{

0, 𝑥 ̸= 0,

𝜂

2
, 𝑥 = 0.

(8)

Thus when the shape parameter goes to infinite, Double
Lomax prior asymptotically becomes the Laplace prior with
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inverse scale 𝜂; when the shape parameter goes to zero,
Double Lomax prior tends to strongly concentrate itsmass on
the zero value, distributing with the same summit but much
longer and thinner tails. This behavior can be observed in
Figure 1, which shows theDouble Lomax priors with different
values of 𝑓.

Proposition 1. Double Lomax prior in (7) is log-convex.

Proof. The logarithm of density function equation (7) is

lnDL (𝑥 | 0, 𝜂, 𝑓) = ln(
𝜂

2
) − (𝑓 + 1) ln(1 +

𝜂 |𝑥|

𝑓
) .

(9)
It is continuous on (−∞ +∞), and the derivatives are

𝑑

𝑑𝑥
lnDL (𝑥 | 0, 𝜂, 𝑓) = − (𝑓 + 1)

𝜂

𝑓 + 𝜂 |𝑥|
, 𝑥 ̸= 0,

𝑑
2

𝑑𝑥2
lnDL (𝑥 | 0, 𝜂, 𝑓)

= (𝑓 + 1)
𝜂
2

(𝑓 + 𝜂 |𝑥|)
2
{
> 0, 𝑓  +∞, 𝑥 ̸= 0,

= 0, 𝑓 → +∞, 𝑥 ̸= 0.

(10)
Thus, Double Lomax prior is log-convex for any 𝑓 > 0 and
is strictly log-convex for 𝑓  +∞, even though it does not
have first and second derivative at the point 𝑥 = 0.

Remark 2. Proposition 1 shows that the implicit penalty
induced by Double Lomax prior, − lnDL(𝑥 | 0, 𝜂, 𝑓), is
(strictly) concave, spanning from the convex ℓ

1
-normpenalty

(when 𝑓 → +∞) to the strongly concave ℓ
0
-norm-like

penalty (when 𝑓 → +0). Figure 2 is plotted − lnDL(𝑥 |

0, 𝜂, 𝑓) for different values of 𝑓.
For Student-𝑡 prior in (4), (𝑑2/𝑑𝑥2) lnS(𝑥 | 0, 𝜂, 𝑓) =

𝜂(𝑓 + 1)(𝜂𝑥
2
− 𝑓)/(𝑓 + 𝜂𝑥

2
)
2, thus, the implicit penalty

induced by Student-𝑡 prior, − lnS(𝑥 | 0, 𝜂, 𝑓), has incon-
sistent concavity, that is, convex on the central interval
[−√𝑓/𝜂 √𝑓/𝜂] and concave on each of the outer intervals,
(−∞ − √𝑓/𝜂] and [√𝑓/𝜂 + ∞). When 𝑓 → +∞, the
outer concave intervals are vanished, and the Student-t prior
becomes the Gaussian prior with precision 𝜂 and leads to
the ℓ
2
-norm penalty that does not induce sparsity at all;

when 𝑓 → +0, the central convex interval is vanished, and
the Student-t prior is now referred to as ARD prior, which
becomes proportional to the noninformative Jeffreys prior
𝑝(𝑥) ∝ 1/|𝑥| and leads to the log-sum penalty ∑ log(|𝑥|),
providing similar sparsity-promoting effect as the Double
Lomax prior does.

Proposition 3. Double Lomax prior in (7) can be represented
as a GSM. Given Gaussian priorN(⋅), exponential prior E(⋅),
and Gamma priorG(⋅), one has
DL (𝑥 | 0, 𝜂, 𝑓)

= ∬

∞

0

N (𝑥 | 0, 𝛼)E(𝛼 |
𝜂
2
𝜐
2

2
)G (𝜐 | 𝑓, 𝑓) 𝑑𝛼 𝑑𝜐.

(11)
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Figure 1: Double Lomax prior at zero position, with 𝜂 = 1 for
various values of 𝑓.

Proof. Equation (7) can be expressed as

DL (𝑥 | 0, 𝜂, 𝑓)

=
𝜂

2
𝑓
𝑓+1

(𝑓 + 𝜂 |𝑥|)
−(𝑓+1)

=
Γ (𝑓 + 1)

Γ (𝑓)

𝜂

2
𝑓
𝑓
(𝑓 + 𝜂 |𝑥|)

−(𝑓+1)

=
𝜂𝑓
𝑓

2Γ (𝑓)
∫

∞

0

𝜐
𝑓 exp {−𝜐 (𝑓 + 𝜂 |𝑥|)} 𝑑𝜐

= ∫

∞

0

𝜂𝜐

2
exp {−𝜂𝜐 |𝑥|}

𝑓
𝑓

Γ (𝑓)
𝜐
𝑓−1 exp {−𝑓𝜐} 𝑑𝜐

= ∫

∞

0

L (𝑥 | 0, 𝜂𝜐)G (𝜐 | 𝑓, 𝑓) 𝑑𝜐.

(12)

Meanwhile, note that the Laplace prior has a hierarchical rep-
resentation as follows:

L (𝑥 | 0, 𝜆) = ∫

∞

0

N (𝑥 | 0, 𝛼)E(𝛼 |
𝜆
2

2
)𝑑𝛼

=
𝜆

2
exp (−𝜆 |𝑥|) ,

(13)

where E(𝑧 | 𝜏) = 𝜏 exp(−𝜏𝑧) is an exponential prior. Substi-
tuting (13) into (12) gives (11). This proves Proposition 3.

Remark 4. Equation (11) corresponds to a three-level hier-
archical Bayes model with two latent variables 𝛼 and 𝜐. On
the first level, random variables are generated from zero-
mean Gaussian priors with independent variance 𝛼. On the
second level, a set of 𝛼 is generated from exponential priors
with independent inverse scales, which are formed by (1/2)𝜂2
multiplying a set of independent variables 𝜐2. On the third
level, the positive squares of independent parameters 𝜐 are
generated from a Gamma prior with two parameters of the
same value.

Moreover, besides this GSMmodel, Double Lomax prior
can be considered as a Laplacian scaled mixture as well, and
the inverse scale 𝜐

𝑚
can be thought as the width-control-

ler of the corresponding Laplace prior: if 𝜐
𝑚

is large, the
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Figure 2: Examples of the negative logarithm of Double Lomax
prior for different values of 𝑓, normalized by ln(1 + 𝜂/𝑓). The ℓ

1
-

norm and ℓ
0
-norm are included for comparison.

corresponding distribution is narrow and the regularizing
effect towards zero is strong.

3. Sparse Linear Model Using
Double Lomax Priors

We assume independent Double Lomax priors over the coef-
ficients and use the model in (1). Without loss of generality,
the scale parameter 𝜂 is assumed to be unity. Using (11), the
coefficient model of (1) can be written as

𝑝 (x | 𝛼) =
𝑀

∏

𝑚=1

N (𝑥
𝑚
| 0, 𝛼
𝑚
) = N (x | 0,Λ−1) , (14)

𝑝 (𝛼
𝑚
| 𝜐
𝑚
) = E(𝛼

𝑚
|
𝜐
2

𝑚

2
) , (15)

𝑝 (𝜐
𝑚
| 𝑓) = G (𝜐

𝑚
| 𝑓, 𝑓) , (16)

where 𝛼
𝑚
is the latent variable modifying the variance of the

GSM model, 𝜐
𝑚
is the latent variable modifying the inverse

scale of exponential prior, and Λ = diag(𝛼−1
𝑚
) denotes the

precision matrix.
Traditionally the noise of SLM is presumed to beGaussian

distributed, which means that the measurements are also
Gaussian distributed. However, in many real applications,
measurements are distributed with tails that decay more
slowly than Gaussian, which can not be described well by
Gaussian noise model. Here we allow for very slow decay
of tails by modeling the noise model using Student-t distri-
bution. As a generalized noise model, Student-t can model
a wide range of noises which from Gaussian to very heavy
tailed. It also makes a connection of the robust statistic
and the sparsity priors, under the view of the capability of
modeling extreme events: those variables who have small
probabilities but a large value range.

Using a hierarchical Bayes model which is similar to (5),
denoting the shape parameter by 𝑑 (also called degrees of
freedom), the scale parameter by 𝛽 (also called precision
parameter), and the latent variable by 𝛿

𝑛
, and imposing two

ad bd

d

a𝛽 b𝛽

𝛽

N M

xm 𝛼myn

𝛿n

𝜐m

f

Figure 3: Directed graph representing the Bayesian modeling.

additional Gamma priors on 𝛽 and 𝑑, the hierarchical form
of Student-t distributed data can be written as

𝑝 (y | x, 𝛽, 𝛿) =
𝑁

∏

𝑛=1

N (𝑦
𝑛
| 𝜙
𝑛
x, (𝛽𝛿

𝑛
)
−1
)

= N (y | Φx, 𝛽−1L−1) ,

(17)

𝑝 (𝛿
𝑛
| 𝑑) = G(𝛿

𝑛
|
𝑑

2
,
𝑑

2
) , (18)

𝑝 (𝛽) = G (𝛽 | 𝑎
𝛽
, 𝑏
𝛽
) , (19)

𝑝 (𝑑) = G (𝑑 | 𝑎
𝑑
, 𝑏
𝑑
) , (20)

where 𝜙
𝑛
is the 𝑛th row ofΦ and L = diag(𝛿

𝑛
) is the precision

matrix.
Figure 3 shows the complete Bayesian model and the

interdependencies among the model parameters. All hyper-
parameters in this graph are set to small values for getting
flat hyperpriors (e.g., 𝑎

𝛽
= 𝑏
𝛽
= 𝑎
𝑑
= 𝑏
𝑑
= 𝑓 = 10

−4). It
can be observed from the graph that the joint distribution of
the observations and parameters Θ = {𝛽, 𝛿, 𝑑, x,𝛼, 𝜐} can be
expressed as

𝑝 (y,Θ) = 𝑝 (y, 𝛽, 𝛿, 𝑑, x,𝛼, 𝜐)

= 𝑝 (y | x, 𝛽, 𝛿) 𝑝 (x | 𝛼) 𝑝 (𝛼 | 𝜐)

× 𝑝 (𝜐 | 𝑓) 𝑝 (𝛽) 𝑝 (𝛿 | 𝑑) 𝑝 (𝑑) ,

(21)

where the 𝑝(y | x, 𝛽, 𝛿), 𝑝(x | 𝛼), 𝑝(𝛼 | 𝜐), 𝑝(𝜐 | 𝑓), 𝑝(𝛽),
𝑝(𝛿 | 𝑑) and 𝑝(𝑑) are given in (17), (14), (15), (16), (19), (18),
and (20), respectively.

4. Variational Bayesian Sparse Regression

It is usually difficult to find the analytical results of the inte-
grals in Bayesian estimation, hence approximation methods
are required. There are two major classes of the approxima-
tions. One is Markov chain Monte Carlo (MCMC), which
represents the posterior by samples; unbiased results can be
obtained in infinite time. However, MCMC is relatively time
consuming [29]. The other is variational relaxations [22],
which relaxes the Bayesian estimation into a series of feasible
optimization problems, providing a good tradeoff between
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computation accuracy and efficiency. VB inference [30–32]
is one approach of this class.

VB approximates the posterior density 𝑝(Θ | y) by intro-
ducing a factorable distribution 𝑞(Θ). Using Jensen’s inequal-
ity, we get the lower bound of the log probability of 𝑝(y):

ln𝑝 (y) ≥ ∫ 𝑞 (Θ) ln
𝑝 (y,Θ)
𝑞 (Θ)

𝑑Θ. (22)

In this work, we factorize the approximation distribution
𝑞(Θ) over groups of parametersΘ

𝑖
as follows:

𝑞 (Θ) = ∏

𝑖

𝑞 (Θ
𝑖
) = 𝑞 (x) 𝑞 (𝛼) 𝑞 (𝜐) 𝑞 (𝛽) 𝑞 (𝛿) 𝑞 (𝑑) .

(23)

Maximizing the right-hand side of (22) with respect to 𝑞(Θ
𝑖
),

we can get a general expression of the optimal solution 𝑞(Θ
𝑖
),

𝑞 (Θ
𝑖
) =

exp ⟨ln𝑝 (y,Θ)⟩
𝑘 ̸= 𝑖

∫ exp ⟨ln𝑝 (y,Θ)⟩
𝑘 ̸= 𝑖

𝑑Θ
𝑖

, (24)

where ⟨⋅⟩
𝑘 ̸= 𝑖

denotes the expectation operator with respect to
the distributions 𝑞(Θ

𝑘
) for all 𝑘 ̸= 𝑖. ∫ exp ⟨ln𝑝(y,Θ)⟩

𝑘 ̸= 𝑖
𝑑Θ
𝑖

is the integration over Θ
𝑖
which is a normalization constant.

If the conjugate prior exists and is chosen for each group, the
approximate posterior has the same functional form as the
prior [30]. Hence the normalization constant does not need
to be considered.

Now we derive a full VB inference procedure for the
above problem.We use the general optimal solution in (24) to
obtain the factorized approximate posterior densities 𝑞(Θ

𝑖
).

However, different from most VB updates in the litera-
ture, the challenge here is, for several random variables in
the proposed model, that there are no conjugate priors for
their likelihoods, and hence, in order to obtain an iterative
algorithm with closed form, extra integration analysis has to
be incorporated in our derivation.

4.1. Coefficients, x. To compute 𝑞(x), we only need to consider
those terms that are functionally dependent on x. Because
𝑝(x | 𝛼) is the conjugate prior for x, 𝑞 would still be a Gaus-
sian. It is convenient to ignore the normalization constant.
The optimal solution is given by

𝑞 (x) ∝ exp ⟨ln𝑝 (y | x, 𝛽, 𝛿) + ln𝑝 (x | 𝛼)⟩
𝛽,𝛿,𝛼

∝ exp ⟨lnN (y | Φx, 𝛽−1L−1) + lnN (x | 0,Λ−1)⟩
𝛽,𝛿,𝛼

∝ N (y | Φx, ⟨𝛽⟩−1⟨L⟩−1)N (x | 0, ⟨Λ⟩−1)

= N (x | 𝜇x,Σx) ,

(25)

where ⟨L⟩ = diag(⟨𝛿
𝑛
⟩) and ⟨Λ⟩ = diag(⟨𝛼−1

𝑚
⟩). Comparing

the square term with standard Gaussian function, we can
identify the mean and variance of this Gaussian, and get

𝜇x = ⟨𝛽⟩ΣxΦ
T
⟨L⟩ y,

Σx = (⟨𝛽⟩Φ
T
⟨L⟩Φ + ⟨Λ⟩)

−1

.

(26)

4.2. Coefficient’s Latent Variables, 𝛼. From (14) and (15) we
observe that the terms involving 𝛼 are composed of𝑀-order
multiplicative terms over 𝛼

𝑚
, 𝑥
𝑚
, and 𝜐

𝑚
, a further factoriza-

tion of this approximate posterior density becomes

𝑞 (𝛼) =

𝑀

∏

𝑚=1

𝑞 (𝛼
𝑚
) ,

𝑞 (𝛼
𝑚
) ∝ exp ⟨ln𝑝 (𝑥

𝑚
| 𝛼
𝑚
) + ln𝑝 (𝛼

𝑚
| 𝜐
𝑚
)⟩
𝑥𝑚 ,𝜐𝑚

∝ exp⟨lnN (𝑥
𝑚
| 0, 𝛼
𝑚
) + lnE(𝛼

𝑚
|
𝜐
2

𝑚

2
)⟩

𝑥𝑚,𝜐𝑚

∝ N(√⟨𝑥2
𝑚
⟩ | 0, 𝛼

𝑚
)E(𝛼

𝑚
|
⟨𝜐
2

𝑚
⟩

2
) ,

(27)

where

⟨𝑥
2

𝑚
⟩ = 𝜇

2

x(𝑚) + Σx(𝑚𝑚). (28)

⋅
(𝑚)

and ⋅
(𝑚𝑚)

denote the𝑚th element of a vector and the𝑚th
diagonal element of a matrix, respectively.

However, since exponential distribution is not the con-
jugate prior for the variance of Gaussian distribution, the
normalization term must be reinstated. Integrating over 𝛼

𝑚
,

the normalization constant of this posteriori becomes

C
𝑞(𝛼𝑚)

= ∫

∞

0

N(√⟨𝑥2
𝑚
⟩ | 0, 𝛼

𝑚
)E(𝛼

𝑚
|
⟨𝜐
2

𝑚
⟩

2
)𝑑𝛼
𝑚

= L(√⟨𝑥2
𝑚
⟩ | 0, √⟨𝜐2

𝑚
⟩) .

(29)

Therefore, the complete form of this posteriori is

𝑞 (𝛼
𝑚
) =

N(√⟨𝑥2
𝑚
⟩ | 0, 𝛼

𝑚
)E (𝛼

𝑚
| ⟨𝜐
2

𝑚
⟩ /2)

L(√⟨𝑥2
𝑚
⟩ | 0, √⟨𝜐2

𝑚
⟩)

=

√⟨𝜐2
𝑚
⟩

√2𝜋 exp(−√⟨𝜐2
𝑚
⟩ ⟨𝑥2
𝑚
⟩)

𝛼
−1/2

𝑚

× exp(−1
2
(
⟨𝑥
2

𝑚
⟩

𝛼
𝑚

+ ⟨𝜐
2

𝑚
⟩𝛼
𝑚
)) .

(30)

It is noted that the posteriori density in (30) corresponds to a
probability function known as generalized inverse Gaussian
distribution (GIG), which has the probability function [33]

GIG (𝑧 | 𝜔, 𝜒, 𝜓) =
(𝜓/𝜒)

𝜔/2

2𝐾
𝜔
(√𝜒𝜓)

𝑧
(𝜔−1) exp(−1

2
(
𝜒

𝑧
+ 𝜓𝑧)) ,

(31)

where𝐾
𝜔
(⋅) is the modified Bessel function of the third kind

with index 𝜔, one of its integral representations is given by

𝐾
𝜔 (𝜏) =

1

2
∫

∞

0

𝜏
𝜔−1 exp (−1

2
𝜔(

1

𝜏
+ 𝜏)) 𝑑𝜔. (32)
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From (32), we have

𝐾
1/2 (𝜏) = √

𝜋

2
𝜏
−1/2 exp (−𝜏) . (33)

Substituting (33) into (30) and comparing with (31), it can be
found that

𝑞 (𝛼
𝑚
) = GIG(𝛼

𝑚
|
1

2
, ⟨𝑥
2

𝑚
⟩ , ⟨𝜆x⟩) . (34)

The 𝑟th ordermoment of aGIG distribution is given by [33]

⟨𝑧
𝑟
⟩ =

𝐾
𝜔+𝑟

(√𝜒𝜓)

𝐾
𝜔
(√𝜒𝜓)

(
𝜒

𝜓
)

𝑟/2

. (35)

In addition, from (32), it can be derived that

𝐾
𝜔 (𝜏) = 𝐾

−𝜔 (𝜏) ,

𝐾
𝜔+1 (𝜏) =

2𝜔

𝜏
𝐾
𝜔 (𝜏) + 𝐾

𝜔−1 (𝜏) .

(36)

Therefore, for the specificGIG in (34), using (35) with (36),
we have:

⟨𝛼
−1

𝑚
⟩ = √

⟨𝜐
2

𝑚
⟩

⟨𝑥2
𝑚
⟩
,

⟨𝛼
𝑚
⟩ = (

1

√⟨𝑥2
𝑚
⟩⟨𝜐2
𝑚
⟩

+ 1)√
⟨𝑥
2

𝑚
⟩

⟨𝜐2
𝑚
⟩

= ⟨𝛼
−1

𝑚
⟩
−1

+ ⟨𝜐
2

𝑚
⟩
−1

.

(37)

4.3. Coefficient’s Latent Variables, 𝜐. The approximate poste-
rior density of 𝜐 can be factorized as

𝑞 (𝜐) =

𝑀

∏

𝑚=1

𝑞 (𝜐
𝑚
) , (38)

𝑞 (𝜐
𝑚
) ∝ exp ⟨ln𝑝 (𝛼

𝑚
| 𝜐
𝑚
) + ln𝑝 (𝜐

𝑚
| 𝑓)⟩
𝛼𝑚

∝ exp⟨lnE(𝛼
𝑚
|
𝜐
2

𝑚

2
) + lnG (𝜐

𝑚
| 𝑓, 𝑓)⟩

𝛼𝑚

∝ exp((𝑓 + 1) ln 𝜐
𝑚
−
⟨𝛼
𝑚
⟩

2
𝜐
2

𝑚
− 𝑓𝜐
𝑚
) .

(39)

Equation (39) contains logarithmic, square, and linear terms,
thus it is not in correspondence with any standard distribu-
tion. Using a definite integration result in [34], the normal-
ization term of 𝑞(𝜐

𝑚
) can be expressed as

C
𝑞(𝜐𝑚)

= ⟨𝛼
𝑚
⟩
−(𝑓+2)/2

Γ (𝑓 + 2)

× exp(
𝑓
2

4 ⟨𝛼
𝑚
⟩
)𝐷
−(𝑓+2)

(
𝑓

√⟨𝛼
𝑚
⟩

) ,

(40)

where 𝐷
𝜔
(⋅) is the parabolic cylinder function, whose com-

putation can be implemented [35]. Thereby,

⟨𝜐
2

𝑚
⟩ =

1

𝐶
𝑞(𝜐𝑚)

∫

∞

0

𝜐
2

𝑚
⋅ 𝜐
𝑓+1

𝑚
exp(−

⟨𝛼
𝑚
⟩

2
𝜐
2

𝑚
− 𝑓𝜐
𝑚
)𝑑𝜐
𝑚

=
1

⟨𝛼
𝑚
⟩

Γ (𝑓 + 4)

Γ (𝑓 + 2)

𝐷
−(𝑓+4)

(𝑓/√⟨𝛼
𝑚
⟩)

𝐷
−(𝑓+2)

(𝑓/√⟨𝛼
𝑚
⟩)

.

(41)

However, when noninformative hyperprior is assumed,𝑓
is set to zero and 𝑞(𝜐

𝑚
) becomes the Rayleigh distribution

who has the probability function

R (𝑧 | 𝜆) =
𝑧

𝜆2
exp(− 𝑧

2

2𝜆2
) . (42)

Here 𝑞(𝜐
𝑚
) isR(𝜐

𝑚
|1/√⟨𝑥2

𝑚
⟩) = ⟨𝛼

𝑚
⟩𝜐
𝑚
exp(−(⟨𝛼

𝑚
⟩/2)𝜐
2

𝑚
).

Therefore,

⟨𝜐
2

𝑚
⟩ = ∫

∞

0

𝜐
2

𝑚
⋅ ⟨𝛼
𝑚
⟩ 𝜐
𝑚
exp(−

⟨𝛼
𝑚
⟩

2
𝜐
2

𝑚
)𝑑𝜐
𝑚

= ⟨𝛼
𝑚
⟩∫

∞

0

𝜐
3

𝑚
exp(−

⟨𝛼
𝑚
⟩

2
𝜐
2

𝑚
)𝑑𝜐
𝑚

=
2

⟨𝛼
𝑚
⟩
.

(43)

Equation (43) indicates that the value of ⟨𝜐
2

𝑚
⟩ is simply

inversely proportional to ⟨𝛼
𝑚
⟩ when 𝑓 → +0.

4.4. Noise Precision Parameter, 𝛽. Since Gamma distribution
is conjugate to the precision of Gaussian function, we still
obtain a Gamma distribution for 𝛽 as follows:

𝑞 (𝛽) = G (𝛽 | 𝐴
𝛽
, 𝐵
𝛽
) , (44)

where

𝐴
𝛽
=
𝑁

2
+ 𝑎
𝛽
,

𝐵
𝛽
=
1

2
trace (⟨L⟩ ⟨(y −Φx) (y −Φx)T⟩) + 𝑏

𝛽
,

⟨(y −Φx) (y −Φx)T⟩ = yyT − 2Φ𝜇xy
T

+Φ (𝜇x𝜇
T
x + Σx)Φ

T
.

(45)

4.5. Noise’s Latent Variables, 𝛿. It is observed that the approx-
imate posterior density of 𝛿 can be further factorized as

𝑞 (𝛿) =

𝑁

∏

𝑛=1

𝑞 (𝛿
𝑛
) . (46)

And 𝑞(𝛿
𝑛
) is still a Gamma distribution as follows:

𝑞 (𝛿
𝑛
) = G (𝛿

𝑛
| 𝐴𝛿, 𝐵𝛿𝑛

) , (47)
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where

𝐴𝛿 =
1

2
+
⟨𝑑⟩

2
,

𝐵
𝛿𝑛
=
⟨𝛽⟩

2
⟨(𝑦
𝑛
− 𝜙
𝑛
x)2⟩ +

⟨𝑑⟩

2
,

⟨(𝑦
𝑛
− 𝜙
𝑛
x)2⟩ = 𝑦

2

𝑛
− 2𝑦
𝑛
𝜙
𝑛
𝜇x + 𝜙

𝑛
(Σx + 𝜇x𝜇

T
x ) 𝜙

T
𝑛
.

(48)

4.6. Noise’s Degrees of Freedom, 𝑑. It is noted that

𝑞 (𝑑) ∝ exp(−𝑁 ln Γ(𝑑
2
) +

𝑁

2
𝑑 ln 𝑑

2
+ (𝑎
𝑑
− 1) ln 𝑑

+
𝑑

2
(

𝑁

∑

𝑛=1

⟨ln 𝛿
𝑛
⟩ −

𝑁

∑

𝑛=1

⟨𝛿
𝑛
⟩ − 2𝑏

𝑑
)) ,

(49)

which is not in correspondence with any standard distribu-
tion. This problem has been solved by expanding ln Γ(𝑑/2)
using Sterling’s approximation [6], ln Γ(𝑑/2) ≈ (𝑑/2 −

1/2) ln(𝑑/2) − 𝑑/2. Thus,

𝑞 (𝑑) ∝ exp((
𝑁

2
+ 𝑎
𝑑
− 1) ln 𝑑

+
1

2
(𝑁 +

𝑁

∑

𝑛=1

⟨ln 𝛿
𝑛
⟩ −

𝑁

∑

𝑛=1

⟨𝛿
𝑛
⟩ − 2𝑏

𝑑
)𝑑)

= G (𝑑 | 𝐴
𝑑
, 𝐵
𝑑
) ,

(50)

where

𝐴
𝑑
=
𝑁

2
+ 𝑎
𝑑
,

𝐵
𝑑
= −

1

2
(𝑁 +

𝑁

∑

𝑛=1

⟨ln 𝛿
𝑛
⟩ −

𝑁

∑

𝑛=1

⟨𝛿
𝑛
⟩) + 𝑏

𝑑
,

(51)

where

⟨ln 𝛿
𝑛
⟩ = 𝜓 (𝐴𝛿) − ln (𝐵

𝛿𝑛
) , (52)

𝜓(⋅) is the digamma function, defined by 𝜓(𝑧) = (𝑑/

𝑑𝑧) ln Γ(𝑧).
We summarize the VB inference of Double Lomax for-

mulation (noninformative hyperprior) as follows.
For coefficient model, consider

𝑞 (x) = N (x | 𝜇x,Σx) , (53)

𝜇x = ⟨𝛽⟩ΣxΦ
T
⟨L⟩ y, (54)

Σx = (⟨𝛽⟩Φ
T
⟨L⟩Φ + ⟨Λ⟩)

−1

, (55)

𝑞 (𝛼
𝑚
) = GIG(𝛼

𝑚
|
1

2
, ⟨𝑥
2

𝑚
⟩ , ⟨𝜆x⟩) , (56)

⟨𝛼
−1

𝑚
⟩ = √

⟨𝜐
2

𝑚
⟩

⟨𝑥2
𝑚
⟩
, (57)

𝑞 (𝜐
𝑚
) = R(𝜐

𝑚
|

1

√⟨𝑥2
𝑚
⟩

) , (58)

⟨𝜐
2

𝑚
⟩ =

2

⟨𝛼
𝑚
⟩
=

2

⟨𝛼−1
𝑚
⟩
−1

+ ⟨𝜐2
𝑚
⟩
−1
. (59)

For noise (observation) model, consider

𝑞 (𝛽) = G (𝛽 | 𝐴
𝛽
, 𝐵
𝛽
) , (60)

⟨𝛽⟩ =
𝐴
𝛽

𝐵
𝛽

, (61)

𝑞 (𝛿
𝑛
) = G (𝛿

𝑛
| 𝐴𝛿, 𝐵𝛿𝑛

) , (62)

⟨𝛿
𝑛
⟩ =

𝐴𝛿

𝐵
𝛿𝑛

, (63)

𝑞 (𝑑) = G (𝑑 | 𝐴
𝑑
, 𝐵
𝑑
) , (64)

⟨𝑑⟩ =
𝐴
𝑑

𝐵
𝑑

. (65)

When initial expectations are assumed, the iterative updating
can be carried out in closed form.

