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Image sensing is generally performed with multiple spectral
sensors. For example, combination of three sensors (red,
green, and blue) is used for color image reproduction, and
electrooptical and infrared sensors are used for surveillance
and satellite imaging, respectively. The resolution of each
sensor can be intensified by taking the other sensors into
account and applying correlations between different sensors.
There are various successful applications of image enlarge-
ment using multiple sensors and even multimodal sensors.
However, there still are several open issues in sensor process-
ing which can be explained by signal processing-based image
enlargement using redundancy among the sensors.

The articles contained in the present issue include
both reviews and basic scientific studies focused on image
enlargement using multiple spectral sensors to improve
image quality. This issue comprises the description of image
enlargement methodologies which uses embedded system,
signal processing (audio and feature extraction), denoising,
regularization for error minimizing, super resolution, and
artificial enhancement such as neural network.

Pulse coupled neural network (PCNN) has been widely
used in image processing. The 3D binary map series (BMS)
generated by PCNN can be treated as the basis of extracting
1D oscillation time series (OTS) for an image, since they
effectively describe image features such as edges and regional
distribution.

However, the traditional methods using BMS require
improvements for being effectively applied in some specific

field of image processing such as face recognition. The
contribution by R. Nie et al. “Facial Feature Extraction Using
Frequency Map Series in PCNN” computed 2D entropy for
every map in frequency map series (FMS) obtained from
BMS, and then 3D FMS was transformed into 1D OTS (OTS-
FMS). The authors proved that OTS-FMS feature has good
geometry invariance for the facial image and contains the
space structure information of the image.

The face shape model is used together with the scope of
detection and recognition for many applications; however,
there are still some imitations in the current state of the art
solutions especially for the aspects related to feature detection
and tracking. The contribution by S. Kang and S. Kim “Patch
Classifier of Face Shape Outline Using Gray-Value Variance
with Bilinear Interpolation” proposed a method to classify
whether the outline in a face shape model is properly fitted
to feature points. The authors implemented a classifier using
this characteristic and achieved good accuracy through the
patch classifier.

Image is a 2D signal; thus any type of signal processing
approaches even audio processing techniques can be used as
inspiration for developing image processing. The contribu-
tion by S. Ryu et al. “Active Suppression ofNarrowbandNoise
by Multiple Secondary Sources” extensively investigated in
both theory and real-time control experiment on the active
suppression of narrowband noise. After analyzing the pri-
mary and secondary paths of the duct system, an acoustic
narrowband signal was chosen as a primary noise and

Hindawi Publishing Corporation
Journal of Sensors
Volume 2016, Article ID 1498796, 3 pages
http://dx.doi.org/10.1155/2016/1498796

http://dx.doi.org/10.1155/2016/1498796


2 Journal of Sensors

the impulse responses were implemented as the secondary
path models.The authors proved that the lower quality factor
cancels the more primary noise as defined in the theory
although the attenuation levels are not exactly and inversely
proportional to the quality factor.

Image processing is nowadays applied in many appli-
cation fields including automotive. Camera-based advanced
driver assistance systems (ADAS) have been introduced to
assist the drivers and ensure their safety under various
driving conditions like in the case of low visibility and
lower contrast due to foggy conditions. The contribution by
F. Hussain and J. Jeong “Visibility Enhancement of Scene
Images Degraded by Foggy Weather Conditions with Deep
Neural Networks” presented a new approach to provide a
solution to this problem by employing deep neural networks
and mathematically modelling fog in an image. This paper
achieved two advantages, “real-time operation” and “robust-
ness/generalization for various unseen image data.”

Image enlargement method as the one specific for ADAS
system is in general simultaneously applied with image
denoising. Image denoising methods are often based on the
minimization of an appropriately defined energy function.
The contribution by L. Guo et al. “An Edge-Preserved Image
Denoising Algorithm Based on Local Adaptive Regulariza-
tion” adaptively adjusted denoising degree of noisy image by
adding spatial variable fidelity term.

The spectrogram image analysis of error signals can be
used in the active noise suppression. The contribution by
J. Kim et al. “Spectrogram Image Analysis of Error Signals
for Minimizing Impulse Noise” presented the theoretical
and experimental study on the spectrogram image analysis
of error signals for minimizing the impulse input noises
in the active suppression of noise. The authors proved that
the suggested algorithm worked with a nice stability and
performance against impulse noises, applying it for practical
active noise control systems.