5. Relations to ARD Update Procedure

Now let us inspect the relations between the proposedDouble
Lomax updating procedure and the ARD updating proce-
dure.

Considering (57) and (59) that are induced by the Double
Lomax priors, it can be shown that if just (57) and (59) are
iterated to convergence, then the final result is equivalent to
directly setting

⟨𝛼
−1

𝑚
⟩ =

1

⟨𝑥2
𝑚
⟩
, (66)

which is the exact ARD update [26]. To prove this, construct
a function as F(⟨𝛼

−1

𝑚
⟩, ⟨𝜐
2

𝑚
⟩) = ⟨𝑥

2

𝑚
⟩⟨𝛼
−1

𝑚
⟩ + ⟨𝜐

2

𝑚
⟩/⟨𝛼
−1

𝑚
⟩ −

ln(⟨𝜐2
𝑚
⟩). It can be shown that (57) minimizes F partially

with respect to ⟨𝛼
−1

𝑚
⟩, and (59) minimizes F partially with

respect to ⟨𝜐2
𝑚
⟩. If we do the completeminimization over both

⟨𝛼
−1

𝑚
⟩ and ⟨𝜐

2

𝑚
⟩, then we directly get (66). Therefore, when

noninformative hyperprior is assumed, the proposed Double
Lomax updates only have one more latent variable ⟨𝜐2

𝑚
⟩ than

the canonical ARDupdates; this latent variable can be further
vanished if we only consider the updating equations of (57)
and (59).

However, if we consider the full iteration procedure
involving all the updating equations, (54), (55), (57), (59),
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Figure 4: Regression coefficient estimation results using the Double
Lomax formulation (DL) and theARD formulation (ARD), reported
with means and standard deviations.

(61), (63), and (65), then the difference is shown: the solution
trajectories of Double Lomax are not necessarily consistent
with those of ARD. To see this, we need to denote ARD’s
Equation (66), and Double Lomax’s Equations (57) and (59)
from an iteration perspective, so we have

⟨𝛼
−1

𝑚
⟩
(𝑙+1)

=
1

⟨𝑥2
𝑚
⟩
(𝑙)

(67)

for ARD and

⟨𝛼
−1

𝑚
⟩
(𝑙+1)

= √
⟨𝜐
2

𝑚
⟩
(𝑙)

⟨𝑥2
𝑚
⟩
(𝑙)

, (68)

⟨𝜐
2

𝑚
⟩
(𝑙+1)

=
2

⟨𝛼−1
𝑚
⟩
(𝑙)

−1
+ ⟨𝜐2
𝑚
⟩
(𝑙)

−1 (69)

for Double Lomax, where 𝑙 denotes the 𝑙th iteration.
It can be seen from (69) that the latent variable ⟨𝜐2

𝑚
⟩
(𝑙)
of

Double Lomax can be expressed as a function of ⟨𝛼−1
𝑚
⟩, which

involves all the updates of ⟨𝛼−1
𝑚
⟩ from former iterations. That

is,

⟨𝜐
2

𝑚
⟩
(𝑙)

= Ω
(𝑙)
(⟨𝛼
−1

𝑚
⟩
(𝑙−1)

, ⟨𝛼
−1

𝑚
⟩
(𝑙−2)

, . . . , ⟨𝛼
−1

𝑚
⟩
(0)
) .

(70)

Considering the above expression and comparing (67) with
(68), the difference between ARD and Double Lomax (𝑓 →

+0) is shown: in contrast to the ARD’s ⟨𝛼−1
𝑚
⟩
(𝑙+1)

that depends
only on ⟨𝑥

2

𝑚
⟩
(𝑙)
, the Double Lomax’s ⟨𝛼−1

𝑚
⟩
(𝑙+1)

depends not

only on ⟨𝑥
2

𝑚
⟩
(𝑙)

but also on all the former updates of ⟨𝛼−1
𝑚
⟩,

including ⟨𝛼
−1

𝑚
⟩
(𝑙−1)

, ⟨𝛼
−1

𝑚
⟩
(𝑙−2)

, . . . , ⟨𝛼
−1

𝑚
⟩
(0)
. Consequently, it

makes the Double Lomax method being able to smooth
the solution trajectory of ⟨𝜐2

𝑚
⟩
(𝑙)

and also the trajectories
of all other variables, as the results of smoothness propaga-
tion effect caused by the alternating-update strategy of VB
inference. With these smooth trajectories, the algorithmmay
be prevented from a large deviation of the right direction
when there are some disturbances or unreliable updates. As
will be shown experimentally, comparing to ARD, Double
Lomax tends to move more carefully around local minima
and provides a better convergence performance.

Following, we use linear regression as an example, the
coefficient vector is x = [1, −1, 0, 0, 1, −1, 1, 0, 0, −1]

T, the
basis matrix Φ is a 12 × 10 random matrix whose entries
are independently chosen from N(0, 1), and e is zero-
mean Gaussian noise with a standard deviation of 0.01. The
VB-Double Lomax (𝑓 → +0) formulation established in
the above section (denoted with DL) and an equivalent
formulation with ARD prior (denoted with ARD) are used
here for comparison. The maximum number of iterations
are set to 50 for both of the algorithms. Figure 4 shows
the estimation results of 50 trials, and the estimation mean
(denoted with mean) and standard deviation (denoted with
std) are also reported. Neither DL nor ARD can recover the
exact coefficients due to the noise. In general, DL has shown
more cases of convergence to global minima, while ARD has
shownmore cases of convergence to local minima, which has
a relatively large deviation of global minima though with a
small probability since that does not change the mean values
much. Figure 5(a) reports the coefficient update traces of a
typical case when ARD converges to a local minima but DL
does not. Figure 5(b) reports the coefficient update traces
of a typical case when both ARD and DL converge to the
global minima. In both situations, the DL appears to have
smoother coefficient update traces, which is in agreement
with the above analysis. Furthermore, the update traces of
latent variables ⟨𝛼−1

𝑚
⟩ and ⟨𝜐

2

𝑚
⟩ and noise parameter 𝛽 when

both ARD and DL converge to the global minima (the case
in Figure 5(b)) are also reported in Figure 6. Comparing
to the traces of ARD’s ⟨𝛼

−1

𝑚
⟩, smoother traces of DL’s are

observed, even if they are plotted on a log scale. It is noted
that the trace shapes of DL’s ⟨𝛼

−1

𝑚
⟩ are similar to those of

DL’s ⟨𝜐2
𝑚
⟩. But the differences can be seen in Figures 6(d)

and 6(e) (nonzero coefficient’s traces are shown in Figure 6(d)
while zero coefficients are shown in Figure 6(e) for better
visualization). If we force ⟨𝜐

2

𝑚
⟩ to equal to be ⟨𝛼

−1

𝑚
⟩, an

instance of ARD update is obtained. It is worth noting that
since an extra level of iterations is introduced by ⟨𝜐

2

𝑚
⟩, a

slower convergence speed of DL can be expected in general.

6. Computer Simulations

In this section, the proposed VB-Double Lomax (𝑓 →

+0) formulation (denoted with DL) is compared with the
equivalent formulation with ARD prior (denoted with ARD).
Furthermore, a hybrid formulation (denoted by hybrid), with
first 𝐾 iterations employing DL and the rest employing ARD
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(a) The update traces when ARD converges to a local minima but DL does not
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Figure 5: The update traces of coefficients from the regression coefficient estimation experiment shown in Figure 4. (A) The update traces
by ARD. (B) The update traces by DL. (C) The update traces of the first three coefficients [1, −1, 0]T.
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Figure 6: The update traces of latent variables and noise parameter when both ARD and DL converge to the global minima (shown in
Figure 5(b)).

until convergence, is also considered here for a tradeoff
between performance and speed. This hybrid approach is
based on the observation that ARD tends to converge to a
local minima at early iterations. Two kinds of SLM appli-
cations with different Φ matrices are considered here. One
is the AR model identification where the rows of Φ matrix

are strongly correlated, the other is the standard compressive
sensing problemwhere the rows ofΦmatrix are uncorrelated.
In the experiments reported below, the hybrid number 𝐾 =

20, and an experimental criterion, |‖x(𝑘)‖−‖x(𝑘−1)‖| < 10
−3

and lasting for more than 50 iterations, is used to terminate
the iterative procedure.
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Figure 7: AR model identification using DL. Left: coefficients and order estimation. Center: expected values of one-step-ahead predictions
versus the observations. Right: excitation noise estimation.

Autoregressive model is widely used to model time series
data, which attempts to predict the future values based on
previous values. An AR model of order 𝑝 is defined as

𝑦
𝑛
=

𝑝

∑

𝑖=1

𝑥
𝑖
𝑦
𝑛−𝑖

+ 𝑒
𝑛
, (71)

where 𝑦
𝑛
is the 𝑛th observation (measurement) in the series,

𝑥
𝑖
is the AR coefficients, and 𝑒

𝑛
is the excitation noise. Using

matrix notation, we have

y = ΦARx + e, (72)

where ΦAR is the 𝑁 × 𝑝 matrix whose 𝑛th row contains the
lags for elements 𝑦

𝑛
, that is, [𝑦

𝑛−1
, . . . , 𝑦

𝑛−𝑝
] and x is the AR

coefficient vector to be estimated. If the model order 𝑝 is
unknown, the strategy used here is choosing an𝑀where𝑀 is
large enough to ensure𝑀 > 𝑝 then computing the coefficient
vector of 𝑀 × 1, and the extra coefficients are supposed to
have estimates of zero.

Figure 7 shows an example of AR identification using DL
with 𝑁 = 300, 𝑝 = 8, and 𝑀 = 20. The excitation noise
follows a Student-t distribution with 𝑑 = 3 and 𝛽 = 1. It is
shown in the left of the figure that for coefficients 𝑀 ≤ 𝑝,
the algorithm gives relatively satisfactory estimates, and for
the extra coefficients 𝑀 > 𝑝, the estimates have been set
closely to zero.The center is plotted for the expected values of
one-step-ahead predictions compared with the observations,
and the right gives the comparison of the estimated excitation
noise distributionwith that used to generate the observations.

To compare DL, ARD, and hybrid, we use three AR
models with 𝑝 = 5, 10, and 15. In each case, 𝑀 = 20 and
the excitation noise is Student-t distributed with 𝑑 = 3

and 𝛽 = 1. The coefficient estimation error is calculated as
‖x̂ − x‖

2
/‖x‖
2
, where x̂ and x are the estimated and true coef-

ficient vectors.The predictionmean square errors (MSEs) are

calculated as 𝐸[(𝑦 − 𝑦)
2
], where 𝑦 and 𝑦 are the one-step-

ahead predictions and actual observations. Each experiment
is carried out 200 times and the average results for AR(5),
AR(10), and AR(15) are shown in Figures 8(a), 8(b), and
8(c), respectively.The figures on the left report the coefficient
estimation error with error bars (one standard deviation).
It is shown that DL results in smaller errors than ARD,
and the improvement is more significant for AR(10) and
AR(15). It is also observed that hybrid gives almost the same
performance as DL. As the number of observations increases,
the coefficient estimation errors of DL, ARD, and Hybrid
decrease and their differences become less significant. Similar
observations are found in the prediction MSEs, which are
reported in the center of Figure 8. However, the prediction
MSEs do not decrease monotonously with the number of
observations. This may be due to the reason that the current
SLM formulation is based on the overall coefficient estima-
tion error but does not put the partial autocorrelation of the
AR model in consideration. Finally, the right of the figure
reports the number of iterative steps required for convergence
versus the number of observations. It is shown that for the
same number of observations, DL requires more iterations
than ARD for convergence. However, hybrid can achieve
a comparable convergence rate as ARD. In general, as the
number of observations increases, the convergence speeds of
DL, ARD, and Hybrid also increase.

CS is a technique for acquiring and recovering sparse
signals with underdetermined linear systems that can be
represented as

y = ΦCSx + e, (73)

where y is 𝑁 × 1 observations, ΦCS is 𝑁 × 𝑀 measurement
matrix,𝑁 < 𝑀, e represents the acquisition noise, and x is the
𝑀× 1 unknown sparse signal, that is, most of its coefficients
are zero.
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Figure 9: Number of measurements versus reconstruction error with error ranges (one standard deviation) for the noise-free case.

We use the following default CS setup in our experiments.
ΦCS is induced by sampling i.i.d. columns from a unit sphere
in 𝑅
𝑁. 𝑇 coefficients at random locations of the signal

are drawn from four different probability distributions, and
the rest (𝑀 − 𝑇) of the coefficients are set to zero. The
nonzero coefficients of the sparse signals are realizations
of the following four distributions: (1) uniform ±1 random
spikes, (2) nonnegative unit spikes, (3) zero-mean unit
variance Gaussian, and (4) zero-mean Student-t with unit

scale parameter and shape parameter equal 3.We fix𝑀 = 256

and 𝑇 = 80, and we vary the number of measurements
𝑁. Moreover, both noiseless and noisy acquisitions are
considered, where a zero-mean white Gaussian noise with
a standard deviation of 0.005 is used in the noisy experi-
ment.The reconstruction error is calculated as ‖x̂ − x‖

2
/‖x‖
2
,

where x̂ and x are the estimated and true signals. Each
experiment is carried out 200 times and the average results
are reported. Figure 9 reports the number of measurements
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Figure 10: The number of iterative step required for convergence for the noise-free case.

versus reconstruction error with error ranges (one standard
deviation) for the noise-free case. It is shown thatDL provides
improved overall reconstruction performance over ARD for
a reasonable number of measurements, the improvement
is more significant for signal types (1) and (2) and less
significant for types (3) and (4) (but the differences can still
be seen from the error ranges). And the hybrid can provide
a performance close to DL. Figure 10 reports the number of

iterative steps required for convergence versus the number
of measurements for the noise-free case. DL shows a slower
convergence rate than ARD, and hybrid has a comparable
rate as of the ARD. Figure 11 shows the number of estimated
nonzero coefficients for the noise-free case, whose values are
larger than 10

−3. Overall, DL gives the sparsest estimation
results, then hybrid followed by ARD. Figure 12 reports the
results for noisy acquisitions. Similar observations to the
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Figure 11: The number of estimated nonzero coefficients for the noise-free case.

noise-free case (shown in Figure 9) are found in this figure,
except that this time none of the algorithms can recover the
coefficients exactly due to the noise.

7. Conclusion

In this paper, we propose a new non-log-concave sparsity
prior, referred to as Double Lomax Prior, which corresponds
to a three-level hierarchical Bayes model. A VB inference

procedure is introduced to solve for the SLM using Double
Lomax priors. When noninformative hyperprior is assumed
(𝑓 → +0), the proposed update procedure includes the
canonical ARD update procedure as a special case. However,
comparing to the canonical ARD update, the proposed
update procedure has one more latent variable which has
the smoothness effect that can result in an improved perfor-
mance. A hybrid formulation of Double Lomax and ARD
is also considered as a tradeoff between performance and
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Figure 12: Number of measurements versus reconstruction error with error ranges (one standard deviation) for noisy observations.

computational speed. Experiments on both correlated and
uncorrelated SLM simulations with applications to ARmodel
identification and compressive sensing are carried out to
demonstrate the effectiveness of the proposed approach.
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We present a novel feature-level data fusionmethod for autonomous localization in an inactive multiple reference unknown indoor
environment. Since monocular sensors cannot provide the depth information directly, the proposed method incorporates the edge
information of images froma camerawith homologous depth information received froman infrared sensor. Real-time experimental
results demonstrate that the accuracies of position and orientation are greatly improved by using the proposed fusion method in
an unknown complex indoor environment. Compared to monocular localization, the proposed method is found to have up to 70
percent improvement in accuracy.

1. Introduction

For achieving seamless positioning and navigation in
degraded or denied unknown areas such as indoors
[1, 2], various new technologies have replaced the Global
Positioning System (GPS) [3–6] and Inertial Navigation
System (INS) [7] as the mainstream technologies in indoor
autonomous localization field.Themost popular one is visual
Simultaneous Localization and Mapping (SLAM) [3, 8, 9].
One of the key technologies in SLAM is the autonomous
localization which is localizing oneself in an unknown
environment. The other one is recreating a map of this
environment. These two tasks are coupled to each other: an
accurate localization is benefited to mapping, and a good
map is crucial to localize oneself. For this reason, both of the
two tasks must be performed at the same time [10].

The key point of good localization is to ensure the
correct processing of geometrical information gathered by
cameras. Three types of methods have been considered
for autonomous localization estimation. (a) Monocular
Autonomous Localization: in an early stage, researchers
prefer to use a monocular method for its simple device
structure. A good example of this method was introduced by
Civera et al. in [11, 12]. 1-point Random Sample Consensus

(RANSAC) based on ExtendKalman Filter (EKF)was used as
the data association method.They also showed real-time fea-
sibility of monocular SLAM with affordable hardware which
cannot provide depth information, using the EKF algorithm
to get the depth information from features information [13],
but a long convergence time for obtaining depth information
of themonocularmethod is required. (b)Multisensor of same
“type”: stereovision SLAM is a typical example of multisensor
of same “type” which is considering two linked cameras as
a single 3D sensor [14, 15]; SLAM has the defects of limited
3D estimation range and mechanical fragility. A stereovision
sensor can only provide a reasonable 3D estimation up to
infinity. (c) Multi-sensor of different “types”: with the using
of data fusion method and filtering in the field of multi-
sensor, researchers are paying attention to the multi-sensor
methods recently [16–18]. Multi-sensor of different “types”
can provide more types of feature information for enhancing
estimation accuracy and reducing strong anti-interference. In
order to further improve the performance of themulti-sensor
of different “types” in SLAM, we introduce a novel feature-
level data fusion for indoor autonomous localization. The
basic idea is of fusing camera and infrared sensor information
with each other. In contrast to the laser sensor, the advantage
of low cost is also outstanding with this type of sensor.
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Figure 1: Framework of proposed system.

This paper is organized as follows. Our system framework
is introduced in Section 2. Section 3 describes proposed
feature-level data fusion based indoor localization method.
Section 4 presents the experimental results. Section 5 gives
the conclusion of the paper.

2. Framework of Proposed System

Among the various SLAM methods [10], the most popular
one is the monocular SLAM [11]. In the literature, feature
detection [19] and data association and prediction are impor-
tant parts of SLAM. Feature detection is to extract features
in images, and one can localize the camera by analyzing the
relative position between these points and the camera. Data
association maps the feature points between two adjacent
frames. Because of the lack of depth information, the initial
depth information is usually stated before the localization,
and the depth information is then estimated after several
iterations of the sequential estimators such as EKF.

In this section, we present a framework that supports
the feature-level data fusion based autonomous localization
as shown in Figure 1. In the proposed localization method,
features in the unknown area are first detected. The feature-
level data fusion based autonomous localization in Section 3
will then be performed. It is designed to deal with two
problems: (a) the unavailable initialized depth information of
themonocularmethod and (b) self-calibration of themultiple
dissimilar sensors.

Figure 1 is the block diagram of the proposed system.The
state vector 𝑋⊤ can be represented by the set of camera 𝑥⊤
and the set of feature points information 𝑝⊤

𝑖
:

𝑋
⊤
= [𝑥
⊤
𝑝
⊤

1
⋅ ⋅ ⋅ 𝑝
⊤

𝑛
] ,

𝑥 = [𝑟
WC
; 𝑞

WC
; V𝑊; 𝜔𝑊] ,

(1)

where 𝑥⊤ contains the position and orientation as a 6-DOF
[20] constant velocity model, 𝑝⊤

𝑖
contains the world coordi-

nate of feature points, WC represents the world coordinate, 𝑞
is the direction of the sensor view, and V and𝜔 are the velocity
and angular velocity.

Previous works

  Monocular
 information

      Fused
 information

Proposed system

Replacement Complex indoor 
  environment

Figure 2: Replacement of fused information tomonocular informa-
tion.

Consider the following:

𝑓
𝑘+1
=

[
[
[
[
[
[

[

𝑟
WC
𝑘+1

𝑞
WC
𝑘+1

VWC
𝑘+1

𝜔
WC
𝑘+1

]
]
]
]
]
]

]

=

[
[
[
[
[

[

𝑟
WC
𝑘
+ (V𝑊
𝑘
+ 𝑉
𝑊

𝑘
) Δ𝑡

𝑞
𝑊

𝑘
× 𝑞 (𝜔

𝑊

𝑘
+ Ω
𝑊
) Δ𝑡

V𝑊
𝑘
+ 𝑉
𝑊

𝜔
𝑊

𝑘
+ Ω
𝑊

]
]
]
]
]

]

. (2)

In (2), 𝑘 + 1 refers to the step number, 𝑞(𝜔𝑊
𝑘
+ Ω
𝑊
)

transforms the local orientation vector into a quaternion,𝑉𝑊
𝑘

and Ω𝑊 are the impulse of velocity and angular velocity, and
Δ𝑡 is the delay between 𝑘 and 𝑘 + 1. From the velocity model,
the EKF prediction of the state vector can be described:

𝑥V (𝑘 + 1 | 𝑘) = 𝑓V (𝑥 (𝑘 | 𝑘)) ,

𝑃V (𝑘 + 1 | 𝑘) = 𝐹V𝑃V (𝑘 | 𝑘) 𝐹
𝑇

V + 𝐺𝑘−1𝑄𝑘−1𝐺
𝑇

𝑘−1
,

(3)

where 𝑥V stands for the prediction of position and orientation
of camera, 𝐹V is the Jacobian of 𝑓V,𝑄𝑘 is the covariance of the
zero-mean Gaussian noise assumed for the dynamic model,
and 𝐺

𝑘
is the Jacobian of this noise.

Consider the following:

𝑥 (𝑘 + 1 | 𝑘 + 1) = 𝑥 (𝑘 + 1 | 𝑘) + 𝐾 × (𝑧 − 𝑧

) ,

𝑃 (𝑘 + 1 | 𝑘 + 1) = (𝐼 − 𝐾𝐻)𝑃𝑘+1|𝑘,

(4)

where 𝑧 is the updated features information, 𝑧 is the
observation of 𝑥(𝑘 + 1 | 𝑘),𝐾 stands for Kalman gain, and𝐻
is the Jacobian of the measurement equation. With the state
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vector and covariance matrix, the prediction of the camera
motion is available.

The data association block in the framework can reduce
the size of the data set and 1-point RANSAC [11] is a paradigm
for the model. The number of RANSAC iterations can be
greatly reduced and hence the computational cost. After the
data association, the features of the adjacent two frames will
be linked, deleted, or created.

3. Proposed Feature-Level Data Fusion Based
Autonomous Localization

In this section, we present an autonomous localization
method based on a novel method of feature-level data fusion.
Because of the difference between camera and infrared
sensor, depth information cannot be projected to an image
with high accuracy. The proposed method provides the
fused information of depth and image through the edge
information as shown in Figure 2. With the known pose
of the camera, the world coordinates of feature points can
be inferred. Similarly for the features, the pose can also be
calculated.

3.1. Camera and Infrared Sensor Geometric Modeling. A 3D
point 𝑝 in the scene and its corresponding projection 𝑝

𝑖

are related by the following equations. We use 𝑋, 𝑌, 𝑍
to represent the world coordinates and 𝑢, V for the image
coordinates:

𝑝 =
[
[
[

[

𝑋

𝑌

𝑍

1

]
]
]

]

, 𝑝
𝑖
= [

[

𝑢

V
1

]

]

, 𝑝
𝑖
= 𝐾 [𝑅 | 𝑡] 𝑝, (5)

where 𝐾 is the camera calibration matrix, 𝐾 is the infrared
sensor calibration matrix, 𝑅 is the rotation matrix, and 𝑡 is
the translation vector between world and camera coordinate
systems.

Consider the following:

𝐾 = [

[

𝑓
𝑥
0 𝐶
𝑥

0 𝑓
𝑦
𝐶
𝑦

0 0 1

]

]

, 𝐾

=
[
[
[

[

𝑓


𝑥
0 𝐶


𝑥

0 𝑓


𝑦
𝐶


𝑦

0 0 1

]
]
]

]

, (6)

where 𝐾 is defined by 𝑓
𝑥
and 𝑓

𝑦
referred to the focal length

of the camera in the 𝑥-axis and 𝑦-axis and 𝐶
𝑥
and 𝐶

𝑦
are the

elements of the principal point vector. Infrared sensor has the
same 𝑅 and 𝑡 with the camera. The corresponding projection
in the infrared sensor is 𝑝

𝑑
, and the relation between 𝑝

𝑖
and

𝑝
𝑑
can be expressed as

𝐾
−1 [

[

𝑢

V
1

]

]

= [𝑅 | 𝑡]
[
[
[

[

𝑋

𝑌

𝑍

1

]
]
]

]

= (𝐾

)
−1
[

[

𝑢


V

1

]

]

. (7)

3.2. Feature-Level Data Fusion Method of Image and Depth.
While in Section 2 most feature points extraction methods
are concentrated on the edges of objects, the depth infor-
mation of these places is not accurate. In order to solve this
problem, we use a feature-level data fusion method based
on edge information by three steps. Before performing data
fusion, edge information is chosen as features by analyz-
ing the image and depth information. Comparing various
methods, we select the canny operator to extract. The block
diagram of the proposed method is shown in Figure 3.

First, 𝐸 = 𝐼(𝑥, 𝑦) is one edge point of the image 𝐼, 𝐸 =
𝐷(𝑥, 𝑦) is the projection of 𝐼(𝑥, 𝑦) on the depth information
𝐷, and𝑀 is the cross-shaped matrix with center point at 𝐸.
It is constituted by the next 4𝑖 points around 𝐸 as shown in
Figure 4.

Consider the following:

𝑀(𝑖, 𝑖) = 𝐸

= 𝐷 (𝑥, 𝑦) ,

𝑀 =

[
[
[
[
[
[
[

[

0 ⋅ ⋅ ⋅ 𝐷 (𝑥, 𝑦 − 𝑖) ⋅ ⋅ ⋅ 0

... d
... c

...
𝐷(𝑥 − 𝑖, 𝑦) ⋅ ⋅ ⋅ 𝐷 (𝑥, 𝑦) ⋅ ⋅ ⋅ 𝐷 (𝑥 + 𝑖, 𝑦)

... c
... d

...
0 ⋅ ⋅ ⋅ 𝐷 (𝑥, 𝑦 + 𝑖) ⋅ ⋅ ⋅ 0

]
]
]
]
]
]
]

]

.

(8)

Second, the nearest nonzero point to 𝐸 in 𝑀 named
𝑃 which is the point used for edge alignment should be
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Figure 4: The processes of line alignment in the feature-level data fusion.
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obtained. We assume that 𝑃 = 𝑀(𝑚, 𝑛) which means that
𝑚 + 𝑛 is the minimum among all non-zero points in𝑀.

Third, moving 𝑃 = 𝑀(𝑚, 𝑛) forward 𝐸 in horizontal or
vertical direction, and then extracting the depth information
of the point next to 𝑃 (the one further than 𝑃 from 𝐸

),
we can fill in all the empty points between 𝑃 and 𝐸. Since
the relations between 𝑚, 𝑛, and 𝑖, there are 4 solutions that
should be considered. 𝐷 is the fused depth information
described in the following:

𝐷

(𝑥 + 𝑚 − 𝑖 : 𝑥, 𝑦)=𝐷 (𝑥 + 𝑚 − 𝑖 − 1, 𝑦) (𝑚 < 𝑖, 𝑛 = 𝑖) ,

𝐷

(𝑥 : 𝑥 + 𝑚 − 𝑖, 𝑦)=𝐷 (𝑥 + 𝑚 − 𝑖 + 1, 𝑦) (𝑚 > 𝑖, 𝑛 = 𝑖) ,

𝐷

(𝑥, 𝑦 + 𝑛 − 𝑖 : 𝑦)=𝐷 (𝑥, 𝑦 + 𝑛 − 𝑖 − 1) (𝑚 = 𝑖, 𝑛 > 𝑖) ,

𝐷

(𝑥, 𝑦 : 𝑦 + 𝑛 − 𝑖)=𝐷 (𝑥, 𝑦 + 𝑛 − 𝑖 + 1) (𝑚 = 𝑖, 𝑛 < 𝑖) .

(9)

3.3. Pose Estimation. In order to register a feature point
𝑥
𝑖
= [𝐼
𝑥
, 𝐼
𝑦
]
⊤ into the world coordinate as a 3D point

𝑥 = [𝑋, 𝑌, 𝑍]
⊤, these parameters should be known, the pose

(world coordinate 𝐶 = [𝐶
𝑥
, 𝐶
𝑦
, 𝐶
𝑧
]
⊤, angles between camera

view and initial camera view are 𝜃 and𝜑, 𝜃 is horizontal and 𝜑
is vertical) of camera, depth𝑑 of the feature point, and vertical
and horizontal visual angles of camera view which are 𝛼 and
𝛽 and𝑚×𝑛 is the sizes of image.The equation for registering
𝑥
𝑖
into the world coordinate 𝑥 will be

𝑋 =
𝑑 cos𝜑

cos (𝐼
𝑥
𝛼/𝑚)

sin(𝜃 +
𝐼
𝑥
𝛼

𝑚
) + 𝐶

𝑥
,

𝑌 =
𝑑 cos 𝜃

cos (𝐼
𝑦
𝛽/𝑚)

sin(𝜑 +
𝐼
𝑦
𝛽

𝑚
) + 𝐶

𝑦
,

𝑍 = 𝑑 cos 𝜃 cos𝜑 + 𝐶
𝑧
,

𝑥 = (
𝑑 cos𝜑

cos (𝐼
𝑥
𝛼/𝑚)

sin(𝜃 +
𝐼
𝑥
𝛼

𝑚
) + 𝐶

𝑥
,

𝑑 cos 𝜃
cos (𝐼

𝑦
𝛽/𝑚)

× sin(𝜑 +
𝐼
𝑦
𝛽

𝑚
) + 𝐶

𝑦
, 𝑑 cos 𝜃 cos𝜑 + 𝐶

𝑧
) .

(10)

After introducing the projection of features from image
plane into the 3D world coordinate, the relation between
camera pose and 3D feature points in world coordinate will
be described in this paragraph. Before the depiction of the
processes, a problem should to be noticed. Assume a feature
point 𝑃

1
is registered in world coordinate and the depth

information is available. In that cases the camera move along
the tangent of the circle whose center is feature point𝑃

1
. Even

though there is no change in the image projection and depth
of 𝑃
1
, the pose of the camera should not be considered as

being changeless. So, the number of features used for camera
pose estimation should be more than two. In order to finish
this calculation, the following parameters must be known
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Figure 5: The relationships between camera pose and features.

as shown in Figure 5: (1) the world coordinate of feature
points 𝑥

1
= [𝑋
1
, 𝑌
1
, 𝑍
1
]
⊤ and 𝑥

2
= [𝑋
2
, 𝑌
2
, 𝑍
2
]
⊤ (𝑋
1
̸=𝑋
2
,

𝑌
1
̸=𝑌
2
), (2) the projections of feature points on image 𝐼

1
=

[𝐼
𝑥1
, 𝐼
𝑦1
]
⊤ and 𝐼

2
= [𝐼
𝑥2
, 𝐼
𝑦2
]
⊤, (3) the depth information

of feature points 𝑑
1
and 𝑑

2
, (4) the vertical and horizontal

visual angles of camera view 𝛼 and 𝛽, (5) the size of images
𝑚 and 𝑛. Assume that the camera world coordinate is 𝐶 =

[𝐶
𝑥
, 𝐶
𝑦
, 𝐶
𝑧
]
⊤, angles between camera view and 𝑥-axis and 𝑦-

axis are 𝜃 and 𝜑. One can calculate the camera pose using
following equations. Obviously, 𝐶

𝑥
, 𝐶
𝑦
, 𝐶
𝑧
, 𝜃, and 𝜑 can be

derived by solving the previous equations. So, the pose of
camera can be obtained through the previously mentioned
parameters.

Consider the following:

𝐼
𝑥1
= [tan−1 (

𝐶
𝑥
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1
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𝐶
𝑦
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2

𝐶
𝑧
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2
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𝑛

𝛽
,

𝑑
1
cos𝜑

cos (𝐼
𝑥1
) (𝛼/𝑚)

sin(𝐼
𝑥1

𝛼

𝑚
+ 𝜃) = 𝑥

1
.

(11)

At last, consolidating the previous equations, if the
camera pose in time 𝐾 is known, the image coordinates of
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Figure 6: Operational principle of the combined hardware of camera and infrared sensors.
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Figure 7: Image from CCD (a) and infrared sensor data (b).

feature points and their depth are known all the time, and
feature points information is stable, then camera pose in
time 𝐾 + 1 can be calculated, and the world coordinates
of feature points in time 𝐾 + 1 can also be calculated
through the previously described data. Therefore, consider-
ing the mathematical induction, as long as there are more
than two feature points that can be found in the image
later, the camera pose can be obtained in every moment.
The algorithm ultimately achieves autonomous localization
estimation.

4. Experiments and Results Analysis

4.1. Experimental Platform. In this experiment, the Kinect
[21, 22] sensor is used. Kinect is equipped with two sets of
lenses. The middle sensor is the RGB camera (color CMOS)
with a resolution ofVGA (640∗480).The infrared transmitter
in the left and the receiver in the right comprise a set of
3D depth sensors with a resolution of QVGA (320 × 240).
The hardware operational principle which consists of camera,
infrared transmitter and infrared receiver is show in Figure 6.
The feature on image plane projects in world coordinates
through the information from these sensors.The frame rate is
30 frames per second. The software platforms for Kinect are
OpenNI [23] and OpenCV [24] which are under 𝐶. Kinect

Figure 8: Edges of image (red line) and depth information (blue
line).

classifies all the information into two types: color images and
depth information. In a depth information, each item of one
pixel (one pixel is 16 bits or 2 bytes) expresses the distance
of the object closest to the sensor under the specified 𝑥, 𝑦
coordinates. Depth distance ranges generally from 850mm
to 9000mm. The depth 0 indicates unknown situation, for
example, the projection of glass (low reflection) and mirror
(high reflection). Stream support: 640 × 480, 320 × 240, and
80 × 60.
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(a) (b)

Figure 9: Comparison of original data (a) and fused data (b).

(a) (b)

Figure 10: Experimental environment and its depth information.

4.2. Experimental Results and Analyzation of Data Fusion.
The image and the depth information of the carton shown
in Figure 7 are used for experiments.

(1) After calibration, the internal reference of infrared
sensors and cameras is 𝐾 and 𝐾. Since the rotation
matrixes and translation matrixes of them are the
same, mapping relation of the pixel between depth
information and images can be calculated through the
equation as (7).

(2) The edge detection results of the depth information
and image are shown in Figure 8, the red lines
represent the image edges and the blue lines represent
the depth information edges.

(3) After the alignment of the edges, the results of the
feature-level fused data fusion are shown as follow.
The left one is the original data and the fused data is
on right.

From the edge parts in Figure 9, we can find that there are
a lot of glitches in the raw data. Comparing to the left one, the
right image has a qualitative leap on the carton edges. After
removing the glitch noise, the fused information is ready for
further data analysis.

4.3. Indoor Autonomous Localization Estimation Error and
Analysis. In the autonomous localization experiments, the
chosen scene is a complex indoor environment shown in
Figure 10. All of the depth information is continuously
distributed in a range of 0.85m to 9m. In order to evaluate the
positioning method comprehensively, two experiments are
conducted in this part. The sensors are in uniform rectilinear
motion in the first one and nonuniform nonlinear motion in
the second one. In the first experiment, the camera moves
2.2m from original point along the negative 𝑥-axis. The
sensor Kinect is placed on a cart moving at a speed of 2 cm/s
in uniform motion. In order to simulate human behavior,
we conduct the second experiment. In the second one, the
cameramoves 1.6m uniformly along the positive 𝑦-axis from
the original point at first, then moves along a quarter circle
with a radius of 1m and the tangent of the cycle is 𝑦-axis.
The speeds of the uniform motion and the quarter circle are
4 cm/s and 2 cm/s.

The infrared sensor and the camera obtain information
of depth and images at the frequency of 2.5Hz, the images
are of 640 × 480 color pixels and the depth information is of
16-bit grey level 320 × 240 pixels. The raw data from sensors
are recorded in a hard drive for postexperiment analysis.
There are three kinds of data as follows: (1) the images
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Figure 11: The results of the first experiment. The cumulative errors of the positioning along 𝑥-axis (a), the positioning along 𝑦-axis (b), and
the positioning error (c).

without depth information, (2) the images and the raw
depth information, and (3) the images and the fused depth
information.

The positioning cumulative errors and the positioning
Root-Mean-Square (RMS) errors of the experiments are
shown as figures. Figures 11 and 12 are for the first experiment
and others are for the second experiment.

Figure 11 explains the positioning cumulative errors from
the respects of the error in the Euclidean coordinate, along the
𝑥-axis and the 𝑦-axis. The first site represents that fused data
can improve accuracy by 70 percent along 𝑥-axis with reduc-
ing the error from 0.5m to 0.15m. The second site explains

that the fused data can improve accuracy by 67 percent along
𝑦-axis with error reducing from 0.45m to 0.15m. The third
one explains that the fused data can improve accuracy by 67
percent in the Euclid distance. So, these results show that the
localization method based on feature-level data fusion holds
more advantages in the direction of motion and this method
increases about 70 percent accuracy of the positioning.

In Figure 12, the positioning RMS errors are shown from
4 respects: the error in the Euclidean coordinate (position
and attitude), the error along the 𝑥-axis and the 𝑦-axis; they
are the evaluations for stability of the localization method.
By comparing the third and the fourth sites, we find that
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Figure 12: The results of the first experiment. The RMS errors of the positioning (a), the orientation estimation (b), positioning along 𝑥-axis
(c), and positioning along 𝑦-axis (d).

the localization method based on fused information has
excellent performance in the direction of motion. At the
same time, by comparing the first and the second sites,
the significant improvement on the stability of the pose
estimation is also considerable.

The same arrangement with Figures 11 and 13 can also
be divided into three parts: the error in the Euclidean coor-
dinate, along the 𝑥-axis and the 𝑦-axis. The first site shows
the improvement of the error along 𝑥-axis with reducing the

error from 0.35m to 0.02m. The accuracy of localization is
improved about 60 percent along 𝑦-axis and in the Euclidean
coordinate with the error reducing from 1m to 0.3m.

Figure 14 shows the results of the positioning RMS errors
of the second experiment; the method also can be evaluated
from four respects as in Figure 12. From these sites, we
can find that the localization method based on feature-level
fused information holds a low RMS error level by contrastive
analysis and practical calculation.
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Figure 13: The results of the second experiment. The cumulative errors of the positioning along 𝑥-axis (a), the positioning along 𝑦-axis (b),
and the positioning error (c).

5. Conclusion

We showed a novel feature-level data fusion based
autonomous localization method for unknown indoor
environment in this paper. Accuracy estimation was
discussed for this method with real-time experiments.
The experiment was conducted in an inactive multiple
reference unknown indoor environment, and the platform
consisted of a Kinect and a laptop. In the first experiment,
the sensors move in uniform linear motion. The sensors
move in a nonlinear and nonuniform motion in the

second experiment. The positioning error of the three types
of information from different data fusion methods was
compared in the experiment. The first experimental results
proved that the accuracy improvement of the autonomous
localization based on feature-level data fusion guarantees
up to 70 percent by comparing to monocular SLAM
(without depth information) and 50 percent to pixel-level
data fused information basing positioning method. The
second experimental results show that the positioning
method also holds practicality in the real environment.
So, the advantage of feature-level data fused information is
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Figure 14: The results of the second experiment. The RMS errors of the positioning (a), the orientation estimation (b), positioning along
𝑥-axis (c), and positioning along 𝑦-axis (d).

applied into two problems: data fusion method of multi-
sensor of different “types” and the reliability of the visual
SLAM.
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With the increment of the scale of internet information as well as the cross-correlation interaction, how to achieve accurate retrieval
of multimedia data is an urgent question in terms of efficiently utilizing information resources. However, existing information
retrieval approaches provide only limited capabilities to search multimedia data. In order to improve the ability of information
retrieval, we propose a domain-oriented subject awaremodel by introducing three innovative improvements. Firstly, we propose the
text-image feature mappingmethod based on the transfer learning to extract image semantics.Then we put forward the annotation
document method to accomplish simultaneous retrieval of multimedia data. Lastly, we present subject aware graph to quantify the
semantics of query requirements, which can customize query threshold to retrieve multimedia data. Conducted experiments show
that our model obtained encouraging performance results.

1. Introduction

With the development of modern information technology,
themanifestation of travel information has gradually changed
from single text data to multimedia data. However, due to
the continuing growth of tourism multimedia data and the
fact that users are unable to express query requirements
accurately, much time is spent on scanning and skimming
through the results returned [1, 2], which means that the
key problem to be addressed in information search is the
development of a search model to guarantee the capability of
understanding query requirements completely. The existing
tourism information retrieval models are mostly keyword-
based and therefore provide limited capabilities to capture
user implicit query need. In face of this situation, information
retrieval, as well as its related theories and technologies have
been proposed nowadays. Nevertheless, these approaches
exhibit a common limitation, which is the inability to take
quantitatively semantic relations into account. In this paper,
the previous problem can be addressed through the domain-
oriented subject aware model (DSAM). This model will
achieve the following objectives: (1) to develop a pattern that

enables unified multimedia data (i.e., text data and image
data) in the tourism domain, (2) to analyze and quantify
user implication requirements, and (3) to generate accurate
multimedia search results for users. Through this model, the
multimedia query results can be obtained in a precise and
comprehensive way.

The development of DSAM involves many technologies,
such as ontology, semantic search, and query expansion.
Ontology is proposed for analyzing domain knowledge and
used in all kinds of domains, especially in information
retrieval [3–8]. For example, Setchi et al. [9] develop an
image retrieval tool through ontological concepts, Chu et al.
[10] construct a concept map learning system for education,
and Dong et al. [11] propose a semantic service search
engine for digital ecosystem. Meanwhile, as a knowledge
representation form, ontology has been applied in the system
development to provide implication query results, such as
peer knowledge management system [12] and query-based
ontology knowledge acquisition system [13]. In this paper,
we are inspired by the idea of domain ontology and apply
the definitions of concept and instance in the ontology to
establish a subject aware graph in the tourism domain.
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The semantic search technology [14–17] is also used in
DSAM to capture the conceptualizations associated with the
user query requirements. This technology is very popular
in information retrieval [18], and many semantic search
approaches have been proposed. For example, Hollink et al.
[19] propose a method to exploit semantic information in the
form of linked data. Bollegala et al. [20] describe empirical
method to estimate semantic similarity using page counts and
texts.

To obtain accurate and stablemultimedia retrieval perfor-
mance, we explore query expansion technique [21–23], which
can be classified as local analysis, global analysis, and seman-
tic dictionary method. In local analysis method, the expan-
sion words are identified by using the most relevant articles
which are associated the initial query [24]. In global analysis
method, all the associated words or phrases of the entire
document collection are used for correlation analysis, and
the words associated with the highest degree of query word
or phrase are added to new inquiries [25]. Finally, regarding
the semantic dictionary method [26], Alejandra Segura et al.
[27] focus the expansion on the use of domain ontology. In
view of the features of these approaches, DSAMproposed can
not only avoid all the words of the relevant calculation in the
global analysis method as well as user participation feedback
in the local analysis, but also cut down the cost ofmaintaining
dictionary in the semantic dictionary method.

In conclusion, the novel contributions of this paper are
the following: (1) we use the text mining technology and lots
of text information to assist the knowledge learning of the
image data and present text-image feature mapping method
to extract image semantic. The advantage of our method
is using relevant text information to assistantly generate
the semantics of images, so as to improve the accuracy of
image semantic annotation. (2) We propose the method of
annotating documents to achieve the task of multimedia
data fusion, including annotating creation and ranking of
documents. This method can give more prominence to the
important searching results and also capture a comprehensive
understanding corresponding to user’s query in a shorter
time. (3) We propose the definition of subject aware graph
(SAG) to quantify the semantics of the user query keywords.
Furthermore, SAG contains three layers, that is, subject layer,
concept layer, and instance layer. Meanwhile, the appropriate
concepts and instances are organized rationally. In addition,
we present the definition of awareness and its computing
formulae for tackling the problem of measuring impli-
cated query intention. And Awareness computations can be
achieved using a thorough analysis of query requirements.
As far as we know, this method has not been attempted in
an information search system. (4)We present the implication
of our model, including the information collection module,
the index module, the subject aware expansion module, and
the sorting and displaying module. DSAM explores the use
of query threshold to support more accurate tourism multi-
media search results, thereby improving the performance of
retrieval.

The rest of the paper is structured as follows. Section 2
provides the concept of subject aware graph. Section 3
illustrates the implementation of our model. Section 4

presents experimental work to demonstrate the effectiveness
of our model. Section 5 concludes the paper.

2. Subject Aware Graph

In this section, first we propose the concept of subject
aware graph which is the foundation of Awareness. Then we
elaborate the definition and calculation about awareness in
order to obtain user implication query semantics. Last we
demonstrate the application of awareness, which can be used
in the DSAM implementation.

A subject aware graph consists of three parts: the subject
layer containing subject nodes, the concept layer containing
concept nodes, and the instance layer containing instance
nodes. Three types of nodes are defined as follows.

Definition 1 (subject node). A subject node SN is in a 4-tuple
form, where sid is the identity of SN, ℎ is the level of this
subject, 𝑛

𝑐
is the concept number associated with SN, and 𝑛

𝑠

is the number of child nodes of SN. Subject nodes are divided
into two types, one is connection node (i.e., 𝑛

𝑠
is not zero) and

the other is the leaf node (i.e., 𝑛
𝑠
is zero).

Definition 2 (concept node). A concept node CN is in a
triple form, where cid is the identity of CN, sort is the
kind of CN (i.e., according to the concept property, sort
is divided into three categories, basic concept, association
concept, and comment concept, resp.), and 𝑛

𝑖
is the instance

number associated with CN.

Definition 3 (instance node). An instance node IN represents
an instance of a concept associated with the given subject,
with serial number used to identify IN.

According to the different types of nodes, we define
awareness to quantify the semantics of the user query key-
words, shown as follows.

Definition 4 (awareness). Awareness is a range of decimal
(0, 1], indicating the expansion degree of nodes in the SAG.
Awareness includes three types, namely, subject awareness
(SA), concept awareness (CA), and instance awareness (IA),
which correspond to three layers of the SAG, respectively.

Subject awareness reflects the degree of subject concerned
by people, and for calculating of SA, the following factors
are considered. The first factor is ℎ introduced in advance.
The greater the level of SN, the less the contents of SN, so
the smaller the value of SA. The second factor is 𝑛

𝑠
, and it

is clear that the greater 𝑛
𝑠
is, the more dispersed its subject

attention is and the less attention it attracts. The third factor
is 𝑛
𝑐
, and furthermore, the larger the concept node number

contained by SN is, the bigger the value of SA is.The last factor
is the ratio of this subject resources denoted by this SN to total
resources (𝑃

𝑠
for short), and a higher ratio indicates that the

subject is more attached by the people.
Taking all these factors, let SA be a list of weighted

matrixes, namely, SA = {(𝑚
1
, 𝑤
1
), (𝑚

2
, 𝑤
2
), (𝑚

3
, 𝑤
3
),

(𝑚
4
, 𝑤
4
)} where ∑4

𝑖=1
𝑤
𝑖
= 1. In this context, we define
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matrixes as follows: 𝑚
1
= 𝑓
1
(ℎ), 𝑚

2
= 1/(𝑛

𝑠
+ 1), 𝑚

3
=

(𝑛
𝑐
+ 1)/(𝑀

𝑐
+ 1), 𝑚

4
= 𝜅
1
∗ 𝑃
𝑠
, where 𝑓

1
(𝜇) = (11 − 𝜇)/10,

𝜅
1
= 10 is an amplification constant and𝑀

𝑐
is the maximum

number of concepts contained by this SN.
Therefore, the SA with respect to a SN can be calculated

with the following formula:

SA =

4

∑

𝑗=1

𝑚
𝑗
𝑤
𝑗
, (1)

where 𝑗 ranges over all the matrixes in the description of SA.
For the computation of CA, we mainly consider two fac-

tors. The first factor is the ranking of concept type (denoted
by 𝑟) whose order is the basic concept in the first place,
the association concept in second place, and the comment
concept in third place. The second factor is the instance
number contained by the concept (denoted by 𝑛

𝑖
). This is

because the former reflects the impact of concept type (i.e.,
the smaller the ranking number of the concept, the greater
theCAof its concept), and the latter reflects the importance of
instances (i.e., the more the instance number of the concept,
the greater the CA of its concept). Based on previous two
factors, we establish the CA formula as follows:

CA = 𝑓
1 (𝑟) 𝑓2 (𝑛𝑖) , (2)

where function 𝑓
1
is consistent with SA formula, 𝑓

2
(𝑛
𝑖
) =

(𝑛
𝑖
+ 1)/(𝑀

𝑖
+ 1), where 𝑀

𝑖
is the maximum number of

instances with any concept contained by the same subject.
Now, we present the formula of instance awareness as

follows:

IA = 𝛼 ∗ CA + 𝛽 ∗
𝑛
𝑙
− 𝑛min

𝑛max − 𝑛min
, (3)

where 𝛼 and 𝛽 are adjustment coefficients and satisfy 𝛼 +
𝛽 = 1, 𝑛

𝑙
is the number of multimedia data contained by an

instance, and 𝑛min and 𝑛max are the minimal and maximal
numbers of multimedia data contained by any instance of
the same subject, respectively. From previous equation, it can
be seen that IA comprises two parts. The first part indicates
the inheritance relationship between concept and instance; in
other words, the higher CA is, the higher IA is. The second
part indicates the attention degree of the instance through the
linear conversion of multimedia data.

Finally, we elaborate the application of awareness. The
idea of the Awareness calculations is to express the ambiguity
of the query keywords input by users in the form of decimal.
Returned comparison results CR is in a binary form CR =

⟨𝑖𝑑, 𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛⟩, where expansion represents expansion query
keywords as user implicated subjects and id is its correspond-
ing sequence number. Assuming that user query threshold
is 𝛼 (0 < 𝛼) and subject node corresponding to user input
query keywords is SK, we have the following comparison
rules whose establishment principle is the larger the value of
𝛼 (i.e. 𝛼 > 1) is, the wider the range of the subject is extended
and the closer 𝛼 is to 1 (i.e. 0 < 𝛼 < 1), themore important the
implicate keywords returned are to the given query keywords.
Specifically, we have the following three application rules.

Rule 1. If 𝛼 > 1, implicit query keywords are subject nodes
whose parent node is the samewith SK andwhose SA satisfies
the following formula:

SA − SASK
 ∗ ℎ1 < (𝛼 − 1) , (4)

where SASK is the SA of SK and ℎ
1
is an amplification factor.

To facilitate the calculation, we change formula (4) to the
following formula:

SASK +
1 − 𝛼

ℎ
1

< SA < SASK +
𝛼 − 1

ℎ
1

. (5)

Rule 2. If the type of SK is leaf node under the condition of
0 < 𝛼 < 1, then implicit query keywords are instance nodes
which are related to the SK and satisfy IA > 𝛼.

Rule 3. If the type of SK is connection node under the
condition of 0 < 𝛼 < 1, then implicit query keywords are
subject nodes whose parent node is SK and the SA of these
subject nodes satisfy the following formula:

SA − SAmin
SAmax − SAmin

> 𝛼, (6)

where SAmin and SAmax are, respectively, the minimal and
maximal values of SA of subject nodes contained by the
parent node SK. Similarly, we change formula (6) to the
following formula:

SA > SAmin + 𝛼 (SAmax − SAmin ) . (7)

3. The Implication of DSAM

This proposed DSAM is not only able to capture accurately
the user query intention, due to the fact that implication
requirement is qualified through awareness calculations, but
also to provide multifaceted tourism multimedia search
results.Themodel architecture is presented in Figure 1, and it
consists of four components, namely, information collection
module, indexmodule, subject aware expansionmodule, and
sorting and displaying module. Firstly, the user enters query
keywords and a query threshold into the query interface.
Then, the subject aware expansion module generates an
extended keyword set, and these keywords contained are
delivered to the index module. Note that the index module
achieves the function of creating indexes for annotation
documents which have been established in the information
collectionmodule. Finally, the sorting and displayingmodule
ranks the results returned from the index module and shows
them through query interface.

3.1. Information Collection Module. Information collection
module extracts semantics of multimedia resources, and
the contents extracted are written in the label documents
accordingly. Since different media types have different forms
of resources, we unify them using the method of label
documents at the semantic level. This module is specifically
described as follows.
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Figure 1: The architecture of DSAM.

(1) Media resources crawling: we use directional infor-
mation collection method [28] to get the URL about tourism
domain, and simultaneously, new URL can be produced by
them. Then URL parsing is executed to detect the duplicate
contents, and based on semantic analysis, the subject degree
can be calculated. For the extracted links, we use the algo-
rithm of extended metadata based on semantic analysis to
calculate the subject correlated degree (see formula (8)), so
as to implement link filters:

sim (𝑢, V) =
∑
𝑘∈𝑢∩V 𝑇𝑘𝑢𝑇𝑘V

√∑
𝑘∈𝑢

𝑇2
𝑘V∑𝑘∈V 𝑇

2

𝑘V

, (8)

where 𝑢 represents the subject eigenvector, V represents the
eigenvector of link texts, and 𝑇

𝑘𝑢
is one of eigenvector

terms in the feature vector space. On this basis, the subject
evaluation value of collected pages can be conducted using
keyword-based vector space model, shown as follows:

NGD (𝑞
1
, 𝑞
2
) =

max {log𝑦 (𝑞
1
) , log𝑦 (𝑞

2
)} − log𝑦 (𝑞

1
, 𝑞
2
)

log𝑁 −min {log𝑦 (𝑞
1
) , log𝑦 (𝑞

2
)}

,

(9)

where 𝑦(𝑞
𝑖
) represents the number of pages containing

word 𝑞
𝑖
, 𝑁 represents the total number of collected pages,

and 𝑦(𝑞
𝑖
, 𝑞
𝑗
) represents the number of pages containing

both word 𝑞
𝑖
and 𝑞

𝑗
. By excluding pages with low subject

evaluation values, the accuracy of the collected subject pages
can be improved. Finally, according to the results of the
page filtering,web crawler automatically capturesmultimedia
recourses (texts and images) and saves them in the corre-
sponding database. In the process of crawling, the source
URL and the acquisition time from every resource file are also
recorded.

(2) Information extraction: firstly, the features of each
resource file captured by the crawler are extracted as a vector

set. Then these features are converted into semantic infor-
mation through the technique of structural analysis, noise
reduction, duplicate content elimination, and text extraction
[29–31]. Lastly, the semantic information is broken down
into the subject tag, the concept tag, the instance tag, and
label texts. Image semantic acquisition is a difficult point in
multimedia information retrieval.

In order to accomplish the task of multimedia fusion,
we use text-image feature mapping method based on the
transfer learning [32, 33] to extract image semantic. The
text data of each subject are modeled by using the latent
Dirichlet allocation, and the corresponding discriminating
text feature [34] can be captured by adopting the computation
of information gain. The image data of each subject are
modeled by utilizing the bag-of-visual-word mode [35, 36].
According to the feature distributions of the text data and the
text-image cooccurrence data within the same subject, the
feature distributions of the target images can be computed
and then image semantic can be obtained, shown as follows:

𝑃 (𝑔 | 𝑠) = 𝑁
𝑠
∑

V∈𝑉(𝑠)

𝑃 (𝑔 | V, 𝑠, 𝑂) 𝑃 (V | 𝑠, 𝐷) , (10)

where 𝑃(𝑔 | 𝑠) denotes feature distributions of the target
image within the subject 𝑠, 𝑉(𝑠) denotes the set of the
most discriminating text feature contained by text set 𝐷,
𝑁
𝑠
denotes the normalization factor, 𝑃(𝑔 | V, 𝑠, 𝑂) denotes

the conditional probability distribution of the image fea-
ture, 𝑃(V | 𝑠, 𝐷) denotes text feature distribution, and 𝑂

denotes the set of text-image cooccurrence data.
(3)Annotation documents creation: we create annotation

documents using the static mode, which is independent of
the process of query. Its content is divided into three parts.
Thefirst part is document property information including the
id and the title. The second part is resource collection infor-
mation obtained from the step of media recourse crawling.
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Figure 2: The process of subject aware construction.

The last part is document annotation information obtained
from the step of information extraction. The creation of
annotation documents lays the foundation for awareness
computation which plays a role in quantifying user query
requests.

3.2. IndexModule. Aiming to quickly search information, we
need to build up the index in the model. Index module can
traverse all the annotation documents, extract index items,
create index fields, and save them in the database. Specifically,
the function of this module contains three parts. The first
part is to analyze the contents of annotation documents
obtained from the information collectionmodule and extract
index terms containing the title, the media type, the source
URL, and label texts, which are used for establishing the
corresponding index fields. On this basis, the second part
is to create the inverted index whose form is denoted as ⟨𝑘,
⟨𝑎
1
,𝑓
1
, ⟨𝑝
11
, 𝑝
12
, . . . , 𝑝

1𝑓1
⟩⟩, . . ., ⟨𝑎

𝑖
, 𝑓
𝑖
,⟨𝑝
𝑖1
, 𝑝
𝑖2
, . . ., 𝑝

𝑖𝑓𝑖
⟩⟩, . . . ,

⟨𝑎
𝑘
, 𝑓
𝑘
, ⟨𝑝
𝑛1
, 𝑝
𝑛2
, . . . , 𝑝

𝑘𝑓𝑘
⟩⟩⟩, where 𝑘 represents the number

of the query words appearing in the annotation documents
and 𝑎

𝑖
is the ID of the annotation document. Given the

annotation document 𝑎
𝑖
, 𝑓
𝑖
is the term frequency of query

word and ⟨𝑝
𝑖1
, 𝑝
𝑖2
, . . . , 𝑝

𝑖𝑓𝑖
⟩ is its position list. Meanwhile, in

the process of creating the index, we explore the techniques
of storage and segmentation to obtain proper sets in different
index fields. Also the cache technology can be used to
improve the speed of index file creation. Since annotation
documents need constant renewal and index files also need
it correspondingly, the third part is to update in the manners
of batch updating and incremental updating.

3.3. Subject Aware Expansion Module. The subject aware
expansion module is the key component of the DSAM,
including subject aware construction and query expansion.
The former is the foundation of the latter.

3.3.1. Subject Aware Construction. The process of subject
aware construction is shown in Figure 2. Firstly, we establish
the SAG according to the contents of annotation documents
and an overview of the process that follows in (Steps 1–4).

Step 1. Subject tags, concept tags, and instance tags are
extracted from annotation document collection obtained
from the information collection module.

Step 2. These tags are corresponding to the appropriate layers
of SAG and new SN, CN, and IN can be simultaneously
established. Particularly, the creation of SN includes traverse
of the subject tree, search of parent nodes, insertion of the
node, and record of the node information as well as the
number increase of the annotation documents about this
subject. Similarly, the creation of CN includes search of its
SN, insertion of the node under this SN, and record of the
node information (i.e., 𝑐

𝑖𝑑
, sort, 𝑛

𝑖
).

Step 3. According to SAG, the awareness (i.e., subject aware-
ness, concept awareness, and instance awareness) can be
computed (the awareness formula is described in Section 2).

Step 4. The computation results and related node infor-
mation are stored in the subject table, concepts table, and
instance table.
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If new annotation document collections are obtained
from the information collection module, SAG does not need
to be created again, but the corresponding modifications
include three cases shown as follows.

Case 1. SNmodification: if the SN corresponds to the subject
tag which is obtained in the new annotation document and
has existed in the subject layer, then this SN can be found and
its annotation document number increases. If not, a new SN
needs to be created in the subject layer.

Case 2. CN modification: if the CN corresponds to the con-
cept tag which is obtained in the new annotation document
and has existed in the concept layer, there is nothing to do. If
not, the SN related to this concept tag needs to be found and a
new CN is inserted. Note that parameter 𝑛

𝑐
of this SN should

be updated.
Case 3. INmodification: if the IN corresponds to the instance
tag which is obtained in the new annotation document and
has existed in the instance layer, then this IN can be found
and its annotation document number increases. If not, the
SN and the CN related to the instance tag need to be found
and a new IN is inserted. Note that parameters of the SN and
CN should be updated.

After the previous operations are completed, we recal-
culate the awareness and update the tables accordingly.
Although the awareness computation needs to spend some
time, it executes the task as a background process before

searching information and does not occupy the user’s search
time. Thereby it does not affect the efficiency of the system.

3.3.2. Query Expansion. When the user enters query key-
words and the query threshold, a list of expansion keywords
based on the calculations of subject aware expansion module
can be obtained, and these expansion keywords reflect
the potential user query intentions to some extent. Firstly,
we carry out preprocessing (including null detection and
Chinese word segmentation) according to the user query
keywords. Then a SN can be matched in the SAG using
the technique of word matching, and the application rules
of awareness (see Section 2) can be performed. Lastly, the
appropriate expansion lists returned are saved in the Hash
table (for detailed algorithm, see Algorithm 1).

3.4. Sorting and Displaying Module. The sorting and display-
ing module consists of three parts: results ranking, media
type judgment, and navigation display.We use the annotation
sortingmethod to organize the searching results according to
the correlation of the query expansion set and the annotation
information. The specific processes are shown as follows.

Step 1. Calculate the correlation between expansion words
and result records. Let 𝐸 = {𝑒

1
, 𝑒
2
, . . . , 𝑒

𝑛
} be the extended

word set. The degree of correlation between expansion word
𝑒
𝑖
and the annotation document, that is, Rank(𝑒

𝑖
, label), is

computed according to formula (11):

Rank (𝑒
𝑖
, label) =

{{{

{{{

{

Occurence(𝑒𝑖 ,label)

∑

𝑗=1

In
Length (label)

Location (𝑒
𝑖
, 𝑗, label)

, Occurence (𝑒
𝑖
, label) > 0,

0, Occurence (𝑒
𝑖
, label) = 0,

(11)

where Length(label) represents the length of the annotation
document; Occurence(𝑒

𝑖
, label) represents the frequency of 𝑒

𝑖

that occurs in the annotation document; Location(𝑒
𝑖
, 𝑗, label)

represents the location that 𝑒
𝑖
occurs in the annotation

document. Then the correlation between extended word set
and the annotation document, that is, label rank(𝐸, label), is
computed using the following formula:

label rank (𝐸, label) =
𝑛

∑

𝑖=1

Rank (𝑒
𝑖
, label) . (12)

Step 2. Determine expansion degree of 𝑒
𝑖
, that is, 𝜁 according

to the position of the inverted index.

Step 3. Calculate the final correlation between 𝐸 and annota-
tion documents by using the following formula:

𝑅 (𝐸, label) = label rank (𝐸, label) × 𝜁. (13)

Due to different contents of different media, the media
type received from the field of index file needs to be judged,
so as to determine the type of results displayed. Finally,
multifaceted tourism information search results integrated

with text and image can be shown for users in the navigation
view.

4. Experimental Results and Discussion

We have constructed subject aware system for users who
query in Chinese inborn language. For the development of
this system, we used Myeclipse 8.5 platform, MySQL 5.1, and
a PC with Intel Core(TM) 2 Duo T6570 processor, 2.1 GHz
and 4GB of main memory. In this section, we collected
5000 multimedia objects as our experimental data set. These
multimedia objects were from tourism sites on the Internet
(such as Beijing travel, Sina web, Phoenix tourism and so on).
The following parameters were used: 𝑤

1
= 0.25, 𝑤

2
= 0.25,

𝑤
3
= 0.25, 𝑤

4
= 0.25, 𝛼 = 0.5, and 𝛽 = 0.5. Here we

performed a comprehensive set of experiments to evaluate
the performance of DSAM.

4.1. Evaluation of DSAM. In this experiment, we selected
different numbers of multimedia objects to respond to eight
query cases and thenDSAMobtained the potential keywords
(see Table 1). On this basis, we evaluated DSAMperformance
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Input: A subject aware graph 𝐺, user query threshold 𝛼, 𝛼 > 0, input query keywords 𝑄𝐾
Output: Expansion result set 𝐶𝑅
(1) Initialize the result set 𝐶𝑅 to 𝑛𝑢𝑙𝑙.
(2) Match between 𝑄𝐾 and the SN in the 𝐺 to get SK;
(3) If (𝛼 > 1) then search the corresponding results.

(a) Search all the SN whose parent node is the same with the parent node of SK and save them;
(b) Find the SN which satisfies the Rule 1, and rank the SN according to the difference between its SA and the SA of SK;
(c) Save the sequence number of ranking as CR.id, the name of SN as CR. expansion;

(4) search the corresponding results according to 𝛼 ≤ 1
(a) If (SK. 𝑛

𝑠
==null) then (i) find the IN in the 𝐺 which satisfies the Rule 2, and rank the IN

according to the IA of IN;
(ii) Save the sequence number of ranking as CR.id, the name of IN as CR. expansion;

(b) else (i) Search all the SN in the G whose parent node is SK and save them to a set;
(ii) Find the SN which satisfies the Rule 3 from the set, and rank the SN according to

the SA of SN;
(iii) Save the sequence number of ranking as CR.id, the name of SN as CR. expansion;

(5) Return 𝐶𝑅.

Algorithm 1: Subject aware query expansion algorithm.

Table 1: The query case.

Query ID Query keywords Query threshold Potential keywords

Q1 the Imperial palace 0.9
Hall of Supreme Harmony,
Palace of Heavenly Purity,
Palace of Earthly Tranquility,

Q2 the Imperial palace 0.2

Hall of Supreme Harmony,
Palace of Heavenly Purity,
Palace of Earthly Tranquility,
Quanjude Restaurant, Hall of Harmony,
Hall of Preserving Harmony, Beijing hotel,
Prime Hotel, Wangfujing Grand hotel,
Beijing International hotel,
Dong-Lai-Shun restaurant,
Tiananmen Square Fang Shan restaurant,
Teahouse, Temple Fair.

Q3 Great wall badaling 1.5 Fragrant Hill
Q4 Great wall badaling 1.8 Fragrant Hill, Xiayunling

Q5 Natural scenery 0.7 Great Wall Badaling, Fragrant Hill,
Xiayunling

Q6 Natural scenery 0.2

Great Wall Badaling, Fragrant Hill,
Xiayunling,
Fangshan Shidu, ChangpingHuyun,
Mentougou, Miyun Longtan, Jingdong
Grand Canyon,
Yanqing Kangxi Grassland, Forest Canyon,
StreamWaterfall, Grassland, Mountain

Q7 Old town 1.2 Temple
Q8 Old town 1.6 Temple, street scene

by Precision, Recall, and 𝐹-measure. Figure 3 shows 𝑃/𝑅/𝐹
results, respectively, under each query case. The average
𝑃/𝑅/𝐹 values corresponding to different numbers of multi-
media objects are shown in Table 2. The results demonstrate
that the performance of DSAM is relatively stable.

In order to further validate our model, we compare
precision and recall values with Lucene. Figure 4 shows the
comparison results in the case of the same query keywords
under different numbers ofmultimedia objects.The following

two points can be seen: (1)with regard to the precision values,
our results are slightly higher than those using Lucene inmost
cases. But when the number is 5000, the latter is higher than
the former.This may be due to inaccuracy of image semantic.
(2)With regard to recall values, our results are always obvi-
ously higher than those using Lucene.This is because that our
model uses the subject aware query expansion algorithm to
obtain more accurate query keywords. In conclusion, DSAM
model has a relatively good performance.
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Figure 3: 𝑃/𝑅/𝐹 results of different query case.

Table 2: The average 𝑃/𝑅/𝐹 values.

The number of
multimedia objects

The number of
texts

The number of
images

The average
precision

The average
recall

The average
𝐹-measure

1000 485 515 96.3 95.2 95.7
2000 960 1040 91.3 91.0 90.5
3000 1436 1564 88.6 91.7 89.9
4000 1909 2091 88.3 90.8 89.3
5000 2385 2615 77.7 90.2 82.9
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Figure 4: Comparison results between DSAM and Lucene. (a) shows comparison results of precision values under the different number of
multimedia objects. (b) shows comparison results of recall values under the different number of multimedia objects.
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Figure 5: 𝑃-𝑅 curve between DSAM and Lucene and computation time.

Figures 5(a)–5(d) depict precision-recall curve for the
four query cases (including Q1, Q4, Q5, and Q8), and
Figure 5(e) records the time spent on achieving the previous
query cases. Here we can see the following three points: (1)
the precision-recall curve of DSAM is always above that of
Lucene which means that our model is better than Lucene
in terms of result coverage and result sort; (2) our model
spends more time than that using Lucene in most cases (such
as Q1, Q4, Q8) which is because that we need to retrievemore
related query keywords. But the discrepancy is not very big;

(3) only for the query case Q5, due to the query keywords
corresponding to connection node type, DSAMwill produce
comparatively more expending keywords and lead to time
increase. In a word, our model uses less time to retrieve
multimedia data in tourism domain.

We investigated the system performance evaluation from
the perspective of the user with correct results provided by
humans. For this reason, ten students from our department
were asked to use this system. The volunteers entered the
specified query keywords and thresholds (see Table 1) and
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Figure 7: Comparison of the correctness of image semantic tags.

recorded ranking accuracy and satisfaction score accord-
ing to the results returned. Figure 6(a) depicts the average
ranking accurate rate of our survey, and we can see that
the max accurate rate is 87.2%, the min 76.4%, and the
average 82.8%. Note that fromQ1 to Q4, the average accurate
rate is 85.5%, while from Q5 to Q8, it is 80%. The average
accurate rate of the former group is higher than the latter
group which is because in the former group their query
keywords corresponding to leaf node can lead to relatively
clear query subject, while in the latter group, their query
keywords corresponding to connection node can lead to

relatively broad query subject. Figure 6(b) summarizes the
volunteers’ average satisfaction score with regard to query
results, where satisfaction standards of grading are shown
on the right. The average satisfaction score is 80.9 which
demonstrates that users are relatively satisfied with the query
results. However, in our survey, there are also some cases
of relatively low satisfaction score which is possibly because
some multimedia objects are not marked accurately.

4.2. Performance Comparison. In order to evaluate the
performance of the proposed text-image feature mapping
method, we compare the accuracy of image semantic anno-
tation with the annotation-based image retrieval method
[22]. Figure 7 shows the obtained number of correct image
semantic tags according to the different eight image themes
in the field of tourism using the previous two methods.
From this figure, we can observe that the proposed method
obtains more correct semantic tags than the annotation-
based image retrieval method. That is because compared
method uses documents accompanying images to acquire
image semantics. While our method utilizes the transfer
learning technique to mine the feature mapping relationship
between text information and image information, so as to
obtain more correct image semantic tags.

Topic coverage and topic novelty are defined to evaluate
the proposed annotation document method as shown in
formula (14). The former reflects the comprehensiveness of
query results and the latter embodies the ability to extend
users’ implicitly query intention. We compare topic coverage
and topic novelty with Mediapedia [17]. Figure 8 shows the
comparison results using the previous methods,
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Topic coverage =
number of correctly returned topics

number of relevant topics
,

Topic novelty = number of returned unknown topics
number of known topics + number of returned unknown topics

.

(14)

Now we will discuss Figure 8 from two aspects. On the
one hand, the values of topic coverage using our method are
generally higher than those of the comparison method. Since
the average value of our method is 0.53 and the average value
of Mediapedia is 0.47. This indicates that our method can
obtain more correct query results. But as for the query cases
Q1 and Q5, topic coverage values of our method are lower
than those of Mediapedia. That is because the setting of our
query threshold restricts the multimedia searching results.
That is to say, only the very important information can be dis-
played. So the previous results demonstrate that our method
can obtain more comprehensive multimedia information
corresponding to the query requirement. On the other hand,
the average value of topic novelty using ourmethod is 0.3 and
the average value of Mediapedia is 0.28, which indicates that
our method can obtain more implicit information. For most
of the query cases, topic novelty values of our method are
higher than those of Mediapedia. That is because using our
method, the related topic contents are retrieved and some of
them are unknown to users. Only for the query cases Q1 and
Q5, topic novelty values of ourmethod are lower than those of
Mediapedia, the reason of which is that the returned impor-
tant contents are well known to users. Based on the previous
two indicators, it can be seen that our method obtains a good
effect on quantifying the semantics of user query.

P@10 evaluates the accuracy of the first ten returned
results. Figure 9 shows the comparison results using Lucene,
Semantic [4], and DSAM. Form this figure, it can be clearly
demonstrated that the proposed method outperforms the
other two methods. Moreover, the following three points
can be found. (1)The average value of P@10 obtained using
our method is 0.575, while those of the other comparison
methods are 0.35 and 0.45, respectively. It indicates that the
search results obtained using DSAM are closer to the user’s
query requirement. (2) Since the core of Lucene is to use
keyword search and that of Semantic is to expand context
semantics through the ontology technique, some potential
semantic information in the field of tourism cannot be
found. While our method adopts the proposed subject aware
graph to acquire the related subjects, concepts and instances
correspond to the query, which is helpful for expanding user
needs. So DSAM generally has a relatively high P@10 than
the other comparison methods. (3) For the query case with
the broad sense, such as Q6, the correlation of the query
expansion set and the annotation information in DSAM is
not very high. So the value of P@10 is lower than that of
Semantic. In summary, this experiment proves that DSAM
adopts the novel mode of customized query to acquire the
desirable multimedia search results.

In the last experiment, we compare satisfaction scores of
user evaluation for the obtained search results from different
multimedia data set using three retrieval methods. And we
invited another twenty students to do this experiment, as
shown in Figure 10. The red curves represent the proposed
method, the green curves Lucene method, and the blue
curves Semantic method. Note that our curves are generally
higher than the other retrievalmethods. It indicates thatmore
potential results including excellent images and texts are
displayed using DSAM, which is recognized by more users.
For each query case, satisfaction scores of user evaluation
reduce accordingly with the increment of the number of
multimedia data.That is because of that the precision rate and
recall rate decrease is caused by multimedia data increment.
In a word, the extensive experimental results show that the
proposedDSAMoutperforms the other comparisonmethods
examined on subjective quality and quantitative measures.

5. Conclusions

This paper proposes a novel method of measuring user
implicated query intention, and this method contains SAG
establishment, awareness computation, and application. On
this basis, we construct a subject aware multimedia retrieval
model for tourismdomainwhose implementation has the fol-
lowing key points (1) in the information collection module,
the text-image featuremapping and the annotation document
methods are proposed to unify multimedia data; (2) in the
indexmodule, the inverted index according to the annotation
document is established; (3) in the subject aware expansion
module, a series of SAG and awareness operations are carried
out. And the subject aware query expansion algorithm is
presented to find the potential keywords; (5) in the sort-
ing and displaying module, annotation sorting method is
proposed, and multimedia query results are displayed in a
precise and comprehensive way. To sum up, DSAM achieves
accurate searching of tourism multimedia data through
quantifying the relation between user query and the search
results. Our experiments show that the proposed model
can obtain encouraging performance in terms of objective
evaluation and subjective evaluation. Future research will
focus on improving the ranking accuracy of query results
using ontology reasoning technology in order to provide
better levels of tourism multimedia data.
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and E. Motta, “Semantically enhanced information retrieval: an
ontology-based approach,” Journal of Web Semantics, vol. 9, no.



Mathematical Problems in Engineering 13

4, pp. 434–452, 2011.
[5] K. Robles, A. Fraga, J. Morato, and J. Llorens, “Towards an

ontology-based retrieval of UML class diagrams,” Information
and Software Technology, vol. 54, no. 1, pp. 72–86, 2012.

[6] D. D. Kehagias, K. M. Giannoutakis, G. A. Gravvanis, and D.
Tzovaras, “An ontology-based mechanism for automatic cate-
gorization of web services,” Concurrency Computation Practice
and Experience, vol. 24, no. 3, pp. 214–236, 2012.

[7] V.-S. Boonchom and N. Soonthornphisaj, “ATOB algorithm:
an automatic ontology construction for Thai legal sentences
retrieval,” Journal of Information Science, vol. 38, no. 1, pp. 37–51,
2012.

[8] T. Kim and Y. S. Han, “Network behavior analysis simulation
using ontology methodology,” Information, vol. 14, no. 10, pp.
3279–3287, 2011.

[9] R. Setchi, Q. Tang, and I. Stankov, “Semantic-based information
retrieval in support of concept design,” Advanced Engineering
Informatics, vol. 25, no. 2, pp. 131–146, 2011.

[10] K.-K. Chu, C.-I. Lee, and R.-S. Tsai, “Ontology technology to
assist learners’ navigation in the concept map learning system,”
Expert Systems with Applications, vol. 38, no. 9, pp. 11293–11299,
2011.

[11] H. Dong, F. K. Hussain, and E. Chang, “A service search engine
for the industrial digital ecosystems,” IEEE Transactions on
Industrial Electronics, vol. 58, no. 6, pp. 2183–2196, 2011.

[12] B. Qin, S. Wang, X. Du, Q. Chen, and Q. Wang, “Graph-
based query rewriting for knowledge sharing between peer
ontologies,” Information Sciences, vol. 178, no. 18, pp. 3525–3542,
2008.

[13] T. I. Wang, T. C. Hsieh, K. H. Tsai, T. K. Chiu, and M. C. Lee,
“Partially constructed knowledge for semantic query,” Expert
Systems with Applications, vol. 36, no. 6, pp. 10168–10179, 2009.

[14] J. Zhai, C. Yuan, Y. Chen, and J. Li, “Knowledge modeling and
semantic retrieval of product data based on fuzzy ontology and
sparql,” Advanced Science Letters, vol. 4, no. 4-5, pp. 1855–1859,
2011.

[15] L. Kallipolitis, V. Karpis, and I. Karali, “Semantic search in the
World News domain using automatically extracted metadata
files,” Knowledge-Based Systems, vol. 27, pp. 38–50, 2012.

[16] B. Yang and M. Mareboyana, “Similarity search in sensor
networks using semantic-based caching,” Journal of Network
and Computer Applications, vol. 35, no. 2, pp. 577–583, 2012.

[17] H. Richang, Z. ZhengJun, G. Yue, C. Tat-Seng, andW. Xindong,
“Multimedia encyclopedia construction by mining web knowl-
edge,” Signal Processing, vol. 93, no. 8, pp. 2361–2368, 2013.

[18] T. H. Cao and V.M. Ngo, “Semantic search by latent ontological
features,” New Generation Computing, vol. 30, no. 1, pp. 53–71,
2012.

[19] V. Hollink, T. Tsikrika, and A. P. De Vries, “Semantic search log
analysis: a method and a study on professional image search,”
Journal of the American Society for Information Science and
Technology, vol. 62, no. 4, pp. 691–713, 2011.

[20] D. Bollegala, Y. Matsuo, andM. Ishizuka, “A web search engine-
based approach tomeasure semantic similarity betweenwords,”
IEEE Transactions on Knowledge and Data Engineering, vol. 23,
no. 7, pp. 977–990, 2011.

[21] M. M. Rahman, S. K. Antani, and G. R. Thoma, “A query
expansion framework in image retrieval domain based on local
and global analysis,” Information Processing and Management,
vol. 47, no. 5, pp. 676–691, 2011.
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In the nonsubsampled contourlet transform (NSCT) domain, a novel image fusion algorithm based on the visual attention model
and pulse coupled neural networks (PCNNs) is proposed. For the fusion of high-pass subbands in NSCT domain, a saliency-
motivated PCNNmodel is proposed. The main idea is that high-pass subband coefficients are combined with their visual saliency
maps as input to motivate PCNN. Coefficients with large firing times are employed as the fused high-pass subband coefficients.
Low-pass subband coefficients are merged to develop a weighted fusion rule based on firing times of PCNN. The fused image
contains abundant detailed contents from source images and preserves effectively the saliency structure while enhancing the image
contrast. The algorithm can preserve the completeness and the sharpness of object regions. The fused image is more natural and
can satisfy the requirement of human visual system (HVS). Experiments demonstrate that the proposed algorithm yields better
performance.

1. Introduction

Due to a tremendous growth in the application of image
sensors, image fusion technique has huge potential for growth
and has been used successfully in many fields, such as
remote sensing, medical imaging, defense surveillance, and
computer vision [1–3].The aim of image fusion is to combine
several source images (obtained from different sensors and
view points) into a fused image, which contains all important
contents from source images and expresses more abundant
information in a scene. In practical applications, the direct
obtained image is not able to satisfy the requirements because
of many factors, for example, the limitations of sensors,
varying illumination, occlusions and angles, and so forth.
Image fusion technique can solve effectively the problems by
taking advantage of multiple-source information producing
the fused result which satisfies perception system.

According to the level, image fusion approaches can
be generally classified into three types: pixel level, feature
level, or decision level [4]. According to whether the fusion
methods need the assistant of multiscale transform (MST)
tools or not, they can also be categorized into two main

classes [5]: MST-based and non-MST-based approaches. A
variety of MST tools have been developed for image fusion.
The earliest and the most popular MST tools are pyramid
[6, 7] and wavelet [8, 9] transform. They are directly
constructed by combination of two 1D transforms, so they
are not the true 2D transforms. To improve the accuracy of
decomposition and reconstruction, the more advanced MST
tools have been proposed, such as ridgelets [10], contourlets
[11, 12], curvelets [13, 14], and NSCT [15]. The approaches
are the true 2D geometric MST tools, which can achieve the
decomposition and reconstruction of image signals perfectly
and satisfy the requirement of image fusion. In addition,
for non-MST-based methods, Piella [16] performs the image
fusion by a variational model, and the fused result contains
the geometry structure of all the inputs and enhances the
contrast for visualization. Ludusan and Lavialle [17] propose
a variational approach based on error estimation theory and
partial differential equations for concurrent image fusion and
denoising of multifocus images.

The combination strategy of the decomposed coefficients
is another key step in the MST-based fusion approaches.
Fusion strategies can mainly be divided into three categories:
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pixel-based, window based, and area based [18].The simplest
pixel-based fusion rule directly selects the fused coefficients
using single pixel, but the method is easily influenced by
noise. Window based and area based fusion rules take
advantage of the local characteristics of neighborhood pixels
and, thus, are superior to pixel-based rules [19].

The existing image fusion approaches do not take fully
into account the characteristics of HVS, which the HVS
tends to focus on the most relevant saliency regions in a
scene. According to the visual perception mechanism, the
fused image should improve the quality of object areas in
a scene. The goal of the proposed algorithm is to preserve
the completeness, saliency, and sharpness of object areas and
satisfy the requirements of HVS. Consequently, based on
NSCT and saliency-motivated PCNN, the paper proposes a
novel image fusion algorithm.The visual saliency model and
PCNN are two very important tools in image processing.
The former is inspired by the behavior and the neuronal
architecture of the early primate visual system; the latter is a
visual cortex-inspired neural network and characterized by
the global coupling and pulse synchronization of neurons.
The saliency map produced by the visual saliency model as
input to motivate PCNN is used as the fusion rule which can
preserve the saliency objects from source images leading to
more abundant content contained in a fused image.

The rest of the paper is organized as follows. Section 2
reviews basic NSCT theory in brief. Section 3 presents the
proposed image fusion algorithm in detail. Section 4 demon-
strates and discusses the experimental results. Section 5
concludes.

2. Nonsubsampled Contourlet Transform

In this section, we briefly review the theory and properties of
NSCT, which will be used in the rest of this paper (see [15] for
details).

NSCT is a kind of overcomplete transform and is a shift-
invariant version of contourlet transform. NSCT has some
excellent properties in the process of image decomposition,
including shift invariance, multiscale, and multidirection.
NSCT is used as the MST tool to provide a better representa-
tion of the contours and overcome pseudo-Gibbs phenom-
ena. The main components of the NSCT are a nonsubsam-
pled pyramid filter bank (NSPFB) structure for multiscale
decomposition and a nonsubsampled directional filter bank
(NSDFB) structure for directional decomposition.TheNSCT
is displayed in Figure 1.

Themultiscale property of the NSCT is achieved by using
two-channel nonsubsampled 2-D filter banks (NSFBs), called
as NSPFB. The filters for next level are obtained by upsam-
pling the filters of the previous level, by which the multiscale
property is obtained without the need for additional filter
design. We assume that the NSPFB decomposition is with
𝐽 = 𝑁 levels. At the first level, input images are decomposed
by the low-pass filter𝐻

0
(𝑧) and the corresponding high-pass

filter 𝐻
1
(𝑧), respectively. The ideal passband support of the

low-pass filter at the jth level is the region [−(𝜋/2
𝑗
), (𝜋/2

𝑗
)]
2.

The ideal support of the equivalent high-pass filter is

the complement of the low-pass filter, that is, the region
[−(𝜋/2

𝑗−1
), (𝜋/2

𝑗−1
)]
2

\ [−(𝜋/2
𝑗
), (𝜋/2

𝑗
)]
2. The NSDFB, a

shift-invariant directional filter bank (DFB), is obtained by
eliminating the downsamplers and upsamplers in the DFB.
To achieve multidirection decomposition, the NSDFB is iter-
atively used. All filter banks in the NSDFB tree structure are
obtained from a single NSFB with fan filters. Each filter bank
in the NSDFB tree has the same computational complexity as
that of the building-block NSFB.

Figure 1 shows the NSCT which is constructed by com-
bining the NSPFB and the NSDFB. The two-channel NSFBs
in the NSPFB and the NSDFB satisfy the Bezout identity and
are invertible, so the NSCT is invertible. The key of NSCT
is the filter design problem of the NSPFB and NSDFB. The
aim is to design the filters supporting the Bezout identity
and obtaining other useful properties. In addition, for a fast
implementation, the mapping approach is used to transform
the filter into a ladder or lifting structure. More details can be
seen in [15].

3. The Proposed Algorithm

In the section, the proposed image fusion algorithm based on
NSCT and saliency-motivated PCNN is presented in detail.
The main idea is that the visual saliency map is first built on
high-pass subband coefficients of the NSCT using the visual
attentionmodel (phase spectrum of Fourier transform (PFT)
model presented in Section 3.1) and then is combined with
source high-pass subband coefficients as input to motivate
PCNN. Coefficients with large firing times are employed as
the fused high-pass subband coefficients. Low-pass subband
coefficients are merged to develop a weighted fusion rule
based on firing times of PCNN. PCNN is built in each
subband to simulate the biological activity of HVS.The fused
image has more natural visual appearance and can satisfy
the requirements of HVS. The framework of the proposed
algorithm is shown in Figure 2. For the clearness of the
presentation, we assume that two registered source images are
combined.

The algorithm first decomposes source images into the
low-pass subband and high-pass directional subband coeffi-
cients by the NSCT. The coarsest subband contains the main
energy from source images and denotes the abundant struc-
tural information. Therefore, an adaptive weighted average
fusion rule based on the firing times of PCNN is developed to
merge the low-pass subband. High-pass directional subbands
contain the abundant detail contents of source images, so
we create a maximum selection fusion principle based on
saliency-motivated PCNN for selecting the fused coefficients.
The final fused image is reconstructed by applying the inverse
NSCT on the merged coefficients.

3.1. Images Decomposition and Saliency-Motivated PCNN.
The decomposition of source images employs NSCT pre-
sented in Section 2. Input images 𝐴 and 𝐵 are decomposed
into different scale and direction subbands using NSCT. The
subbands {𝐶

𝐴

𝑗0
(𝑥, 𝑦), 𝐶

𝐴

𝑗,𝑙
(𝑥, 𝑦)} and {𝐶

𝐵

𝑗0
(𝑥, 𝑦), 𝐶

𝐵

𝑗,𝑙
(𝑥, 𝑦)} are
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Figure 1: Nonsubsampled contourlet transform. (a) NSFB structure that implements the NSCT and (b) idealized frequency partitioning
obtained with the proposed structure.
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Figure 2: Architecture of the proposed algorithm.

obtained, where C
𝑗0
(x,y) denotes the low-pass subband coef-

ficients of the input images at the coarsest scale and 𝐶
𝑗,𝑙
(𝑥, 𝑦)

denotes the high-pass directional subband coefficients at the
jth scale and in the lth direction.

The following the proposed saliency-motivated PCNN
model is discussed. Eckhorn develops a novel biological
neural network, called PCNN which is based on the experi-
mental observations of synchronous pulse bursts in cat and
monkey visual cortices [20]. PCNN is a feedback network
and each PCNN neuron consists of three parts: receptive
field, modulation field, and pulse generator [21]. In image
processing, PCNN is a single-layer and a two-dimensional
connection neural network [22, 23] shown in Figure 3.

In this paper, let 𝐶
𝑗,𝑙
(𝑥, 𝑦) denotes the coefficient located

at (x, y) in the jth scale at the lth direction. 𝐶
𝑗,𝑙
(𝑥, 𝑦) in each

subband is inputted to PCNN to motivate the neurons and
generate pulse of neurons with (1). Firing times 𝑇𝑗,𝑙

𝑥𝑦
are then

computed as in (2):

𝐹
𝑗,𝑙

𝑥𝑦
[𝑛] = 𝐶

𝑗,𝑙
(𝑥, 𝑦)

𝐿
𝑗,𝑙

𝑥𝑦
[𝑛] = exp (−𝛼

𝐿
) 𝐿
𝑗,𝑙

𝑥𝑦
[𝑛 − 1]

+ 𝑉
𝐿
∑

𝑝𝑞

𝑊
𝑗,𝑙

𝑥𝑦,𝑝𝑞
𝑌
𝑗,𝑙

𝑥𝑦,𝑝𝑞
[𝑛 − 1]

𝑈
𝑗,𝑙

𝑥𝑦
[𝑛] = 𝐹

𝑗,𝑙

𝑥𝑦
[𝑛] ∗ (1 + 𝛽𝐿

𝑗,𝑙

𝑥𝑦
[𝑛])
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Input image PCNN

Pixel

Neuron

Output image

Figure 3: Connection model of PCNN neuron.

𝜃
𝑗,𝑙

𝑥𝑦
[𝑛] = exp (−𝛼

𝜃
) 𝜃
𝑗,𝑙

𝑥𝑦
[𝑛 − 1] + 𝑉

𝜃
𝑌
𝑗,𝑙

𝑥𝑦
[𝑛 − 1]

𝑌
𝑗,𝑙

𝑥𝑦
[𝑛] = {

1, if 𝑈𝑗,𝑙
𝑥𝑦

[𝑛] > 𝜃
𝑗,𝑙

𝑥𝑦
[𝑛]

0, otherwise,
(1)

𝑇
𝑗,𝑙

𝑥𝑦
[𝑛] = 𝑇

𝑗,𝑙

𝑥𝑦
[𝑛 − 1] + 𝑌

𝑗,𝑙

𝑥𝑦
[𝑛] . (2)

In (1), the coefficient 𝐶
𝑗,𝑙
(𝑥, 𝑦) is assigned to the feeding

input 𝐹𝑗,𝑙
𝑥𝑦
. The linking input 𝐿𝑗,𝑙

𝑥𝑦
is equal to the sum of neu-

rons firing times in linking range, where 𝛼
𝐿
indicates the

decay constants and 𝑉
𝐿
is the amplitude gain. 𝑊

𝑥𝑦,𝑝𝑞
is the

weighted coefficient (p and 𝑞 point out the size of linking
range in PCNN). The internal state signal 𝑈𝑗,𝑙

𝑥𝑦
is obtained by

modulating𝐹𝑗,𝑙
𝑥𝑦
and𝐿
𝑗,𝑙

𝑥𝑦
, where𝛽 is the linking strength. 𝜃𝑗,𝑙

𝑥𝑦
is

the threshold,where𝛼
𝜃
and𝑉
𝜃
are the decay constants and the

amplitude gain, respectively. n denotes the iteration times. If
𝑌
𝑗,𝑙

𝑥𝑦
= 1, the neuron will generate a pulse, called one firing. If

𝑌
𝑗,𝑙

𝑥𝑦
= 0, the neuron will not generate a pulse. In applications,

𝑇
𝑗,𝑙

𝑥𝑦
[𝑛] defined in (2) are often used to indicate the total

firing times in 𝑛 iteration. The firing times are employed to
represent image information.

The saliencymaps 𝑆𝐴
𝑗,𝑙
(𝑥, 𝑦) and 𝑆

𝐵

𝑗,𝑙
(𝑥, 𝑦) are computed on

the high-pass directional subbands 𝐶
𝐴

𝑗,𝑙
(𝑥, 𝑦) and 𝐶

𝐵

𝑗,𝑙
(𝑥, 𝑦),

which denotes the 𝑗th scale and lth direction. The saliency
maps are used as the importance indicator of the coefficients
for preserving important information of source images.

Phase spectrum of Fourier transform (PFT) proposed in
[24] is employed as a saliency detection model for grayscale
image. PFT showed that the saliency map can be easily com-
puted by the phase spectrum of an image’s Fourier transform
when its amplitude spectrum is at nonzero constant value.
Only the phase spectrum is used to reconstruct an image
which reflects the saliency information of the source image.
The implementation of PFT model consists of three steps.
An image is first transformed into frequency domain using
Fourier transform, and the amplitude and phase spectrums
are then obtained. Finally, the saliency map is obtained by

inverse Fourier transform on only the phase spectrum. Given
an input image 𝐼(𝑥, 𝑦), three steps have the corresponding
equations as follows:

𝐹 (𝑢, V) = 𝐹 (𝐼 (𝑥, 𝑦)) (3)

𝑃 (𝑢, V) = 𝑃 (𝐹 (𝑢, V)) (4)

𝑆 (𝑥, 𝑦) = 𝑔 ∗

𝐹
−1

{exp𝑖⋅𝑃(𝑢,V)}
2

, (5)

where 𝐹 and 𝐹
−1 denote Fourier transform and inverse

Fourier transform. P(F) is the phase spectrum of 𝐼 and 𝑔 is
a 2D Gaussian filter. The saliency value in location (x, y) is
computed using (5).

PFT model is a simple and efficient saliency detection
method. An example of the PFT saliency detection is shown
in Figure 4. Figures 4(a) and 4(c) are two multifocus source
images which show complementary focus point regions.
Figures 4(b) and 4(d) are the corresponding saliency maps
which indicate different saliency regions of source images.We
can observe that the saliency maps present focus point areas
in source images.

Consequently, in this paper, the saliency value of high-
pass subbands 𝑆

𝐴/𝐵

𝑗,𝑙
(𝑥, 𝑦) can be computed by (5) in which

coefficient 𝐶𝐴/𝐵
𝑗,𝑙

(𝑥, 𝑦) replaces 𝐼(𝑥, 𝑦) as the input. Instead of
using PCNN in NSCT domain directly, the product
𝑆𝐶
𝑗,𝑙
(𝑥, 𝑦) between coefficient 𝐶

𝐴/𝐵

𝑗,𝑙
(𝑥, 𝑦) in location (𝑥, 𝑦)

of high-pass subbands and its saliency value 𝑆
𝐴/𝐵

𝑗,𝑙
(𝑥, 𝑦) are

used to motivate PCNN. 𝑆𝐶
𝑗,𝑙
(𝑥, 𝑦) is computed as follows:

𝑆𝐶
𝑗,𝑙

(𝑥, 𝑦) = 𝑆
𝐴/𝐵

𝑗,𝑙
(𝑥, 𝑦) ⋅ 𝐶

𝐴/𝐵

𝑗,𝑙
(𝑥, 𝑦) . (6)

Then, 𝑆𝐶
𝑗,𝑙
(𝑥, 𝑦) is normalized as 𝑆𝐶 Norm

𝑗,𝑙
(𝑥, 𝑦)which

is inputted to PCNN to motivate neurons. The proposed
saliency-motivated PCNN model is defined in (7) by mod-
ifying (1):

𝐹
𝑗,𝑙

𝑥𝑦
[𝑛] = 𝑆𝐶 Norm

𝑗,𝑙
(𝑥, 𝑦)

𝐿
𝑗,𝑙

𝑥𝑦
[𝑛] = exp (−𝛼

𝐿
) 𝐿
𝑗,𝑙

𝑥𝑦
[𝑛 − 1]

+ 𝑉
𝐿
∑

𝑝𝑞

𝑊
𝑗,𝑙

𝑥𝑦,𝑝𝑞
𝑌
𝑗,𝑙

𝑥𝑦,𝑝𝑞
[𝑛 − 1]

𝑈
𝑗,𝑙

𝑥𝑦
[𝑛] = 𝐹

𝑗,𝑙

𝑥𝑦
[𝑛] ∗ (1 + 𝛽𝐿

𝑗,𝑙

𝑥𝑦
[𝑛])

𝜃
𝑗,𝑙

𝑥𝑦
[𝑛] = exp (−𝛼

𝜃
) 𝜃
𝑗,𝑙

𝑥𝑦
[𝑛 − 1] + 𝑉

𝜃
𝑌
𝑗,𝑙

𝑥𝑦
[𝑛 − 1]

𝑌
𝑗,𝑙

𝑥𝑦
[𝑛] = {

1, if 𝑈𝑗,𝑙
𝑥𝑦

[𝑛] > 𝜃
𝑗,𝑙

𝑥𝑦
[𝑛]

0, otherwise.

(7)

3.2. Subband Coefficients Fusion. The high-pass subbands of
NSCTdecomposition contain abundant detailed information
and indicate the saliency components of images, for example,
lines, edges, contours, and so forth. In order to preserve
the saliency components in the process of image fusion,
we propose the fusion rule based on saliency-motivated
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Step 0: Given source images 𝐴 and 𝐵.
Step 1: Perform decomposition on source images 𝐴 and 𝐵 using NSCT to obtain the high-pass
directional subband coefficients and the low-pass subband coefficients.
Step 2: Merge the high-pass directional subbands with (8), (7) and (2).
Step 3: Obtain the fused low-pass subband with (9), (1) and (2).
Step 4: Construct the fused image by applying the inverse NSCT to the fused subband coefficients.

Algorithm 1: Image fusion method with saliency-motivated PCNN.

(a) Source image 𝐼1 (b) Saliency map𝑀1 (c) Source image 𝐼2 (d) Saliency map𝑀2

Figure 4: The results of saliency detection from two complementary input images. (a) and (c) Multifocus source images (b) and (d) saliency
maps from PFT.

PCNN for the high-pass subbands. According to the visual
attention mechanism, different regions in an image have
varying importance for HVS, so the saliency detection is
performed on source images to yield saliency maps which
indicate the significance level of every pixel in source images.
Based on the characteristics, the PFT model is performed
on the high-pass subbands to produce the saliency maps,
which indicate the importance level of coefficients. And
then, the obtained saliency maps are combined with the
corresponding high-pass subband coefficients as the input
to motivate PCNN. Coefficients with large firing times are
selected as the fused coefficients. In addition, the low-
pass subband of NSCT decomposition in the coarsest scale
contains the main energy of source images and denotes
abundant structural information. The fusion rule of the low-
pass subband employs a weighted fusion rule based on firing
times of PCNN.

The activity maps of high-pass subbands as the criteria
of selecting coefficients are presented by the firing map of
saliency-motivated PCNN. The activity level indicates the
magnitude of coefficients. The coefficients of greater energy
carry more important information, so the coefficients of
greater activity level are selected as the fused coefficients.
Now, according to (7) and (2), the fused coefficients in
location (x, y) of high-pass subbands denoted by 𝐹

𝑗,𝑙
(𝑥, 𝑦) are

defined as follows:

𝐹
𝑗,𝑙

(𝑥, 𝑦) =

{{

{{

{

𝐶
𝐴

𝑗,𝑙
(𝑥, 𝑦) , if 𝑇𝑗,𝑙

𝐴,𝑥𝑦
> 𝑇
𝑗,𝑙

𝐵,𝑥𝑦

𝐶
𝐵

𝑗,𝑙
(𝑥, 𝑦) , otherwise. (8)

The fused coefficients of low-pass subbands denoted by
F
𝑗0
(x, y) employ a weighted fusion rule based on firing times

of PCNN on coefficients 𝐶
𝐴

𝑗0
(𝑥, 𝑦) and 𝐶

𝐵

𝑗0
(𝑥, 𝑦), which are

defined as follows:

𝐹
𝑗0

(𝑥, 𝑦) = 𝜔 ∗ 𝐶
𝐴

𝑗0
(𝑥, 𝑦) + (1 − 𝜔) ∗ 𝐶

𝐵

𝑗0
(𝑥, 𝑦)

𝜔 =

𝑇
𝑗0

𝐴,𝑥𝑦

𝑇
𝑗0

𝐴,𝑥𝑦
+ 𝑇
𝑗0

𝐵,𝑥𝑦

,

(9)

where 𝜔 is the weight of coefficients and 𝑇
𝑗0

𝑥𝑦
is computed by

(1) and (2). Because the low-pass subband at the coarsest scale
does not contain the direction, here the symbol 𝑙 in (1) and
(2) is changed to 0. Specifically, 𝐶

𝑗,𝑙
(𝑥, 𝑦) in (1) is replaced by

𝐶
𝐴/𝐵

𝑗0
(𝑥, 𝑦), and 𝑇

𝑗,𝑙

𝑥𝑦
in (2) is replaced by 𝑇

𝑗0

𝑥𝑦
.

Finally, apply the inverse NSCT to the fused coefficients
{𝐹
𝑗0
(𝑥, 𝑦), 𝐹

𝑗,𝑙
(𝑥, 𝑦)} and then obtain the fused image 𝐹. At

last, the algorithm description of the proposed image fusion
approach is shown in Algorithm 1 for better understanding.

4. Experiments and Analysis

In this section, the proposed image fusion algorithm based
on NSCT and saliency-motivated PCNN (named as NSCT-
SPCNN) is tested on several sets of images. The goal of
the tests is to validate if the proposed algorithm can be
used in the real applications and varying surroundings.
For comparison, besides the fusion scheme proposed in
this paper, another three fusion algorithms, the Laplacian
pyramid transform based (LPT), discrete wavelet transform
based (DWT), and NSCT-simple based, are used to fuse
the same images. All of these use averaging and absolute
maximum selection schemes for merging low- and high-pass
subband coefficients, respectively. The decomposition level
of all of the transforms is three. Extensive experiments with
multifocus image fusion and different sensor image fusion
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(a) (b) (c)

(d) (e) (f)

Figure 5: “Clock” source images (256 level, size of 256 × 256) and fused images: (a) focus on the right; (b) focus on the left and fused images
using (c) LPT, (d) DWT, (e) NSCT-simple, and (f) NSCT-SPCNNmethods.

have been performed. Here, three groups of different images
were tested to evaluate the performance of the proposed
algorithm: a set of multifocus images, a set of multimodal
medical images, and a set of artificial out-of-focus images. It
is assumed that source images have been registered.The fused
results were evaluated using subjective visual inspection and
objective assessment tools.

4.1. Visual Analysis. Thefirst experiment uses twomultifocus
source images and four fused images produced by LPT,
DWT, NSCT-simple, and NSCT-SPCNNmethods, shown in
Figure 5. Figure 5(a) focuses on the right region. Figure 5(b)
focuses on the left region. The fused images contain all of
focus point regions of source images and expand effectively
the depth of a scene. In Figure 5(f), the saliency value
associated with coefficients as the input to motivate PCNN is
employed to compute the activity level of coefficients. In this
way, the algorithm makes sure that the activity level of the
saliency pixel is higher, so that the fused image preserves the
saliency regions of source images.The images in Figures 5(c)–
5(e) are not clear enough and have lower contrast; artifacts
were also introduced.Thedifferences among the fused images
are very slight, so it is difficult to evaluate the image quality
by direct visual inspection. To observe the image quality in
more detail, one area in the fused images was magnified.

Figures 6(a)–6(d) show magnified images of the region
marked by the boxes in Figures 5(c)–5(f). The performance
of the different fusion algorithms can be observed from
these magnified images. The images fused using LPT, DWT
and NSCT-simple methods (Figures 6(a)–6(c)) have some
deformation leading to bend edges. Figure 6(d) has the better
visual quality than others with the best visual effect and
smoother and sharper edges.This comparison reveals that the
NSCT-SPCNN-based fusion approach effectively determines
complementary or redundant information between source
images. It can preserve all the important information of the
source images while avoiding artifacts. In addition, a clearer
comparison is made by examining the differences between
the fused and source images, shown in Figure 7. Figures 7(a)–
7(d) show the difference images between Figures 5(c)–5(f)
and Figure 5(a). Observing Figures 7(a)–7(d), we can see that
there is little difference between the fused image by NSCT-
SPCNN (Figure 5(d)) and the right-focus clock (Figure 5(a)),
while a lot of difference between the fused images in Figures
5(c)–5(e) and the right-focus source image in Figure 5(a) can
be seen. This further demonstrates that the NSCT-SPCNN-
based method is with higher fusion performance.

Figure 8 shows a group of multimodal medical images
and images fused using four different fusion algorithms. A
set of spatial out-of-focus images are shown in Figure 9,
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(a) (b) (c) (d)

Figure 6: Magnified regions from the fused images in Figures 5(c)–5(f) using (a) LPT, (b) DWT, (c) NSCT-simple, and (d) NSCT-SPCNN
methods.

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

Figure 7: (a)Difference image between Figures 5(c) and 5(a); (b) difference image between Figures 5(d) and 5(a); (c) difference image between
Figures 5(e) and 5(a); (d) difference image between Figures 5(f) and 5(a).

(a) (b) (c)

(d) (e) (f)

Figure 8: Medical source images (256 level, size of 256 × 256) and fused images: (a) and (b) source images and fused images using (c) LPT,
(d) DWT, (e) NSCT-simple, and (f) NSCT-SPCNNmethods.
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(a) (b) (c)

(d) (e) (f)

Figure 9: Spatial source images (256 level, size of 512 × 512) and fused images: (a) focus on the right; (b) focus on the left and fused images
using (c) LPT, (d) DWT, (e) NSCT-simple, and (f) NSCT-SPCNNmethods.

which is obtained by artificial blurring different regions of
the ground truth image using a Gaussian filter. Experimental
results demonstrate the visual effects of two sets of images in
Figures 8 and 9 coinciding with Figure 5. Thus, the proposed
algorithm NSCT-SPCNN-based can effectively improve the
quality of the fused image both multifocus, and multimodal
images.

4.2. Objective Analysis. In previous discussion, the fusion
results of different algorithms have been analyzed by visual
aspect. However, the performance of fusion algorithms needs
to be further evaluated using objective metric tools. A suc-
cessful fusion technique has to satisfy many conditions, such
as preserving important features of source images, enhancing
contrast, and avoiding artifacts. Mutual information (MI)
[25] and an objective image fusion performance measure
(𝑄
𝐴𝐵/𝐹

) [26] are employed to evaluate the fusion performance
of different fusion methods quantitatively. MI indicates how
much of the input information the fused image contains.
𝑄
𝐴𝐵/𝐹

reflects the preservation of input edge information in
the fused image. For the two metrics, the higher the values
are, the better are the fusion results.

Figure 10 shows the qualitymeasurement results for fused
images in Figure 5 and Figures 8 and 9. Observing Figure 10,
we can see that the LPT andDWTmethods are theworst.This

is consistent with the subjective visual analysis. Compared
with other fusion algorithms, the NSCT-SPCNN yields the
optimal performance. Experimental results demonstrate that
the proposed NSCT-SPCNN algorithm can preserve the
saliency regions of source images and improve the quality of
the fused image.

Finally, the computational performance of the proposed
NSCT-SPCNN algorithm is tested on three sets of images
(Figures 5, 8, and 9). The hardware setup is an Intel Core
i5-3479 PC with 4GB RAMs. Our Matlab implementation
takes about 16 seconds for Figures 5 and 8 and 73 seconds for
Figure 9. Meanwhile, the NSCT-simple-based fusionmethod
takes about 17 seconds for Figures 5 and 8 and 72 seconds for
Figure 9.The LPT- and DWT-based fusion methods take less
than 1 second. From the comparison, we can observe that
the computational bottleneck lies in the NSCT transform.
Therefore, a more efficient MST tool needs to be applied in
the future.

5. Conclusion

The paper proposes a novel image fusion algorithm based on
NSCT and saliency-motivated PCNN. In fusion for high-pass
subbands, a saliency-motivated PCNN model is proposed.
The key idea is that depending on the human visual attention
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Figure 10: Quality metrics for the different fusion methods.

model, the visual saliency map is first built on high-pass sub-
band coefficients of NSCT, and then the algorithm combines
the visual saliencymapwith the coefficients of NSCT as input
to motivate PCNN. Coefficients with large firing times are
employed as the fused high-pass subband coefficients. Low-
pass subband coefficients are merged to develop a weighted
fusion rule based on firing times of PCNN. The algorithm
can preserve the completeness and the sharpness of object
regions. The fused image is more natural and can satisfy the
requirement ofHVS. Experiments illustrate that the proposed
fusion algorithm improves greatly the quality of the fused
images.
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Query by example video retrieval aims at automatic retrieval of video samples which are similar to a user-provided example from
video database. Considering that much of prior work on video analysis support retrieval using only visual features, in this paper,
a two-step method for query by example is proposed, in which both audio and visual features are used. In the proposed method,
a set of audio and visual features are, respectively, extracted from the shot level and key frame level. Among these features, audio
features are employed to rough retrieval, while visual features are applied to refine retrieval. The experimental results demonstrate
the good performance of the proposed approach.

1. Introduction

While query by example image retrieval is becoming amature
field [1–5], the query by example video retrieval (QEVR) is
still in its infancy. Video retrieval in particular has received
much attention in the area of digital video processing. For
videos, the management of ever growing databases is time
consuming when done completely manually. This is why
automatic systems are required to lighten the job. Usually,
retrieving a video from a big video database requires knowl-
edge on the players/actors, team/director name, or other
textual information.These textual queries are efficient for the
cases when users have quite precise knowledge on what they
are searching for within manually indexed and structured
databases. However, this classical approach cannot work
when users need to search video clips in highly unstructured
database such as the web or to discover video clips without
information on players/actors or team/director name. Now a
widely accepted query type for video is query by example [6].
Query by example video retrieval aims at automatic retrieving
of samples from a database, which are similar to the example
provided by the user.

As discussed by Hu et al. [7], there are two widely ac-
cepted query types for video retrieval: nonsemantic-based
video query types and semantic-based video query types.

Nonsemantic video query types include query by example [8],
by sketch [9] and by objects [10]. Semantic-based query types
include query by key words and by natural language [11, 12].

An example video may be a video clip, composed of a
set of shots describing a particular event. Although people
often treat a video as a sequence of images, it is actually
a compound medium, integrating diverse media such as
realistic images, graphics, text, and audio. Multimedia data
are represented by features from multiple media sources.
Among these media, audio is a significant part for videos. In
fact, some audio information in video plays an important role
in video detection. For instance, the audio signal from sports
video is capable of characterizing some short duration events,
such as a goal or audience applause. Although it has attracted
many attentions from the researchers, most of them focus on
applying audio features in event detection or copy detection
[13]. Little research has been conducted in applying audio
signal to video retrieval. In this sense, query by example video
retrieval can be a compromise solution which can fill the gap
between low-level features and human perception.The search
for videos that are similar to a given query example, from the
point view of their content, has become a very important part
of research.

In this paper, a two-step retrieval framework for QEVR
applying audio-visual features is presented to facilitate video
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retrieval and access. We focus on the features from shot
level and key frame level, respectively. For shot level, audio
feature analysis is firstly conducted on each clip for rough
retrieval; after that the scope of objective videos in database is
narrowed.Then the fine similarmeasurement is conducted by
applying visual features at key frame level. The system finally
returns the similar videos according to the visual features.
Based on our approach, existing video processing techniques
and algorithms can be integrated to find similar videos. We
use sports videos and other social videos as our test bed.
Our performance study on video datasets indicates that the
proposed approach offers good performance.

The rest part of this paper is organized as follows.
Section 2 describes the two-step retrieval system architecture
using audio and visual features, the specific extracted audio
and visual features in system are elaborated in Section 3, and
Section 4 proposes the similarity measure. Section 5 presents
the experimental settings and performance evaluation. Sec-
tion 6 concludes this paper.

2. Two-Step Retrieval and
Management Architecture

The proposed two-step retrieval and management scheme is
shown in Figure 1.

There are two stages in the proposed video retrieval
scheme: offline database archiving and online video retrieval.

During the offline database archiving stage, in order to
support shot-based video retrieval, video preprocessing is
essential: segment video using shot cut technique [14] and
extract audio-visual features. Audio features are stored in
database for rough retrieval while visual features from key
frames are used for fine retrieval.

The video preprocessing procedures for the video
retrieval stage are the same as those for the database archiving
stage. After feature extraction, a two-step retrieval method
is conducted: the first step is rough retrieval based on audio
features, the aim is to narrow the scope of target videos
by excluding irrelevant videos; the second step is to refine
retrieval, which is to confirm the final result videos using
similarity measure method discussed in Section 4. Lastly, the
system returns the result videos.

3. Features

When designing a QEVR system, we pay attention to both
audio and visual features. With respect to the fusion of them,
as mentioned in the literature [15], there are two types of
approaches: some audio-video feature fusion approaches try
to directly evaluate the interaction of the two features [16];
other methods map first the features into a subspace where
this relationship is enhanced and can therefore be estimated.
In this paper, we adopt the latter: the audio features are firstly
mapped into a feature subspace for rough retrieval; after that
the retrieval results are optimized by visual features.

3.1. Audio Features at Shot Level. There aremany features that
can be used to characterize audio signals. Generally they can

be separated into two categories: time domain and frequency
domain. To reduce the sensitivity to noisy for single audio
feature, several audio features are employed tomake sure they
are complementary.

To map the audio features into a feature subspace, the
feature vector representation of audio clips can be obtained
in a three-step way.

Step 1 (meta-feature extraction). For each frame, six features
are calculated: energy entropy, short time energy, zero cross-
ing rate, spectral roll-off, spectral centroid, and spectral flux.
This step leads to six feature sequences for the whole audio
signal. above basic audio feature are described as follows.

(a) Energy entropy: it reflects the energy in the time-
frequency domain volatility and distribution. We define
probability density function (PDF) as 𝑝

𝑖
[17],

𝑝
𝑖
=

𝜆
𝑖

∑
𝑀

𝑖=1
𝜆
𝑖

, 𝑖 = 1, 2, . . .𝑀, (1)

where 𝜆
𝑖
is amplitude of the 𝑖th frame after fast Fourier

Transform (FFT), 𝑀 is the length of audio frame. Then, for
the 𝑖th frame, the entropy can be described as 𝐻

𝑖
,

𝐻
𝑖
=

𝑀

∑

𝑘=1

𝑝
𝑘
log𝑝
𝑘
, 𝑖 = 1, 2, . . .𝑀. (2)

(b) Short-time energy: it is one of the short-time analysis
functions reflecting slowly changing of audio signal over
time. The short-time energy of the 𝑖th frame can be defined
as 𝐸
𝑖
[18]:

𝐸
𝑖
=

𝑁

∑

𝑚=1

𝑥
2

𝑖
, (3)

where𝑁 is the length of the 𝑖th frame.
(c) Zero crossing rate (ZCR): it is a correlate of the

spectral centroid. It is defined as the number of time-
domain zero crossings within the processing window and can
distinguish devoiced and voiced. The ZCR is high at high
frequency band while relatively low at low frequency band.
TheZCRof speech signal𝑥

𝑛
(𝑚) can be defined as follows [18]:

𝑍
𝑛
=

1

2

𝑁−1

∑

𝑚=0

sgn [𝑥
𝑛 (𝑚)] − sgn [𝑥

𝑛 (𝑚 − 1)]


sgn [𝑥] =
{

{

{

1 𝑥 ≥ 0

−1 𝑥 < 0.

(4)

(d) Spectral features: they characterize a signal’s distri-
bution of energy and frequency, which are calculated based
on the short-time Fourier transform and performed frame by
frame along the time axis. Three features are employed.

(1) Spectral centroid: this measure is obtained by eval-
uating the “center of gravity” using the Fourier transform’s
frequency and magnitude information. The individual cen-
troid of a spectral frame is defined as the average frequency
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Figure 1: Block diagram of the proposed two-step method for QEVR.

weighted by amplitudes, divided by the sum of the ampli-
tudes, or

Spectral centroid =
∑
𝑁

𝑘=1
𝑘𝐹 [𝑘]

∑
𝑁

𝑘=1
𝐹 [𝑘]

, (5)

here, 𝑘 is the amplitude of bin number, 𝐹[𝑘] is the center
frequency of that bin.

(2) Spectral flux [19]: it is a feature that measures the
degree of variation in the spectrum across time. The 2-norm
of the frame-to-frame spectral amplitude difference vector is
‖|𝑋
𝑖
| − |𝑋

𝑖−1
|‖.

(3) Spectral roll-off [19]: this measure distinguishes
voiced from unvoiced speech. Unvoiced speech has a high
proportion of energy contained in the high-frequency range
of the spectrum, where most of the energy for unvoiced
signal is contained in lower bands. This is a measure of the
“skewness” of the spectral shape—the value is higher for
right-skewed distributions.

Step 2 (statistical feature). In order to achieve computational
simplicity and detection effectiveness, for each of the six
feature sequences, we use the statistical characteristic value
of above features to quantify them, that is: energy entropy
standard deviation (Std), signal energy Std bymean (average)

ratio, zero crossing rate Std, spectral roll-off Std, spectral
centroid Std, and spectral flux Std by mean ratio. This step
leads to six single statistic values (one for each feature
sequence). Those six values are the final feature values that
characterize the audio clip using a six-dimensional feature
vector, which is denoted as 𝐴 = {𝑎

1
, 𝑎
2
, 𝑎
3
, 𝑎
4
, 𝑎
5
, 𝑎
6
}.

Step 3 (normalized statistical feature). Normalization can
ensure that contributions of all audio feature elements are
adequately represented, preventing one feature from domi-
nating the whole feature vector.

In this paper, each audio feature is computed over each
shot audio clip (30ms, duration). For 𝐴 = {𝑎

1
, 𝑎
2
, 𝑎
3
, 𝑎
4
, 𝑎
5
,

𝑎
6
}, suppose 𝑎max and 𝑎min are the maximum and minimum

value of feature components, respectively, which can be
defined as follows:

𝑎max = max
1≤𝑖≤6

𝑎𝑖
 , 𝑎min = min

1≤𝑖≤6

𝑎𝑖
 . (6)

A normalized audio feature vector 𝐴
𝑁
consisting of six

components is constructed, denoted as (7).

𝐴
𝑁

= {
𝑎
1
− 𝑎min

𝑎max − 𝑎min
,

𝑎
2
− 𝑎min

𝑎max − 𝑎min
, . . . ,

𝑎
6
− 𝑎min

𝑎max − 𝑎min
} . (7)
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Figure 2: Audio segmentation scheme.

3.2. Visual Features at Key Frame Level. We segment video
clips into shots and extract representative frames from each
shot. The key frames of a shot reflect the characteristics
of the video to some extent. Traditional image retrieval
techniques can be applied to key frames to achieve video
retrieval. In the field of image index, image representation
became color oriented, since most of the images of interests
are in colors. Many of the previous researches used the
color composition of an image [20]. The advantages of color
histogram are that it is invariant for translation and rotation
of the viewing axis. However, using a single image attribute
for retrieval may lack sufficient discriminatory information,
such as color feature cannot convey the space information
of image. Texture feature describes the spatial correlation
between pixels, compensating for this shortcoming.

For the color feature, we defined it in terms of a histogram
in the quantized hue-saturation-value (HSV) color space,
since the HSV space conforms more to human perceptual
similarity of colors, this property is used in quantizing the
color space into a small number of colors. The color basic
properties are emphasized and then the color histogram
bins are chosen as 180. For the texture, we defined it in
terms of GLCM (gray level cooccurrence matrix) [21, 22].
Here, we adopted eight indicators extracted from GLCM,
namely, the mean and standard deviation of energy, entropy,
and contrast and inverse difference moment. Energy is a
measure of textural uniformity of an image. Energy reaches
its highest value when gray level distribution has either a
constant or a periodic form. Entropy measures the disorder
of an image and it achieves its largest value when all
elements are in GLCM. Contrast is a difference moment of
the GLCM, and it measures the amount of local variations
in an image. Inverse difference moment measures image
homogeneity. This parameter achieves its largest value when
most of the occurrences in GLCM are concentrated near the
main diagonal. Users can choose other feature representation
according to their own requirements.

Shot 𝑆 is represented as a weighted matrix by the follow-
ing:

𝑉
𝑠
= [𝑤
𝑐
× 𝑉
𝑐

𝑤
𝑡
× 𝑉
𝑡
] (8)

𝑉
𝑐
= [𝑐
1
, 𝑐
2
, . . . , 𝑐

180
]

𝑉
𝑡
= [𝑡
1
, 𝑡
2
, . . . , 𝑡

8
] ,

(9)

where 𝑤
𝑐
and 𝑤

𝑡
represent the weight of color, and texture,

respectively, when describing a representative frame of shot
𝑆. Considering that cognition on shot can be quite subjective
therefore, different weight assignments may reflect different

user requirements and preferences. The symbols 𝑉
𝑐
and 𝑉

𝑡

represent normalized feature vector of color and texture,
respectively, 𝑡

𝑖
(1 ≤ 𝑖 ≤ 180) and 𝑡

𝑗
(1 ≤ 𝑗 ≤ 8) represent the

components of HSV histogram and GLCM, respectively. The
Normalization method of visual feature vector is the same as
that of audio feature vector as elaborated in Section 3.1.

4. Similarity Measure

The overall similarity matching contains two levels: rough
retrieval based on audio features and refined retrieval based
on visual features.

4.1. Rough Retrieval Based on Audio Feature. Firstly, the
audio signals were segmented at 30ms/frame with Hamming
window, which is the basic unit for feature extraction as
shown in Figure 2.

And then, the audio features elaborated in Section 3.1 are
used to construct feature vector for audio frame. The audio
samples were collected with 44.1 kHz sample rate, stereo
channels, and 16 bits per sample.

Feature analysis is conducted on each clip. And the aim of
rough retrieval is to narrow the scope of objective videos in
database utilizing the audio feature vector mentioned above.

A normalized Euclidean distance 𝑑(𝑎
𝑖
, 𝑎
𝑗
) is used to

measure the similarity between audio clips from query video
shot 𝑖 and database video shot 𝑗. 𝑎

𝑖
and 𝑎
𝑗
are the normalized

feature vectors depicting the characteristics of audio clip 𝑖 and
𝑗.

𝑑 (𝑎
𝑖
, 𝑎
𝑗
) = √

6

∑

𝑘=1

(𝑎
𝑖𝑘
− 𝑎
𝑗𝑘
)
2

. (10)

We say 𝑖 and 𝑗 are dissimilar if and only if 𝑑(𝑎
𝑖
, 𝑎
𝑗
) >

𝜀audio (a distance threshold). And the greater 𝑑, the greater
dissimilarity between 𝑎

𝑖
and 𝑎
𝑗
.

4.2. Refined Retrieval Based on Visual Features. The scope
of objective videos is narrowed after rough retrieval. In this
section, we will address how the temporal similarity of two
videos can be exactly measured properly.

We use key frames to represent a shot in video, and each
key frame is represented by (8) using the visual features
elaborated in Section 3.2. Then, a large number of key
frames are extracted from query video as the baseline for
comparison. Alternative temporal sampling is also possible,
while our current comparison is in key frame features only.

The similarity between the shots in above subclassifica-
tion and the query video shot can be estimated with the
Euclidean distance. Firstly, let us denote shots set of above
subclassification and query video by 𝑆

𝑐
= {𝑠
1
, 𝑠
2
, . . . , 𝑠

𝑖
, . . . ,

𝑠
𝑁
} and 𝑠

𝑞
, respectively. The shots similar to query video 𝑠

𝑞

are defined as (11).

Sim𝑆 (𝑠
𝑞
) = {𝑠

𝑖
| 𝑑 (𝑠
𝑖
, 𝑠
𝑞
) ≤ 𝜀visual, 1 ≤ 𝑖 ≤ 𝑁} , (11)

where 𝑑(𝑠
𝑖
, 𝑠
𝑞
) is the Euclidean distance function to measure

the similarity of 𝑠
𝑖
and 𝑠

𝑞
. The parameter 𝑁 represents
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Figure 3: Shot matching between query video and database video
belongs to subclassification.

the number of shots in 𝑆. We say 𝑠
𝑖
and 𝑠

𝑞
are similar if

(𝑑(𝑠
𝑖
, 𝑠
𝑞
) < 𝜀visual, 𝑠𝑞), where 𝜀visual is a small positive value

called shots similarity threshold.
Now, considering that many of current videos are the

results of synthesis and editing in the later stage, let’s
denote the query video by 𝑉

𝑞
= {𝑠
1
, 𝑠
2
, . . . , 𝑠

𝑞
, . . . , 𝑠

𝐿
} and

database video belonging to above sub-classification by 𝑉
𝑑
=

{𝑠
1

1
, 𝑠
2

1
, . . . , 𝑠

𝑚

V , . . .}, where 𝐿 is the number of shots in query
video, 𝑚 and V represent serial number of shot and video,
respectively. The shot matching result between𝑉

𝑞
and𝑉

𝑑
can

be seen as in Figure 3.
Based on the above observations, the database video

which is similar to query video 𝑉
𝑞
is defined by (12).

Sim𝑉(𝑉
𝑞
)=

{

{

{

𝑉
𝑖
| 𝑖 = argmax

𝑥

{

{

{

∑

𝑥

𝑚

∑

𝑗=1

𝑙

∑

𝑞=1

1 {Sim𝑆 (𝑠
𝑗

𝑥
)}

}

}

}

}

}

}

,

(12)

where Sim𝑆(𝑠) denotes the shot which is similar to shot 𝑠.

5. Experimental Results/Case Study

5.1. Evaluation Criteria for Experiment. For analyzing the
effectiveness of our proposed approach, two major criteria
in retrieval system, namely precision and recall, are used to
measure the related experimental evaluations. The precision
and recall are defined as follows [5]:

precision =
|correct|
|retrieved|

× 100%,

recall = |correct|
|relevant|

× 100%,

(13)

where correct is the number of relationally retrieved videos,
retrieved is the number of all retrieved videos by the proposed
approach, and relevant is the ground truth representing the
number of all relational videos in the database. The criterion
precision delivers the ability for hunting the desired videos in
user’smind and the recall represents the ability for finding the
accumulated positive videos in a query session.

5.2. Experimental Results

5.2.1. Parameter Settings. Before evaluating the proposed
approach, the appropriate parameter settings need to be

Table 1: Precision performance on four types of video by varying
𝜀audio.

Precision 𝜀audio = 0.2 0.4 0.5 0.6 0.8
Badminton 23.41% 22.4% 22.4% 22.4% 22.4%
Wrestling 7.89% 6.38% 8.51% 8.51% 8.51%
Social 41.67% 21.28% 21.28% 21.28% 21.28%
Basketball 32.26% 21.28% 21.28% 21.28% 21.28%

Table 2: Recall performance on four types of video by varying 𝜀audio.

Recall 𝜀audio = 0.2 0.4 0.5 0.6 0.8
Badminton 85.84% 85.84% 85.84% 85.84% 85.84%
Wrestling 75% 75% 100% 100% 100%
Social 50% 100% 100% 100% 100%
Basketball 67 100% 100% 100% 100%

elicited. During our related experiments, two group param-
eters need to be assigned: the first one is the distances
threshold, denoted as 𝜀audio and 𝜀visual in (10) and (11), which
measure the similarity between query video and database
videos from the perspective of audio features and visual
features, respectively.

The second group is the feature weight. For audio feature
vector described in Section 3.1, consider that audio features
are just used for filtering some irrelevant candidate videos and
to keep the balance between them, we equally treat the weight
of six audio features during the stage of rough retrieval. In the
same way, in addition, 0.5 is adopted as our default setting
both for 𝑤

𝑐
and 𝑤

𝑡
.

The appropriate parameters setting about distance thresh-
old 𝜀audio was decided by experiments on four types of videos,
which is shown as in Tables 1 and 2 as follows.

From the above two tables, we can see that the best setting
for 𝜀audio is 0.5, where the scope of target video begins to
stabilize. It probably leave out some relevant videos if the
value of 𝜀audio is too small while increase the amount of videos
need computed in the second step if the value is too big.

Applying the similar approach, we find that the appropri-
ate parameters setting for 𝜀visual is also 0.5.

5.2.2. Experiments. The proposed approach is tested on real-
world experimental data that was acquired from the collec-
tion of videos containing sport videos and other social science
videos. In our experiment, the sport videos are composed of
830 shots while social videos composed of 227 shots. Three
kinds of sport videos are included: badminton, wrestling and
basketball, respectively.

In order to specify the retrieval procedure based on
proposed two-step retrievalmechanism, a schematic example
is given in Figures 4 and 5 as follows.

In online retrieval, the query video including 27 shots
is introduced to the system, and then both audio and
visual features are computed for each shot and key frames
respectively.The two-step retrieval procedure is implemented
subsequently: the first step is rough retrieval based on audio
features, for 61 raw videos with 1057 shots in database,
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(a)

(b)

Figure 4: (a) Part sequences of query video. (b) Part raw target video sequences in database.

Table 3: The comparison with experimental results with audio-visual based and visual based.

NS Retrieval results with audio-visual based Retrieval results with visual based
Precision Recall Precision Recall

Badminton 20 80.52% 88.61% 62.02% 58.64%
Wrestling 21 57.70% 100% 48.39% 100%
Social 28 100% 100% 87.5% 100%
Basketball 41 99.18% 67.31% 72.47% 50.25%
Average — 84.35% 88.98% 67.595% 77.223%

and after rough retrieval there are 18 target videos that are
retained; the second step is to refine retrieval based on visual
features, after which 10 target videos are reversed as the final
target videos.

Figure 4 represents part sequences of query video and
part videos in database, where part (a) shows the query video
sequences while part (b) lists raw target videos in database.

Figure 5 demonstrates the retrieval results, in which part
(a) is rough retrieval based on audio features and part (b) is
refined retrieval with visual features.

To evaluate the performance of proposed two-step re-
trieval mechanism in retrieving video in terms of effective-
ness and efficiency, we have identified four groups of exper-
iments (badminton, wrestling, basketball, and social science,
resp.).

Table 3 shows the comparison results between pro-
posed audio-visual-based retrieval method and audio-based
method, in which NS denotes the number of shots in query
video.

We also consider two other kinds of situations: one is
retrieval with rough retrieval with visual features while refine
retrieval with audio features, and the other is retrieval with
only audio features. The results are shown in Table 4.

From Table 4 we can find that generally, audio features
work worse than visual-based features. However, these two
kinds of features are very complementary. When we just sim-
ply combined audio and visual features, the average precision
and recall can be improved by 16.755% and 11.757%, respec-
tively compared with only visual based, improved by 66.135%
and 20.2%, respectively, compared with only audio based.
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Figure 5: (a) Rough retrieval based on audio features. (b) Refine retrieval based on visual features.

Table 4: The comparison with experimental results with visual-audio and only audio features.

NS Retrieval results with visual-audio based Retrieval results with audio based
Precision Recall Precision Recall

Badminton 20 30% 90% 22.41% 85.84%
Wrestling 21 11.11% 25% 7.89% 75%
Social 28 66.67% 20% 21.28% 14.29
Basketball 41 31.25% 100% 21.28% 100%
Average — 34.78% 58.75% 18.215% 68.78%
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Table 5: Comparison between this paper’s approach and Kong’s
approach.

This paper’s approach Kong’s approach [12]
Precision Recall Precision Recall

Average 84.35% 88.98% 62.025% 85.325%

We also compare this paper’s approach with Kong’s
approach [12] in Table 5, which also support the shot-based
retrieval from the perspective of precision and recall.

In summary, we have achieved retrieval results with the
proposed two-step hierarchical retrieval mechanism base
on audio-visual feature, together with the visual-based ver-
sus audio-based versus visual-audio-based versus retrieval
method in other literature. The comparative results indicates
that the proposed method offers better performance.

6. Conclusion

Considering that audio is a significant part of videos, we
present a novel and efficient method jointing audio features
for video retrieval query by example. In our system, the audio
features are firstly used for rough retrieval to narrow the
scope of objective videos in database.Then, the visual features
are applied to refine retrieval. Finally, the system returns the
similar videos which are similar to a user-provided example.
Experimental results indicate that the proposed approach
owns better performance in retrieving video when query by
example compared with other types of retrieval mechanism.
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We propose a scene classification method for speeding up the multisensor remote sensing image fusion by using the singular
value decomposition of quaternion matrix and the kernel principal component analysis (KPCA) to extract features. At first, images
are segmented to patches by a regular grid, and for each patch, we extract color features by using quaternion singular value
decomposition (QSVD) method, and the grey features are extracted by Gabor filter and then by using orientation histogram to
describe the grey information. After that, we combine the color features and the orientation histogram together with the same
weight to obtain the descriptor for each patch. All the patch descriptors are clustered to get visual words for each category. Then
we apply KPCA to the visual words to get the subspaces of the category. The descriptors of a test image then are projected to the
subspaces of all categories to get the projection length to all categories for the test image. Finally, support vector machine (SVM)
with linear kernel function is used to get the scene classification performance.We experiment with three classification situations on
OT8 dataset and compare our method with the typical scene classification method, probabilistic latent semantic analysis (pLSA),
and the results confirm the feasibility of our method.

1. Introduction

Image fusion refers to fusing two or more images which are
in the same scene into a composite image [1]. The composite
image contains the significant information of these various
source images. Then we can obtain a more comprehensive
and clear description of the scene. Image fusion information
is usually obtained from the multisensor remote sensing
images. Information fusion of multisensor remote sensing
images can collect a wealth of information, and remote
sensing is able to improve the means of the global scope
dynamic observation data. The categories of ground targets
and the scene environment are different, and the remote
sensing images obtained from each sensor are not necessarily
the same object or the same scene. We need to classify these
remote sensing images into various categories, such as city,
forest, open country, mountain, and coast. By that way, it
will be conducive to speed up the image fusion in the same
scene, which is more conducive to improve the important
influence of the multisensor remote sensing images in many

monitoring analytical applications, such as city planning,
forest monitoring, land, and use monitoring [2], and flood
monitoring.

Scene classification is an important part of the multi-
sensor remote sensing image interpretation. Conventional
scene classification methods mainly use the images’ low
level features (global color or texture histograms, the power
spectrum, etc.) to classify only a small number of scene
categories [3, 4]. Szummer and Picard proposed indoor and
outdoor classification method. They used color, texture, and
frequency features of local regions in their method and got
the 90.3% correct classification [3]. Paek and Chang used the
HSV color histogram and the edge direction histogram to
represent each block of the image in the color and texture
features and got the similar result with Szummer and Picard
[4]. However, the classification accuracy of the method based
on low-level features is not satisfactory.

In recent years, many authors proposed bag-of-visual
words methods based on local patches without topological
information for scene classification, which have been applied
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to cases where there are a larger number of scene categories
[5–9]. Fei-Fei and Perona proposed a scene classification
method based on bag of keypoints to classify thirteen scene
categories [5]. Bosch et al. also presented a method based
on pLSA to classify a larger number of scene categories and
got good classification performance [6]. These methods used
local patches without topological information. However, they
both [5, 6] reported that the classification result is better
when local parts are selected from evenly sampled grid which
were named dense patches in [6]. Therefore, in this paper
we use dense patches from which we extract features for
classification. Dense patches are constructed by segmenting
images by regular grid. The visual words vocabulary can
be obtained by clustering the features of patches with the
𝑘-means algorithm. Thus, an image can be viewed as a
collection of “visual words.” The feature vector is developed
from patches. In [6], they used color patches and extracted
SIFT features in each color channel, respectively. But the
dimension of the feature vector they got is very high, and the
method spent a lot of time in feature extraction, clustering,
and quantification. In order to reduce the time needed for
classification, we should reduce the dimension of the feature
vector.

To answer this demand, in this paper we use the qua-
ternion singular value decomposition (QSVD) method to
extract the color features of the image. Because the RGB
channels are treated as an integrated whole in the quaternion
model of a color image, the three colors do not have to
be operated in each color channel independently. In this
way, we take into account the direct interchannel effects in
the three color channels and reduce the dimension of the
feature vector. The singular value vector of a color image
is robust to shift variations, scale variations, and rotation
variations [10]. Therefore, the singular value decomposition
of the quaternionmodel of a color image is effective for scene
classification.We obtain a quaternionmatrix from each patch
of an input image.

Simultaneously, we also obtain the orientation histogram
of multiscale Gabor feature from each patch. In recent years,
it is reported that the orientation histogram of Gabor features
with rough topological information which is developed from
dense patches is effective for scene classification [7, 8]. We
develop the orientation histogram from multiscale Gabor
features because Gabor features which extract frequency and
orientation information are better than the simple gradient
[8]. Then we combine the color features obtained from the
quaternion model and the orientation histogram to form the
final feature vector computed from each patch. Although the
most famous approach for scene classification is bag-of-visual
words method, superior accuracy of KPCA of visual words
to bag-of-visual words was reported in recent years [8, 11].
However, the computational cost of KPCA becomes high
when the number of training samples increases. To reduce the
computational cost, wemust decrease the number of training
samples. To solve the problem,we use the bag-of-visual words
method to extract the representative feature vectors of each
category. Then we applied KPCA to the set of visual words
of each category. The uncorrelated mean projection length
to the subspace of each category is used as input features

for classification. Finally, we use SVM to classify the input
features. The mean projection length in subspace is used as
features for support vector machine.The proposed method is
evaluated using OT8 dataset [12]. We compare our method
with the recent popular scene classification method pLSA in
[6].

The rest of paper is organized as follows. In Section 2, the
methods of context information extraction is presented. In
Section 3 briefly introduces similarities with subspaces and
explains how the information specialized for each category
can be extracted. The SVM and devices on kernel are
introduced in Section 4. Section 5 shows the experimental
results and evaluates the results. Conclusion and future works
are described in Section 6.

2. Context Information in Patch Space

For scene images, dense patches are obtained from a regular
𝑀 × 𝑀 grid, and here we use 16 × 16 grid. The visual
words are developed by clustering descriptors of patches that
are computed from the training images. Accordingly, all the
patches are represented by the clustering centers called the
visual words obtained by 𝑘-means algorithm. In this paper,
for each patch we extract color features, and grey features,
respectively, and use weights to integrate them as the entire
features for classification.

2.1. Singular Value Decomposition of Quaternion Matrices.
Color in images processing has been widely used recently.
For color images, the color of each pixel is usually expressed
in RGB color, and each element of the image matrix saves
three values of RGB color. The traditional methods of color
images processing usually separate the color images into
RGB three channels images first and then use a variety of
image processing methods to process images. But as a result
of inherent relationship among RGB components, image
separation leads to the distortion of color image. Recently,
the effectiveness of QSVD in color images processing was
reported [13–16]. In this paper, we develop the color features
by using QSVD method. This is because the algorithm uses
a quaternion to represent the RGB values of a pixel in
color images. In this way we make the RGB color channels
as an integrated whole, and take into account the direct
interchannel effects in the three color channels.

First, we explain the quaternion briefly. The quaternion
[13] is defined as

𝑞 = 𝑞
𝑟
+ 𝑞
𝑖
𝑖 + 𝑞
𝑗
𝑗 + 𝑞
𝑘
𝑘, (1)

where 𝑞
𝑟
, 𝑞
𝑖
, 𝑞
𝑗
, 𝑞
𝑘
are all real and 𝑖, 𝑗, 𝑘 are orthogonal

imaginary operators, which satisfy the following identities:

𝑖
2
= 𝑗
2
= 𝑘
2
= 𝑖 ⋅ 𝑗 ⋅ 𝑘 = −1,

𝑖 ⋅ 𝑗 = 𝑘, 𝑗 ⋅ 𝑘 = 𝑖, 𝑘 ⋅ 𝑖 = 𝑗,

𝑗 ⋅ 𝑖 = −𝑘, 𝑘 ⋅ 𝑗 = −𝑖, 𝑖 ⋅ 𝑘 = −𝑗.

(2)

𝑞
𝑟
is the real part, and 𝑞

𝑖
𝑖, 𝑞
𝑗
𝑗, 𝑞
𝑘
𝑘 are the imaginary parts.

A quaternion with no real part (𝑞
𝑟
= 0) is said to be pure

quaternion.
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If we set 𝑞
𝑟
in (1) as 0 and use 𝑞

𝑖
= 𝑓
𝑟
(𝑥, 𝑦), 𝑞

𝑗
= 𝑓
𝑔
(𝑥, 𝑦),

and 𝑞
𝑘
= 𝑓
𝑏
(𝑥, 𝑦) to represent the RGB values of a pixel in

color image, then an𝑀×𝑁 color image can be represented as
a pure quaternion image by the following function 𝑓

(𝑞)
(𝑥, 𝑦):

𝑓
(𝑞)
(𝑥, 𝑦) = 𝑓

𝑟
(𝑥, 𝑦) 𝑖 + 𝑓

𝑔
(𝑥, 𝑦) 𝑗 + 𝑓

𝑏
(𝑥, 𝑦) 𝑘, (3)

where 𝑓
𝑟
(𝑥, 𝑦), 𝑓

𝑔
(𝑥, 𝑦), and 𝑓

𝑏
(𝑥, 𝑦), respectively, are red,

green and blue components of the pixel at position (𝑥, 𝑦) in
the image. Thus, the color image is a matrix of size 𝑀 × 𝑁

over the quaternion field (restricted to pure quaternion). So
a color image can be represented as a quaternion matrix.

In this paper, quaternion is represented as a matrix 𝑄,
𝑄
𝑚×𝑛

= {(𝑎
𝑖𝑗
)
𝑚×𝑛

| 𝑎
𝑖𝑗
∈ 𝑄, 𝑖 = 1, 2, . . . 𝑚, 𝑗 = 1, 2, . . . , 𝑛}.

Consider an 𝑚 × 𝑛 quaternion matrix 𝑋
(𝑞)
, 𝑋
(𝑞)

∈ 𝑄
𝑚×𝑛 and

𝑋
(𝑞)

= 𝑋
𝑟
+ 𝑋
𝑖
𝑖 + 𝑋
𝑗
𝑗 + 𝑋
𝑘
𝑘, where𝑋

𝑙
∈ 𝑅
𝑚×𝑛

(𝑙 = 𝑟, 𝑖, 𝑗, 𝑘),
then the equivalent real matrix of𝑋

(𝑞)
is

𝑋
𝑒(𝑟)

= (

𝑋
𝑟

𝑋
𝑖

𝑋
𝑗

𝑋
𝑘

−𝑋
𝑖

𝑋
𝑟

−𝑋
𝑘

𝑋
𝑗

−𝑋
𝑗

𝑋
𝑘

𝑋
𝑟

−𝑋
𝑖

−𝑋
𝑘
−𝑋
𝑗

𝑋
𝑖

𝑋
𝑟

) ∈ 𝑅
4𝑚×4𝑛

. (4)

The definition of the equivalent real matrix of a quater-
nion matrix 𝑋

(𝑞)
denotes the relationship between the real

matrix and the quaternion matrix. In addition, we can use
the eigenvalues and eigenvectors of the equivalent real matrix
to compute the eigenvalues and eigenvectors of a quaternion
matrix [14]. The relationship between the singular value
decomposition of a quaternion matrix and the singular value
decomposition of the equivalent real matrix can be found in
[14].

Next, we consider the QSVD of a color image. The proof
of existence and meaning of the SVD of a quaternion matrix
can be found in [14]. Any matrix 𝑋

(𝑞)
∈ 𝑄
𝑚×𝑛 admits a

singular value decomposition given as

𝑋
(𝑞)

= 𝑈
(𝑞)
(
Λ
𝑟
0

0 0
)𝑉
𝐻

(𝑞)
, (5)

where 𝐻 is the conjugate-transposition operator, 𝑈
(𝑞)

∈

𝑄
𝑚×𝑚, and 𝑉

(𝑞)
∈ 𝑄
𝑛×𝑛 are two unitary quaternion matrices.

Besides, 𝑈
(𝑞)
𝑈
𝐻

(𝑞)
= 𝐼
𝑚×𝑚 and 𝑉

(𝑞)
𝑉
𝐻

(𝑞)
= 𝐼
𝑛×𝑛, where 𝐼 is

the identify matrix. These matrices contain the left and right
quaternion singular vectors of 𝑋

(𝑞)
. Λ
𝑟
is a real diagonal

matrix, where 𝑟 is the rank of𝑋
(𝑞)
.The values on the diagonal

of Λ
𝑟
, 𝜆
𝑛
(with 1 ≤ 𝑛 ≤ 𝑟), are the singular values of

the quaternion matrix, arranged in decreasing magnitude
order along the diagonal. The method for obtaining the
decomposition of a quaternion matrix can be found in [14],
which is based on the equivalent real matrix.

Now, we explain how to extract color features from the
QSVD results of a patch. In this paper, the color features
are developed from the two quaternion unitary matrices of
QSVD. The most important information is contained in the
two quaternion unitary matrices of QSVD [14]. Like the

singular value decomposition (SVD) of a grey image, the SVD
of a color image also can be represented as follows:

𝑋
(𝑞)

= 𝑈
(𝑞)
Λ𝑉
𝐻

(𝑞)
=

𝑟

∑

𝑖=1

𝜆
𝑖
𝑢
𝑖(𝑞)

V𝐻
𝑖(𝑞)

. (6)

Here, 𝑈
(𝑞)

= [𝑢
1(𝑞)

, 𝑢
2(𝑞)

, . . . , 𝑢
𝑚(𝑞)

], 𝑉
(𝑞)

= [V
1(𝑞)

, V
2(𝑞)

, . . . ,

V
𝑛(𝑞)

], 𝑢
𝑖(𝑞)

and V
𝑖(𝑞)

are the 𝑖th column vectors of𝑈
(𝑞)

and𝑉
(𝑞)
,

respectively. 𝜆
𝑖
is the diagonal element of the real matrix Λ,

and 𝑟 is the rank of 𝑋
(𝑞)
. Each result of 𝑢

𝑖(𝑞)
V𝐻
𝑖(𝑞)

is referred
as the 𝑖th weighted eigenimage [14]. From the original image
and its eigenimages, we can find thatmost image information,
that is, energy, color, and structure, is concentrated on the
foreside of the eigenimages. Figure 1 illustrates an image and
a part of its eigenimages. From the figure we can discover that
the first three eigenimages possess most energy of the image
[14]. Then we use the first three eigenimages to reconstruct
the original image, and the reconstructed image is shown in
Figure 1.

From Figure 1, we can observe that the first several
eigenimages contain the average information about color and
structure of the original image (low frequency information).
So in this paper, we use the first eigenimage as the color
feature for classification. We can get the average information
of the original image, not the detail information. In this way,
we can avoid the problem of over fitting and improve the
generalization ability of the proposed method.

In the experiments, we use evenly sampled 16 × 16 grid,
and for each grid (each patch) we compute its equivalent real
matrix, then obtain the result of QSVD of the real matrix, and
then compute the first eigenimage as the color feature.

2.2. Orientation Histogram Extraction Based on Gabor Fea-
tures. Recently, orientation histogram has been widely used
in pattern recognition. Here, we develop the orientation
histogram from Gabor features [8]. A distinct advantage of
Gabor features is their optimality in time and frequency, or
space and spatial frequency in two dimensions, providing the
smallest possible pieces of information about time-frequency
events.

In this paper, we define Gabor filters as

Ψ
𝑘 (𝑥) =

𝑘
2

V

𝜎2
exp(

−𝑘
2

V𝑥
𝑇
𝑥

2𝜎2
)

× (exp (𝑖𝑘𝑇𝑥) − exp(−𝜎
2

2
)) ,

(7)

where 𝑥 = (𝑦, 𝑥), 𝑘 = 𝑘V exp(𝑖𝜙) = (𝑘V cos(𝜙), 𝑘V sin(𝜙))
𝑇,

𝑘V = 𝑘max/𝑓
V, 𝜙 = 𝜇 ⋅ 𝜋/8, 𝑓 = √2, and 𝜎 = 𝜋 [7]. 𝑓 is the

frequency of a sinusoidal plane wave, 𝜙 is the anticlockwise
rotation of the Gaussian envelope and the sinusoid, and 𝜇 and
V represent the orientation and the scale of the Gabor filter
respectively. In the experiments of this essay, we use Gabor
filters of eight different orientations (𝜇 = {0, 1, . . . , 7}) with
three frequency levels (V = {0, 1, 2}). The size of Gabor filters
of three different frequency levels is set to 9 × 9, 13 × 13, and
17 × 17 pixels, respectively [7].
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(a) (b) (c)

(d) (e) (f)

Figure 1: (a) Original image; (b) the first eigenimage; (c) the second eigenimage; (d) the third eigenimage; (e) the fourth eigenimage; (f) the
reconstructed image of the first three eigenimages.

Figure 2 shows the output (norm of real and imaginary
parts) of the Gabor filters with various 𝜇, V. Figure 2(a) shows
the original image. Figure 2(b) is the Gabor output when
Gabor filters with 𝜇 = 4, V = 0 are applied to Figure 2(a).
Figure 2(c) is the output of the Gabor filters with 𝜇 = 4, V = 1.
Figure 2(d) is the output of the Gabor filters with 𝜇 = 4, V = 2.
From the figure, we can see that Gabor filter with small V
being sensitive to fine edges, so the output image (b) is clearer
than (c) and (d).

Now, we introduce how to develop the orientation his-
togram from the output of Gabor filters. In this paper, the
orientation histogram is developed from a regular 16 × 16

grid. Figure 3 lists an orientation histogram of the original
image. First, for each scale, we extracted Gabor features (real
and imaginary parts) of eight orientations from each grid of
the input image.We compute the norm of real and imaginary
parts for each pixel. Then, the orientation histogram with
eight bins at each grid is developed by voting the output value
of the maximum orientation at each pixel to the orientation
bin [8]. In order to reduce the impact of light changes,
we normalized the histogram of each patch. This process is
repeated at each scale parameter independently. So we finally
get an orientation histogram with 24 bins (24 = 3 scales × 8
orientation bins) from each grid.

We fuse the orientation histogram and the first eigenim-
age (the color feature vector) by the same weight for each
patch to form the descriptor of each patch.

3. Subspaces Similarities

The proposed method uses KPCA to model the similarities
with subspaces and extract features specialized for each
category. KPCA can achieve the transformation from input
space to feature space through the nonlinear mapping Φ

and then perform linear PCA on the mapped data, and so
it has a strong nonlinear processing ability. However, the
computational cost of KPCAbecomes highwhen the number
of training samples increases. To reduce the computational
cost, we must decrease the number of training samples. To
solve this problem, we use clustering algorithm. The cluster
centers are selected from the descriptors of each category
by using k-means method, and the cluster centers are used
to construct the category-specific subspace by KPCA. The
cluster centers are called visual words vividly, so KPCA was
applied to the visual words of each category. Since the visual
words of each category include various kinds of local parts,
the distribution becomes nonlinear.Thus, the nonlinearity of
KPCA is appropriate for modeling them.
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(a) (b)

(c) (d)

Figure 2: (a) Original image; (b) the output of Gabor filter with 𝜇 = 4, V = 0; (c) the output of Gabor filter with 𝜇 = 4, V = 1; (d) the output
of Gabor filter with 𝜇 = 4, V = 2.
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Figure 3: (a)Original image; (b) the orientation histogramwith eight different orientations and three scales of the original image (the different
colors represent different scales).

3.1. Introduction of KPCA. In the following, we introduce
KPCA briefly [11]. Suppose we have a set of𝑀 samples in an
𝑁-dimensional space 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑀
∈ 𝑅
𝑁, and 𝑥 is mapped

into high dimensional space by nonlinear mapping Φ(𝑥).
By applying standard linear PCA in high dimensional space,
nonlinear principal components are obtained. Nonlinear

mapping function Φ is introduced to change the sample
points 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑀
in the input space into sample points

Φ(𝑥
1
), Φ(𝑥

2
), . . . , Φ(𝑥

𝑀
) in the feature space, and assume

that
𝑀

∑

𝑖=1

Φ(𝑥
𝑖
) = 0. (8)
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Figure 4: (a) Varying number of visual words 𝐾 and fixing number of subspace axes𝑁 = 250; (b) varying number of subspace axes𝑁 and
fixing number of visual words 𝐾 = 1500.

Thus, the covariance matrix in high dimensional space is
computed by

𝐶 =
1

𝑀

𝑀

∑

𝑖=1

Φ(𝑥
𝑖
)Φ(𝑥

𝑖
)
𝑇
. (9)

Therefore, the PCA in feature space is to solve the
eigenvalues 𝜆 and the eigenvectors 𝑉 for KPCA in equation
𝜆𝑉 = 𝐶𝑉. Where 𝑉 is defined as:

𝑉 =

𝑀

∑

𝑖=1

𝛼
𝑖
Φ(𝑥
𝑖
) , (10)

where 𝛼
𝑖
is the coefficient. Define the𝑀×𝑀matrix 𝐾 (𝐾 is

the kernel function) as

𝐾
𝑖𝑗
= Φ(𝑥

𝑖
)
𝑇
Φ(𝑥
𝑗
) . (11)

Then we obtain the following eigenvalue problem:

𝑀𝜆𝛼 = 𝐾𝛼. (12)

By solving the formula (10), we can obtain the required
eigenvalues, eigenvectors, and 𝛼.

In this paper, the 𝑞th descriptor 𝑦
𝑞
is projected to the

subspace of each category, and the square of projection value
to each axis is computed. The projection length represents
the similarity with an axis in subspace of a certain category.
The projection length 𝑧𝑝

𝑘𝑞
of the descriptor 𝑦

𝑞
to 𝑝th principal

component axis of the subspace of category 𝑘 is computed as

𝑧
𝑝

𝑘𝑞
= (

𝑀

∑

𝑖=1

𝛼
𝑝

𝑘𝑖
𝐾(𝑥
𝑘𝑖
, 𝑦
𝑞
))

2

, (13)

where 𝛼 is the solution of KPCA, 𝑀 is the number of visual
words, 𝑥

𝑘𝑖
is the 𝑖th visual word of the category 𝑘, and 𝐾 is

the kernel function. This equation shows that the projection
length is computed by the weighted sum of similarities
with the ensemble of visual words because kernel function
measures the similarity with visual words [7, 11]. Here we use
the normalized polynomial kernel as the kernel function in
KPCA [11].

3.2. Procedure of KPCA of Visual Words. First, we get 256
descriptors from each training image of certain category.
Then, by using 𝑘-means clustering method, we obtain the 𝐾
visual words. Next, KPCA is applied to 𝐾 visual words. Note
that each category has one subspace. Finally, we compute
the mean projection length for each subspace of the certain
category. In this paper, the mean projection length is used
to integrate all descriptors to be robust to the order of the
descriptors [11]. In other words, 𝑝th projection length in the
subspace of category 𝑘 is computed as

𝑧
𝑝

𝑘
=

1

256

256

∑

1

𝑧
𝑝

𝑘𝑞
. (14)

Themean projection length to the subspace is used as the
features for classification.

Let us consider the number of visual words (𝐾 in the
𝑘-means vector quantization) and the number of subspace
axes (𝑁 the number of principal components in KPCA). We
investigate the variation of classification performance with
change in the number of visual words and subspace axes for
the case of the 4 natural categories of OT8 dataset. We carry
out experiments with the original images in OT8 dataset.
In our experiments, datasets are split randomly into two
separate sets of images, half for training and half for testing.
We take 100 random images from the training set to form
a validation set for finding the optimal parameters, and the
rest of the training images are used to compute the visual
words. The visual words are learnt from about 30 random
training images of each category. This protocol is the same
as the conventional method [6].

We find the optimal parameters (𝐾 and 𝑁) over
the validation set by using the cross-validation algorithm.
Figure 4(a) shows the relationship between the classification
performance and the number of visual words 𝐾. Figure 4(b)
shows the relationship between the classification perfor-
mance and the number of subspace axes𝑁. To get the optimal
parameters, we repeat the experiment ten times with varying
random selection of the training and test sets and building
the visual words vocabulary afresh each time. The mean
classification rate of ten runs is used as a final result.

From Figure 4, we can see that the classification accuracy
reaches themaximumvaluewhen the number of visual words
𝐾 is 1500 and the number of subspace axes𝑁 is 250.Then the
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optimal parameters are fixed and subsequent experiments use
the optimal parameters.

4. Classifications by SVM

We adopt SVM to the mean projection length to the sub-
spaces of all categories. First, we explain the support vector
machine (SVM) [8, 17] briefly. The SVM algorithm seeks the
optimal hyperplane which maximizes the distance between
hyperplane and nearest sample from it. SVM is basically a
hyperplane classifier 𝑓(𝑥) = ⟨𝑤, 𝑏⟩ + 𝑏 aimed at solving
the two-class problem. For nonlinearly separable data, a
nonlinear mapping functionΦ: 𝑅𝑁 → 𝐹, 𝑥 → Φ(𝑥) is used
to map them into a higher dimension feature space where the
hyperplane classifier can be applied. When the training set
(sample and its label) is denoted as 𝑆 = ((𝑥

𝑖
, 𝑦
𝑖
), . . . , (𝑥

𝐿
, 𝑦
𝐿
)),

the nonlinear SVM using kernel is defined to be

𝑓 (𝑥) = ∑

𝑖∈SV
𝛼
𝑖
𝑦
𝑖
Φ(𝑥
𝑖
)
𝑇
Φ (𝑥) + 𝑏

= ∑

𝑖∈SV
𝛼
𝑖
𝑦
𝑖
𝐾(𝑥
𝑖
, 𝑥) + 𝑏,

(15)

where SV shows the support vectors and 𝑦
𝑖
is the label of

training sample 𝑥
𝑖
, and 𝐾(𝑥

𝑖
, 𝑥) is a kernel function, for

example, a polynomial kernel, a linear kernel, a radial basis
function (RBF) kernel, and so forth. However, since category-
specific nonlinear processing is done by KPCA, SVM with
linear kernel is enough to categorize many scene categories.
Moreover, the computational cost of linear SVM is low
because the decision function is computed by inner product.

5. Proposed Method for Scenes Classification

Most of the remote sensing images have a clear scene, such as
desert, farmland, forest, and coast. So themultisensor remote
sensing images are usually treated as scene images.This paper
is trying to recognize the scenes of 8 different categories:
coast, forest, highway, inside city, mountain, open country,
street, and tall building, and the classifier is trained to identify
an input image to the right scene category. The detailed work
flow of the proposed method is shown in Figure 5.

The quaternion method and the orientation histogram of
Gabor features are used to extract color features and grey
features, respectively. Then they are integrated to form the
descriptor of a patch. Next, we use the 𝑘-means clustering
algorithm to obtain the visual words of a certain category.
After that, KPCA is applied to the visual words to get the
subspace of the category. The descriptors of a test image
then project to the subspaces of all categories to get the
projection length to all categories of the test image. Finally,
mean projection length is computed by (14), and is inputted
into SVM classifier.

6. Evaluation Classification Results

In this paper, we consider three classification situations like
the experiments in [6]: classification into eight categories,

and also classification within the two subsets of natural (four
categories) and man-made (four categories) images. Then
we compare our method with the typical scene classification
method pLSA in [6].

We repeat the experiment six times with varying random
selection of the training and test sets and building the visual
words vocabulary afresh each time. The mean classification
rate of six runs is used as a final result. All parameters are fixed
with the number of visual words 𝐾 = 1500 and the number
of subspace axes 𝑁 = 250. All the experiments are carried
by using Matlab on the same desktop computer with AMD
Athlon(tm) II X2 3.0G CPU.

Figure 6 illustrates the results of comparing our classifi-
cation method with the typical scene classification methods
in [6]. We compare our classification results for four natural
categories with the pLSA methods [4]. Figure 6(a) shows
the result of this comparison. We only compare with the
performance when classifying the four natural categories
using unnormalized images and with nonoverlapping 11×11
patch in [6], since this situation in [6] is the closest to our
experimental conditions in this paper. In our experiments, we
use unnormalized images with nonoverlapping 16×16 patch.
From Figure 6(a), we can get that the classification rate of our
method is about 1% better than the performance described in
[6]. From [6], we can find that the size of patch is larger and
that the classification accuracy is lower. In this paper, we use
16 × 16 patch larger than the 11 × 11 patch in [6], and so if
we use 16 × 16 patch to extract features by using the method
in [6], we can get more poor results. In [6], they use color
patches, and they consider the three color components HSV
and obtain a 112 × 3 = 363 dimensional vector. However,
in our experiments, we have a 3 × 8 = 24 dimensional grey
feature vector and a 16 × 16 = 256 dimensional color feature
vector. So the total dimension of the descriptor for each patch
is 24+256 = 280. As we all know, the computational cost will
increase when the feature dimensions increase. Our method
is superior to pLSA in computational cost and computation
speed. To sum up, our method outperforms the method
proposed in [6] in this situation.

In the following, we investigate the impact of color
information for scene classification. Figure 6(b) shows the
results when classifying the images of scenes with color
patches and grey patches.The performance when using color
patches is nearly 5%-6% better than that when using grey
patches. Color information is an important factor in scene
classification. Here, the color patch means fusing QSVD
features andGabor features; the grey patchmeans only Gabor
features.

The comparative results of our method and pLSA pro-
posed in [6] are illustrated in Table 1, where we can get that
our method outperforms the pLSA method in classification
accuracy and feature dimensions by using grey patches. For
color patches, in [6] Bosch et al. eventually adopted the Color
SIFT four Concentric Circles (C4CC) patch. The feature
dimension of the C4CC patch is 3 × 4 × 128 = 1536, so the
total dimension of features which are used to build the visual
words vocabulary with the OT8 dataset is 1536 × 240 × 961

(1536 is the feature dimensions 240 = 30 × 8, where 30 is the
number of images for building visual words for each category
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Figure 5: Detailed description of the proposed method for scenes classification.
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Figure 6: Results of proposed method in this paper. (a) Result of comparison to pLSA method; (b) performance when classifying natural,
man-made, and all categories using different patches and features (color patch: QSVD features + gabor features; Grey patch: Gabor features).

Table 1: Comparative results of our method and pLSA.

Method
Gray patch Color patch

Classification
accuracy (%)

Feature
dimension

Classification
accuracy (%)

Feature
dimension

Average execution time for each
image (in sec)

Our method 73.62 24 78.93 280 3.06
pLSA 71.51 121 86.65 1536 7.22
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and 8 is the number of categories; 961 is the number of patches
in each image). When using single-precision floating-point
integer to represent each feature dimension, it will totally
take more than 2.5G of memory to store the matrix used to
build visual words. Therefore, this method will spend a lot of
time in feature extraction, clustering, and quantification.The
average processing time for each image is about 7.22 seconds.
As a comparison, the feature dimension in our method is
24 + 256 = 280, and the total dimension of features used
to build the visual words vocabulary with the OT8 dataset is
280 × 240 × 256. When using single-precision floating-point
integer to represent each feature dimension, it only takes less
than 0.13 G ofmemory to store thematrix used to build visual
words. And the average processing time for each image in our
method is about 3.06 seconds. Our method has an advantage
over the method proposed in [6], regarding the run time,
computation speed, and memory requirements.

Even if [6] has achieved higher classification accuracy
than that of our method by using color patches, our method
is superior to theirs in processing time, feature dimensions
and hardware requirements. In some real-time emergency
response systems, we need to consider the processing time
firstly, then consider the hardware requirements, and finally
consider the accuracy. In real-time emergency response sys-
tems about scene classification, accuracy is not the ultimate
goal, quickly and accurately locating the target is the final
demand. So the feature dimensions should not be too high.
By our method, the feature dimension is lower than Bosch’s
method and processing time is also faster than [6]. Thus our
method can be used in real-time emergency response systems
about scene classification.

7. Conclusions

In this paper, we propose a scene classification method for
color scene images. We use quaternion matrices to represent
the color images and extract color feature by quaternion
singular value decomposition. In this way, we take into
account the direct interchannel effects in the RGB channels
and reduce the dimension of the feature vector. To get the
optimal texture information in time domain and frequency
domain, we use Gabor filter to extract grey features. We also
find the optimal parameters for getting the best classification
accuracy by cross-validation experiments. From the evalua-
tion results, we can observe that our method can classify the
input image to the right category fastly and accurately. This
work can be further extended to classify scene images in some
real-time emergency response systems. In our method, for
building the visual words vocabulary, we adopt the k-means
algorithm, but the calculation of this algorithm is high. In the
future work, we can consider the improvements in clustering
and quantitative technologies to improve the classification
performance.We also will look for better ways to improve the
classification rate.
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Maintenance has gained a great importance as a support function for ensuring aero engine reliability and availability. Cost-
effectiveness and risk control are two basic criteria for accurate maintenance. Given that aero engines have much condition
monitoring data, this paper presents a new condition-based maintenance decision system that employs data fusion for improving
accuracy of reliability evaluation. Bayesian linear model has been applied, so that the performance degradation evaluation of aero
engines could be realized. A reliability evaluation model has been presented based on gamma process, which achieves the accurate
evaluation by information fusion. In reliability evaluationmodel, the shape parameter is estimated by the performance degradation
evaluation result, and the scale parameter is estimated by failure, inspection, and repair information. What is more, with such
reliability evaluation as input variables and by using particle swarm optimization (PSO), a stochastic optimization of maintenance
decision for aircraft engines has been presented, in which the effectiveness and the accuracy are demonstrated by a numerical
example.

1. Introduction

Engines are the heart of an aircraft, whose failures can
effect aircraft safety and lead to heavy economic losses. For
aero engines, the most advanced preventive maintenance
(PM) policy strategies rely on the monitoring of measurable
parameters andmakingmaintenance decisions on the level of
the degradation of the system. Condition-basedmaintenance
(CBM)has beenused for aero engines, which has beenproved
useful in minimizing the cost of maintenance, improving
operational safety, and reducing the quantity and severity of
in-service failures. However, the traditional CBMonly carries
out maintenance tasks that focus on condition monitoring
and diagnostics, which attempts to avoid unnecessary main-
tenance tasks when there is evidence of abnormal behaviors
[1]. In recent years, CBM plus(CBM+), a development of
CBM, has been put forward, which is the application and inte-
gration of appropriate process, technologies, and knowledge-
based capabilities to improve reliability and maintenance
effectiveness [2]. CBM+ can be viewed as cost-effective and
accuratemaintenance, which shows increasing importance in

improving aero engines availability, reducing downtime cost,
and enhancing operation reliability.

The core factors of maintenance decision can be sum-
marized as condition monitoring, reliability evaluation, and
decision optimization. Condition monitoring involves com-
paring online and offline data with expected values. Reli-
ability evaluation and prediction are based on condition
monitoring.

For aero engines, there is little failure data. However,
additional information, including on-board sensor mea-
surements, maintenance histories, and component data, is
available. The goal of CBM+ is to achieve more accurate
maintenance. In order to achieve accurate maintenance, data
fusion techniques are suggested. Thus, it is beneficial to put
event data and condition monitoring data together. This
combined data analysis can be accomplished by building a
mathematical model that properly describes the underlying
mechanism of a fault or a failure.

Applying fusion techniques in CBM has been receiving
increasing attention. Niu et al. [3] employed data fusion strat-
egy for improving condition monitoring, health assessment,
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and prognostics. A time-dependent proportional hazards
model (PHM), which is a popular model in survival analysis,
is suitable for analyzing both event and conditionmonitoring
data. Jardine et al. [4] proposed using Weibull PHM to
analyze the aircraft and marine engine failure data together
with themetal concentrationmeasurements of the engine oil.
An extension of PHM is the proportional intensity model
(PIM), which adopts a stochastic process and assumes a
similar form to intensity function of the stochastic process.
Vlok et al. [5] studied the application of PIM to analyze failure
and diagnostic measurement data from bearings. Hidden
Markov model (HMM) is another appropriate model for
analyzing event and condition monitoring together. Bunks et
al. [6] applied an HMM to analyze the Westland helicopter
data which consists of gearbox fault class information and
vibration measurements with different faults. Dong and He
[7] proposed a more general model, hidden semi-Markov
model, for analyzing pump experimental data in pump
diagnostics and prognostics. Lin and Makis [8] proposed a
partially observable stochastic model to describe the under-
lying failure mechanism of a system undergoing condition
monitoring. Other models that appeared in the literature
and that can be used to analyze both event and condition
monitoring data are models using delay-time concept and
stochastic process [9].

Maintenance decision actually is a problem of optimiza-
tion [10]. Because of high safety demand for aero engines,
the uncertainties must be taken into consideration. Given
the cost of the monitoring and inspection, the uncertainties
in the reliability evaluation and maintenance decision can
be reduced by condition monitoring and inspection, but
such uncertainties still exist. So when making maintenance
decisions, one must pay enough attention to these uncertain-
ties. The problem of uncertainties in maintenance decision
has drawn attention in the field of reliability engineering.
In consideration of parametric uncertainty and analyzing
the uncertainties on the maintenance optimization, a mixed
integer nonlinear optimization model had been proposed
[11]. Aven and Castro [12] proposed aminimal repair replace-
ment model with two types of failure and a safety constraint.
Vatn and Aven [13] presented a framework for how to carry
out the maintenance optimization in a practical decision
making, which took the uncertainties into account. Sanchez
et al. [14] addressed the problem of testing and maintenance
optimization based on unavailability and cost criteria and
considered epistemic uncertainty in the imperfect mainte-
nance modeling.

The complexity of maintenance decision on aero engines
can be described as follows.

First, there is degradation failure as well as sudden failure
in aero engines, and they interact with each other.

Second, aero engines have little failure data and much
condition monitoring information. The reliability evaluation
can only be realized by drawing valuable reliability informa-
tion from condition monitoring information.

Third, there are randomness and noise in the condition
monitoring information. The utilization of condition mon-
itoring information determines the accuracy of reliability
evaluation.

Forth, the reliability variation of aero engines is stochas-
tic, which added the difficulty for maintenance optimization.

The paper develops a new maintenance decision model
that integrates data fusion. The remaining parts of the paper
are organized as follows. Section 2 presents the framework of
maintenance decision for aero engines based on information
fusion. Section 3 gives a reliability evaluationmodel based on
information fusion for aero engines. Section 4 puts forward a
maintenance decision model for aero engines. In Section 5, a
numerical example is provided to demonstrate the effective-
ness and accuracy of the method. Finally, some concluding
remarks are made.

2. The Framework of Maintenance
Decision for Aero Engines Based on
Information Fusion

The paper intends to combine recent research results con-
cerning maintenance decision with reliability evaluation
based on information and to propose the maintenance deci-
sion methods based on information fusion for aero engines.
Its characteristics are reflected in the following aspects. First,
it takes into account both the characteristics of information
and failuremechanismand establishes the information fusion
model, respectively, for condition monitoring information
and event information. Second, the reliability evaluation
model is based on gamma stochastic process, which utilizes
condition monitoring information and event information
together by shape and scale parameters estimation. Third,
considering the uncertainties and cost optimization, the
maintenance decision model is presented. The modeling
process is shown in Figure 1.

3. Reliability Evaluation Model Based on Data
Fusion for Aero Engines

3.1. Reliability-Related Information of Aero Engines. The
condition monitoring parameters of aero engines can be
described as follows.

(a) Gas path monitoring parameters. The key of aero
engines is the gas path system, which consists of air
compressor, combustor and turbine, and so forth.
Gas path measurement consists of some subsets of
interstage pressures and temperatures, spool speeds,
and fuel flow. The key parameters of gas path mea-
surements include exhaust gas temperature (EGT)
and fuel flow (FF).

(b) Oil monitoring parameters. Oil monitoring param-
eters consist of various oil system temperatures,
pressures, fuel temperature, and delivery pressure.
Oil measurements are the auxiliary instruments for
aero engines, which can be used for monitoring
components of lubrication system and its sealing.
The key parameters of oil measurements include oil
pressure (OP), oil temperature, and oil consumption
rate (OCP).



Mathematical Problems in Engineering 3

BLM for
monitoring

information fusion

Shape function of
gamma process

Scale parameter of
gamma process

Gamma process for
reliability evaluation

of aircraft engines

Maintenance
optimization by PSO
for aircraft engines

Inspection interval
and threshold of
aircraft engines

Event data
Condition
monitoring
information

Maintenance
optimization for

reducing uncertainty

Bayes data fusion for
longitudinal and
multisource data

Inspection and
condition monitoring

information

Figure 1:Theflowdiagramofmaintenance decision for aero engines
based on information fusion.

(c) Vibration measurements. High and low spools of
aero engines are composed of blades, plates, axis,
and bearings. There are some vibration signals while
wear and damage occur during rotation. The key
parameters of vibration measurements include low
pressure vibration (LPV) and high pressure vibration
(HPV).

The performance degradation is usually reflected on the
change of condition monitoring parameters. For example, if
EGT exceeds the standard, FF and OCP will increase, or high
pressure rotor speed deviation (HPRSD) will occur, and a
conclusion can be drawn that the aero engine is deteriorating.

Event data includes failure data and maintenance data.
If there is enough failure data in event data, reliability can
be evaluated directly. If not, event data can be used as
prior information to support reliability evaluation. Similarly,
knowledge of past maintenance and failure may be also used
to aid in reliability evaluation.

3.2. Performance Degradation Evaluation Based on Condition
Monitoring Information Fusion. The performance degrada-
tion for aero engines is described by condition monitoring
data. Bayesian linear model (BLM) is proposed for fusing
conditionmonitoring data tomaximize the amount of mean-
ing information.The advantages of BLM can be concluded as
follows.

First, BLM can show the randomness of condition moni-
toring parameters and degradation degree variable.

Second, with BLM, the relevance can be considered to
reduce the repetitive data.

Third, BLM can fuse data of different time by its learning
function.

Last, with BLM, noise parameters can be designed to
describe the uncertainty of measurement parameters.

Assuming that the performance degradation of aero
engines can be described by performance monitoring matrix
X = [X

1
,X
2
, . . . ,X

𝑘
], where 𝑘 is the number of monitoring

parameters,X
𝑘
is columnmatrix of 𝑛 row, and 𝑛 ismonitoring

number, the relation between performance degradation and
monitoring parameters can be expressed by the following
stochastic equation. Since there are some errors in most of
monitoring parameters of aero engines, 𝑒 is introduced to
express a monitoring error:

Y = X𝜃 + e,

e ∼ 𝑁(0, 𝜎
2
) ,

(1)

where

Y =

[
[
[
[

[

𝑦
1

𝑦
2

...
𝑦
𝑛

]
]
]
]

]

, 𝜃 =

[
[
[
[

[

𝜃
1

𝜃
2

...
𝜃
𝑛

]
]
]
]

]

, e =
[
[
[
[

[

𝑒
1

𝑒
2

...
𝑒
𝑛

]
]
]
]

]

. (2)

e
𝑖
is independent and assumed to obey normal distribution

𝑁(0, 𝜎
2
) and 𝜎

2 is known.
The mean E(𝜃) and the covariance matrix C(𝜃) of �̂� can

be computed by monitoring parameters and performance
deterioration data according to (1).

For 𝜃, the priormean can be converted to posteriormean,
given the observation matrix X Bayes mean square error
matrix (M

𝜃
) can be minimized by choosing ratio, which can

be expressed as follows:

M
�̂�
= 𝐸 [(𝜃 − �̂�) (𝜃 − �̂�)

𝑇

] . (3)

The estimator of linear minimum mean square error
(LMMSE) can be got by (3).

In general, it is assumed that the monitoring parameters
of aero engines obey inverse-Gauss distribution. The values
of E(𝜃) and C(𝜃) can be learned by monitoring parameters of
aero engines, which can be expressed as follows:

E (𝜃 | 𝑥, 𝑦) = 𝜇
𝜃
+ C (𝜃)𝑋

𝑇
(XC (𝜃)X𝑇 + C

𝑒
)
−1

(𝑦 − X𝜇
𝜃
) ,

C (𝜃 | 𝑥, 𝑦) = C (𝜃) − C (𝜃)X𝑇(XC (𝜃)X𝑇 + C
𝑒
)
−1

XC (𝜃) .

(4)

By applying (4) repeatedly, the monitoring data can be fused.
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3.3. Reliability Modeling of Aero Engines

3.3.1. Reliability Model of Aero Engines Based on Information
Fusion. Failuremodes of aero engines are generally classified
into two types. One is catastrophic failures, in which aero
engines break down as a result of some sudden external
shocks; and the other is degradation failures, in which
aero engines fail to function due to physical deterioration.
Catastrophic failures and degradation failures are competing
failures, both of which can influence reliability. In reality,
catastrophic failures rarely happen. Only some information
related to catastrophic failures can be gathered during inspec-
tion and repairing. In addition, there are interactions between
catastrophic and degradation failures. On one hand, the
degradation path of aero engines can be changed by catas-
trophic ones. On the other, the probability of catastrophic
failures can be increased by degradation failures. Stochastic
process shows the above reliability characteristics of aero
engines. Gamma stochastic process is selected to describe
reliability change of aero engines.

The gamma process with shape function 𝛼(𝑡) > 0 and
scale parameter 𝛽 > 0 is a continuous-time stochastic
process. {𝑌(𝑡), 𝑡 ≥ 0} has the following properties:

(i) 𝑌(0) = 0;
(ii) 𝑌(𝜏) − 𝑌(𝑡) ∼ 𝐺𝑎(𝛼(𝜏) − 𝛼(𝑡), 𝛽), for all 𝜏 > 𝑡 ≥ 0;
(iii) 𝑌(𝑡) has independent increments.

The scale parameter is the measurement of intrinsic
lifetime of aero engines, which shows that the catastrophic
failure has effect on reliability. In general, scale parameter
is invariable in one performance monitoring process. The
event information can be used to estimate scale parameter.
Shape function is changedwith the performance degradation,
which can be estimated according to the performance degra-
dation result by using the method described in Section 3.2.

So, the event information and condition monitoring
information can be fused by estimating shape function and
scale parameter in gamma process.

The density function of degradation failures can be
expressed as follows:

𝑓
𝑔
(𝑦, 𝛼 (𝑡) , 𝛽) =

𝛽
𝛼(𝑡)

Γ (𝛼 (𝑡))
𝑦
𝛼(𝑡)−1

𝑒
−𝛽𝑦

, (5)

where Γ is the gamma function given by Γ(𝛼) = ∫
∞

0
𝑡
𝛼−1

𝑒
−𝑡
𝑑𝑡.

Let shape parameter be proportional to expected degra-
dation degree and time power, that is,

𝛼 (𝑡) = 𝑘𝑡
V
. (6)

Further, (5) can be transformed as follows:

𝑓 (𝑦, 𝛼 (𝑡) , 𝛽) =
𝜆
𝛽𝑡

]

Γ (𝑘𝑡])
𝑥
𝑘𝑡

V
−1
𝑒
−𝛽𝑦

. (7)

Based on the theory of system reliability, the reliability for
degradation failures can be depicted as follows:

𝑅 (𝑡) = 𝑃 {𝑇 > 𝑡} ⇒ 𝑃 {𝑦 (𝑡) < 𝜉} , (8)

where 𝜉 is the failure threshold for performance degradation
of an aero engine.The degradation failure threshold indicates
that the failure will be more possible when the degradation
degree goes above the threshold. In the paper, the failure
threshold is set as 0.2 on degradation degree deviation, the
reasons are as follows.

First, degradation degree is the fusion of condition
monitoring parameters. In the aero enginesmanagement, the
deviation exceeding 20% of normal monitoring parameter is
seen as abnormal.

Second, considering the relationship between perfor-
mance degradation reliability and performance degradation
degree, the degradation degree is set as 0.2. And the risk can
be controlled.

Then, the reliability evaluation for performance degrada-
tion of an aero engine can be depicted as follows:

𝑅 (𝑡) = ∫

𝜀

0

𝑓
𝑤
(𝑦) 𝑑𝑦 = ∫

𝜀

0

𝜆
𝑘𝑡

]

Γ (𝑘𝑡])
𝑥
𝑘𝑡

V
−1
𝑒
−𝛽𝑦

𝑑𝑦. (9)

3.3.2.The Estimation of Shape Parameter and Scale Parameter.
It is easy to estimate shape parameter, which is the function of
performance degradation degree and monitoring time. 𝛼(𝑡)
can be estimated by taking logarithms for (6) and using linear
regression method.

Because the aero engine is high reliable system, there
are rare sudden failures. The presented method put more
emphasis on the influence of sudden failure on reliability
than the prediction of sudden failure. The prior information
is used to express scale parameter, which reflects that the
sudden failure has effect on reliability. So, the reliability can
be calculated according to the effect of sudden failure.

The catastrophic failure reliability evaluation can be
transformed to estimate scale parameter 𝛽. It is assumed that
the scale parameter 𝛽 has a conjugate gamma prior, that is,

𝜋 (𝛽 | 𝑐, 𝑑) =
{

{

{

𝑑
𝑐

Γ (𝑐)
𝛽
𝑐−1

𝑒
−𝑑𝛽

, if 𝛽 > 0,

0, if 𝛽 ≤ 0.

(10)

The prior mean and variance of 𝛽 can be shown, respec-
tively, as follows:

𝐸 (𝛽) =
𝑐

𝑑
,

𝜎
2
(𝛽) =

𝑐

𝑑2
.

(11)

In the observed sample {(𝑡
1
, 𝑛
1
), (𝑡
2
, 𝑛
2
), . . . , (𝑡

𝑚
, 𝑛
𝑚
)}, 𝑡
𝑖

is the happening time of catastrophic failure and 𝑛
𝑖
is the

number of catastrophic failure. Given the data and hyperpa-
rameters 𝑐 and 𝑑, posterior estimation of 𝛽 can be found as
follows:

𝐸 (𝛽

) =

𝑐 + ∑
𝑚

𝑖=1
𝑡
𝑖

𝑑 + ∑
𝑚

𝑖=1
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,

𝜎
2
(𝛽
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𝑐 + ∑
𝑚

𝑖=1
𝑡
𝑖

(𝑑 + ∑
𝑚

𝑖=1
𝑚
𝑖
)
2
.

(12)
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Hyperparameters 𝑐 and 𝑑 cannot be estimated directly. If
themean and variance of reliable lifetime 𝑡

𝑅0
can be estimated

by using prior inspection and maintenance information
under predetermined reliability, 𝛽 can be estimated by (13)

𝛽 = [
𝑡
𝑅0

ln (1/𝑅
0
)
1/𝑟

]

1/𝑟

. (13)

If 𝛽 is known, 𝑐 and 𝑑 can be estimated by (11) The
posterior mean and variance of 𝛽 can be calculated by (12).

4. Maintenance Decision for Aero Engines

4.1. Maintenance Decision Description for Aero Engines. An
aero engine is assumed to be a partially observable system
with gradually stochastically deterioration and sudden fail-
ure.

General assumptions on aero engines are as follows.

(i) It is considered that at time 𝑡, the reliability of aero
engines can be expressed by 𝑅(𝑡).

(ii) When no action, such as repair or inspection, takes
place, 𝑅(𝑡) is monotonic decreasing.

(iii) The aero engine is said to be “failed” if the 𝑅(𝑡) is
below a given reliability threshold𝑅. It means that the
aero engine is no longer able to fulfill its functions in
acceptable conditions, even if the aero engine is still
functioning.

(iv) To get more information on the deterioration level of
an aero engine and in order to be able to detect fail-
ures, the aero engine is perfectly monitored through
periodic inspections. The aero engine is said to be
“inspected” if the 𝑅(𝑡) is below a given inspection
reliability threshold𝑅

𝐼
.The time between two inspec-

tions, denoted by Δ𝑡, is called interinspection time.

It is deserving that the assumptions for aero engines can
be used in othermethods. In fact, complex repairable systems
all follow the listed assumption in performance degradation
process.

In engineering, the inspection can get more information
by lubricating oil consumption, endoscope detection, mag-
netic blocking inspection, and so forth. Maintenance can be
used as a tool for renewing reliability, which includes removal
and shop visit. By inspection andmaintenance, the condition
of aero engines can be obtained, which can be used to give
prior information of reliability evaluation.

Themaintenance policy is driven by the knowledge of the
aero engine state after inspection. At every inspection time,
(𝑇
𝑛
)
𝑛∈𝑁

, 𝑇
0
= 0, two decisions have to be made.

(i) Determine whether the aero engine should be
repaired preventively, or whether the aero engine
should be left as it is.

(ii) Determine the next inspection.

The following maintenance decision rule is adopted.

(i) If 𝑅 < 𝑅(𝑡) ≤ 𝑅
𝐼
, the aero engine is still functioning,

but deterioration accelerates, and then an inspection
is performed and an inspection cost 𝐶

𝑝
is incurred. If

a maintenance action is taken, the reliability growth
of the aero engine can be achieved.

(ii) If 𝑅
𝐼
≤ 𝑅(𝑡), then the aero engine is unchanged.

In the above two cases, Δ𝑇
𝑛
is chosen by

Δ𝑇
𝑛
= 𝑚 (𝑅 (𝑡)) . (14)

𝑚(⋅) is interinspection time and inspection scheduling
function.Δ𝑇

𝑛
is inter-inspection time between inspection 𝑖th

and (𝑖 + 1)th.
Then, the time of the next scheduled inspection is

𝑇
𝑛+1

= 𝑇
𝑛
+ Δ𝑇
𝑛
. (15)

4.2. Maintenance DecisionModel for Aircraft Engines. Within
the maintenance structure, the two decision variables, the
inspection threshold 𝑅

𝐼
and inspection scheduling function

𝑚(⋅), are optimized in order to minimize the maintenance
cost. 𝑅

𝐼
is the function of 𝜉

𝐼
(the performance degradation

threshold). For the model, the optimization procedure aims
at finding a couple (𝜉

𝐼
, 𝑚), on an infinite horizon, the cost of

inspections, and 𝜉
𝐼
balances the cost caused by failures and

unavailability. A mathematical model of this maintenance
decision and its associated cost is developed as follows.

The objective is to minimize the long run maintenance
cost of time, which can be defined as

𝐸𝐶
∞

=
1

Δ𝑡
(𝑐
𝑖
𝑃
𝑖
+ 𝑐
𝑝
𝑃
𝑝
+ 𝑐
𝑐
𝑃
𝑐
+ 𝑐
𝑑
𝑃
𝑑
) , (16)

where 𝑐
𝑑
is the cost of “inactivity of the system” per unit

of time, 𝑐
𝑖
is the cost of per inspection, 𝑐

𝑝
is the cost of

preventive maintenance (PM), and 𝑐
𝑐
is the cost of per

corrective maintenance (CM). 𝑃
𝑖
, 𝑃
𝑝
, 𝑃
𝑐
are the probability

at steady state to have inspection, a preventive or a corrective
replacement, respectively, during a unit time length Δ𝑡. 𝑃

𝑑

is the probability at steady state for the system to be in the
operating state during Δ𝑡.

The computation of the probabilities in the right hand
in (16) requires the knowledge of the stationary probability
density function of the system evolution under the given
decision. Let 𝑓 be the stationary probability density function
of the maintained aero engine state. Denoted by 𝐼 the
event corresponds to an inspection by 𝐼 its complement.
Conditioning the probability density 𝑓 and applying the law
of total probability leads to

𝑓 (𝑥) = 𝑓
1 (𝑥) + 𝑓

2 (𝑥) , (17)

where 𝑓
1
(𝑥) = 𝑓(𝑥 | 𝐼)𝑃(𝐼) and 𝑓

2
(𝑥) = 𝑓(𝑥 | 𝐼)𝑃(𝐼).

𝑓
1
(𝑥) is the stationary density function of the system state

being equal to 𝑥, and an inspection is scheduled.
𝑓
2
(𝑥) is the stationary density function of the system state

being equal to 𝑥, and no inspection is scheduled.



6 Mathematical Problems in Engineering

The probabilities 𝑃
𝑖
, 𝑃
𝑝
, 𝑃
𝑐
, and 𝑃

𝑑
are, respectively, given

by

𝑃
𝑖
= ∫

𝜉

0

𝑓
1 (𝑥) 𝑑𝑥,

𝑃
𝑝
= ∫

𝐿

𝜉

𝑓
1 (𝑥) 𝑑𝑥,

𝑃
𝑐
= ∫

+∞

𝐿

𝑓 (𝑥) 𝑑𝑥,

𝑃
𝑝
= ∫

𝜉

0

𝑓 (𝑥) 𝑑𝑥.

(18)

Then (16) can be expressed as follows:

𝐸𝐶
∞
(𝜉
1
, 𝜉
2
, . . . , 𝜉

𝑁
)

=
1

Δ𝑡
(𝑐
𝑖
∫

𝜉

0

𝑓
1 (𝑥) 𝑑𝑥 + 𝑐

𝑝
∫

𝐿

𝜉

𝑓
1 (𝑥) 𝑑𝑥

+𝑐
𝑐
∫

+∞

𝐿

𝑓 (𝑥) 𝑑𝑥 + 𝑐
𝑑
∫

𝜉

0

𝑓 (𝑥) 𝑑𝑥) .

(19)

4.3. Maintenance Optimization by Partial Swarm Optimiza-
tion for Aero Engines. The partial swarm optimization (PSO)
is a stochastic global optimization method originally pro-
posed by Eberhart and Kennedy in 1995 [15], which is based
on social behavior simulation. PSO is similar to evolutionary
computation techniques in that a population of potential
solutions to the problem under consideration is used to
probe the search space. However, in PSO, each individual of
the population has an adaptable velocity (position change),
according to which it moves in the search space. Moreover,
each individual has amemory, remembering the best position
of the search space it has ever visited. Thus, its movement is
an aggregated acceleration towards its best previously visited
position and towards the best individual of a topological
neighborhood. Since the term “acceleration” wasmainly used
for partial systems in Particle Physics, the pioneers of this
technique decided to use the termparticle for each individual,
and the name swarm for the population, which comes upwith
the name Particle Swarm for their algorithm [15]. The PSO
has the advantages of easy understanding, simple operation,
and rapid searching. A typical PSO generates an initial
population randomly. Two factors including position and
velocity characterize a particle status in a search space, as
follows:

Vnew
𝑖

= 𝜔 × V
𝑖
+ 𝑐
1
× rand

1
× (P
𝑖
− 𝑍
𝑖
)

+ 𝑐
2
× rand

2
× (P
𝑔
− 𝑍
𝑖
)𝑍

new
𝑖

= 𝑍
𝑖
+ 𝑉

new
𝑖

,

(20)

whereVnew
𝑖

andV
𝑖
represent the updated velocity and current

velocity vector in a search for the 𝑖th particle, 𝑍
𝑖
represents

the current position vector in a search space; P
𝑖
and P

𝑔

are currently the particle best solution and global solution;

P
𝑖
− 𝑍
𝑖
reveals the distance between P

𝑖
and 𝑍

𝑖
; and P

𝑔
−

𝑍
𝑖
is the distance between P

𝑔
and 𝑍

𝑖
; rand1 and rand2 are

two random functions with a range [0, 1]. 𝑐
1
and 𝑐

2
are

positive constant parameters called acceleration coefficients
controlling the movement steps of particles. 𝑍new

𝑖
and 𝑍

𝑖

represent the updated position and current position of the
𝑖th particles. The 𝜔 is an inertia weight and controls, with
𝑐
1
and 𝑐
2
, the effect of previous values of particles velocity

on next one. The update procedure consecutively iterates
until a predetermined terminal condition is reached.The best
solution is thereby obtained.

The steps of maintenance optimization by PSO for aero
engines can be described as follows.

Step 1 (establish the superior initial particle population).
Randomly generate inspection and maintenance periods.
Accordingly, the initial particle population can be established.

Step 2 (determine the current local and global optimums).
For each particle, select the particle with the lowest mainte-
nance cost in previous iterations as a current local optimum.
Then, select the particle with the lowest maintenance cost
from previous iterations as the current global optimum.

Step 3 (update the current velocity and position of particles).
For each particle, one can derive the updated velocity given
parameter values of 𝜔, 𝑐

1
, and 𝑐

2
by putting the current

velocity, current particle position, local optimum; and global
optimum,the updated particle position is then determined by
putting the updated velocity and current particle position.
Furthermore, the elitist conservative strategy is applied, so
that the best particle in the course of iterations is conserved
to guide the search of other particles during each iteration.

Step 4 (get the maintenance optimization result). Terminate
the PSO and output optimized maintenance periods of
aero engines when the total number of iterations passes a
predetermined value or when fitness does not increase in
continuously maximum iterations.

Step 5 (adaptive maintenance optimization). After the
inspection, more information can be obtained to describe the
reliability of aero engines, and then the inspection and repair
can be adaptively adjusted. Uncertainty about the parameters
of reliability is described by prior distribution, and the
existing distribution is updated by using Bayesian method.
For shape parameter 𝛼(𝑡), BLM can be used for parameter
learning. For the scale parameter 𝛽, the parameter can be
updated by applying Bayesian methods using inspection,
repair, and failure information.Then, the parameter about the
uncertainties can be reduced to some extent. The change of
performance degradation path and failure law can be found
through shape and scale parameters learning. If there are
no virtual changes, the maintenance decision can be seen as
realistic. If there are some changes, the maintenance decision
should be adjusted and Steps 1 to 4 should be repeated.
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Table 1: Key performance monitoring parameters for some aero engines.

NO DEGT DWF DOP DHPRS DLPRV DHPRV TSI (FH) PDD
1 7.51 2.54 1.89 −7.27 1.06 0.32 4055 0.1192
2 −4.74 3.52 1.92 −5.16 0.52 0.55 7095 0.0459
3 −0.03 2.03 1.19 −8.33 0.57 0.37 7801 0.0378
4 8.04 5.16 1.69 −7.74 0.24 0.57 3331 0.1176
5 7.77 7.80 2.12 −6.81 0.86 0.46 3832 0.1308
...

...
...

...
...

...
...

...
...

31 22.69 7.58 2.12 −1.07 0.64 0.99 1055 0.2000
32 4.23 4.83 1.96 −58.92 0.17 0.62 3397 0.0996
33 14.28 5.25 1.63 −2.03 0.78 0.94 1422 0.1572
34 11.38 3.14 1.63 4.19 0.23 0.74 1830 0.1465
35 8.24 3.17 2.18 9.78 1.05 0.76 1954 0.1185

Table 2: Key performance monitoring parameters for one aero engine.

NO DEGT DWF DOP DHPRS DLPRV DHPRV TSI (FH)
1 −4.5379 5.3806 1.7040 0.2000 1.0000 −4.5379 161
2 −3.5419 5.3720 1.8987 0.2080 1.0164 −3.5419 210
3 5.4312 5.7129 2.0777 0.1320 0.9238 5.4312 528
4 10.3950 5.9406 2.2084 0.0990 0.9303 10.3950 619
5 10.7172 5.9749 1.9809 0.1299 0.9964 10.7172 871
...

...
...

...
...

...
...

...
20 9.4043 6.2813 2.2450 1.0450 1.1325 9.4043 3998
21 8.2111 6.3240 2.1250 1.0939 1.1693 8.2111 4213
22 11.7701 6.4844 2.1064 1.0691 1.1255 11.7701 4428
23 9.8428 6.2183 2.0891 0.9079 1.1342 9.8428 4644
24 3.3712 5.4088 2.0831 0.6547 1.1284 3.3712 4851

5. Examples

Table 1 shows 35 samples of repaired or replaced engines.
There are six parameters that have beenmonitored, which are
the deviation exhaust gas temperature (DEGT), the deviation
of fuel flow (DWF), the deviation of oil pressure (DOP),
the deviation of high pressure rotor speed (DHPRS), the
deviation of the low pressure rotor vibration value (DLPRV),
and the deviation of high-pressure rotor vibration value
(DHPRV). From the beginning of the monitoring moment,
the engines’ time since installation (TSI) can be obtained.
From the data of Table 1, the relationship between the various
monitoring parameters can be extracted and be used as the
basis for information fusion. Table 2 shows six monitoring
parameters and TSI of one aero engine for 24 months. The
data is collected every month.

Figure 2 shows performance deviation for some aircraft
engine based on multiparameters monitoring. Based on
the monitoring parameters from Table 1, the relationship
between PDD and performance monitoring parameters
can be obtained by using the algorithm proposed in
Section 3.1. The vector fused monitoring parameter is 𝜃 =

[−0.0103, 0.1795, 0.0016, 0.0318, 0.0152, −0.0158, 0.0156]
𝑇.

The estimated values of performance degradation through
fusion and values of actual performance degradation are

compared in Figure 3. Figure 3 shows that the PDDpredictive
value corresponded to the real value, which demonstrates
the accuracy of BLM. In Figure 3, the real performance
degradation degree (PDD) is not the data collected directly,
instead obtained through Monte-Carlo simulation method,
in the case of a given reliability of 90%, and in accordance
with the case that its performance degradation meets gamma
random process.

Comparing Figure 3 with Figure 2, we can conclude the
following.

(i) BLM can actually represent more parameters of mon-
itoring information, which reflects the advantages of
information fusion.

(ii) The predictive value corresponds to the real value,
which shows the accuracy of BLM.

With the calculation of 𝜃 as an input variable, together
with the monitoring parameters in Table 2, the performance
degradation degree can be predicted for monitoring aero
engines by (4). Using the consecutive monitoring data in
Table 2, the shape parameter 𝛼(𝑡) of gamma process can
be estimated according to (6). 𝛼(𝑡) > 1 shows that the
aero engine is the performance degradation. Figure 4 shows
the relationship 𝛼 and 𝑅(𝑡) in the performance degradation
process, while 𝛽 is constant.
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Figure 2: Performance deviation for some aircraft engine based on
multiparameters monitoring.
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Figure 3: The difference of performance degradation between real
value and predictive value.

In fact, there is no inspection and repair information
about the new aero engines. The scale parameter 𝛽 can
be estimated by analyzing design parameters and running
condition as prior information. The prior value of sudden
failures can be determined as 𝐸(𝑅

2500
) = 0.965, and 𝐸(𝛽) can

be computed by (11). The posterior mean and variance of 𝛽
can be computed by (12).

Figure 5 shows the relationship 𝛽 and 𝑅(𝑡), while 𝛼 is
constant.

Take the estimation of �̂�(𝑡) and 𝛽 in (18), 𝑃
𝑖
, 𝑃
𝑝
, 𝑃
𝑐
, and

𝑃
𝑑
can be calculated respectively. The difference between

𝑓
1
(𝑥) and 𝑓

2
(𝑥) is the scale parameter updated by inspection

information.
Take 𝑃

𝑖
, 𝑃
𝑝
, 𝑃
𝑐
, and 𝑃

𝑑
in (19), which is the optimization

function of maintenance decision for aero engines. In (19),
𝐶
𝑑

= 10 thousand dollar, 𝐶
𝑖
= 50 thousand dollar, 𝐶

𝑝
=

200 thousand dollar, 𝐶
𝑐

= 500 thousand dollar, and the
optimization time span is 10000FH.
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Figure 4: The relationship 𝛼 and 𝑅(𝑡) in the performance degrada-
tion process.
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Figure 5: The relationship between 𝛽 and 𝑅(𝑡).

The PSO for maintenance decision optimization is then
applied under an initial population of 30 particles. Six exper-
iments have been made. Learning factor 𝐶

1
is 1.2, learning

factor 𝐶
2
is 1.2, and inertia weight 𝜔 is from 0.3 to 0.8. The

stopping criterion is the number of iterations equal to 1000.
When the iteration time is 520, themaintenance cost has been
optimizedThemaintenance optimization by PSO is shown as
Figure 6.

The optimization results of maintenance decision for
aero engines by PSO are shows in Table 3. There are two
inspections and one repair during 10000FH.

In engineering, the inspection and maintenance can
be made by condition-based decision in engineering. In
reliability management of aero engines, single parameter and
multi-parameter can be used for monitoring condition. In
single parameter method, DEGT exceeding 20% can be seen
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Figure 6: The maintenance optimization by PSO.

Table 3: The maintenance optimization results.

No. Action Inspection threshold 𝑡 𝑅

1 Inspection 0.1615 3908 0.9415
2 Repair — 5709 0.9029
3 Inspection 0.1428 8962 0.9407

Table 4: The maintenance decision in engineering.

No. Action 𝑡

1 Inspection 4102
2 Repair 5521
3 Inspection 8735
4 Repair 9679

as inspection or maintenance criterion. DEGT and DWF
are used for multiparameter monitoring; the multiparameter
expression is 0.75 × DEGT + 0.25 × 𝜃 × DWF, which, if
exceeding 20%, can be seen as inspection or maintenance
criterion. It is deserving that DEGT and DWF are used to
express normalization value. 𝜃 is different from category of
aero engines. In the paper, the value of 𝜃 is 9.Multiparameters
method is used for comparison in the paper; the results
are shown in Table 4. By comparison, the maintenance
decision can be optimized by reducing time of inspection and
maintenance.The objective of reducingmaintenance cost has
been realized under the premise of controlling risk.

6. Conclusions

In this paper, a novel maintenance decision method based
on information fusion is presented. The characteristics can
be summed up as follows. First, the performance degra-
dation degree of aero engines is calculated through fusing
condition monitoring information based on BLM. Second,
the reliability evaluation of aero engines is built on gamma
stochastic process, which fuses the performance degradation

degree results and event information by shape and scale
parameter estimation. Third, the maintenance optimization
for aero engines based on real-time reliability evaluation is
developed, and the objective of reducing maintenance cost
and risk is realized through the optimization of performance
degradation threshold and maintenance interval.
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