There have been many image enlargement methods,
which are based on sparse coding especially in single image
superresolution reconstruction. When applied to infrared
(IR) images, the traditional sparse representation-based (SR)
image reconstructionmethods suffer from (i) lack of detailed
information, (ii) fixed size patch-based dictionary, (iii) uni-
versal and overcomplete dictionary. The contribution by X.
Yang et al. “Multiscale and Multitopic Sparse Representation
for Multisensor Infrared Image Superresolution” overcame
the above issues by combining the information from multi-
sensors to improve the resolution of the IR image. In addition,
they used multiscale patches to represent the image in a
more efficient manner. Finally they partition the natural
images into documents. Then they group such documents to
determine the inherent topics using pLSA and to learn the
sparse dictionary of each topic.

The Embedded Graphics Processing Unit (EGPU) has
assumed more processing tasks within embedded devices,
requiring high computational capacity.The contribution byY.
Wang et al. “A Tile-Based EGPUwith a Fused Universal Pro-
cessing Engine and Graphics Coprocessor Cluster” proposed
general-purpose computing and 3D graphics rendering. The
authors demonstrated that the proposedEGPUcanbe used in

a System on Chip (SoC) configuration connected to sensors
with the scope of accelerating its processing and creating a
proper balance between performance and cost.

Stitching is one of efficient methods for images enlarge-
ment by stitching adjacent images which contain overlapping
regions even though they are obtained through separate
image sensors. The contribution by K. Jun and S. Kim
“Feature Coverage Indexes for Dual Homography Estimation
in Constructing Panorama Image” proposed dual homogra-
phy method. The authors presented three feature coverage
indexes which evaluate the stitching performance of feature
detectors and predict the outcomes of the stitching.

The theoretical resolution of 35mmdigital cinema system
is greater than that of 2 K (2048 × 1080) digital cinema.
Today’s digital cinema system equips hundreds of 4D chairs
and the environmental directors; it is nearly infeasible for the
legacy system to control. The contribution by E. Kim et al.
“RS485 Image Sensor for Digital Cinema System” designed
and implemented a new system, which makes hundreds of
4D chairs and the environmental directors be controlled
simultaneously by exploiting RS485 network topology and its
repeaters.

Digital image compression plays an extremely important
role in the transmission and storage of digital image data.
Image compression is the process of effectively coding digital
images to reduce the number of bits required to represent
an image. The contribution by F. Hussain and J. Jeong
“Efficient Deep Neural Network for Digital Image Com-
pression Employing Rectified Linear Neurons” proposed a
compression technique for still digital images which uses
deep neural networks (DNNs) and rectified linear units
(ReLUs). The authors proved that ReLUs well establish an
efficient gradient propagation and the proposed system is
efficient in terms of computations making these networks
suitable for real-time compression systems.

Due to the rapid advancement of the airborne sensors
and spaceborne sensors, large volumes of fully polarimetric
synthetic aperture radar (PolSAR) data are available, but
they are too complex to interpret difficultly.The contribution
by S. Zhang et al. “Modified Hybrid Freeman/Eigenvalue
Decomposition for Polarimetric SAR Data” proposed mod-
ified hybrid Freeman/eigenvalue decomposition method for
the coherency matrix derived from the fully PolSAR sensors.
The proposed method used a real unitary transformation
on the coherency matrix to release correlations between the
copolarized term and cross polarized term.

Hyperspectral image obtains terrestrial information in
various contiguous and narrow spectral bands, and it is
attracting more and more researchers due to its wide appli-
cations in aerial and space imagery fields. The contribution
by J. Wang et al. “Superresolution of Hyperspectral Image
Using Advanced Nonlocal Means Filter and Iterative Back
Projection” introduced an efficient superresolution algorithm
based on advanced nonlocal means (NLM) filter and iterative
back projection for hyperspectral image. The authors proved
that their method is able to recover the high-resolution image
by iteratively minimizing the reconstruction error from the
given low-resolution image which is blurred due to the
noise.
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We hope that this special issue would shed light on
major developments in the area of image enlargement using
multiple sensors and attract attention by the scientific com-
munity to pursue further investigations leading to the rapid
implementation of these sensor technologies.
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Image denoising methods are often based on the minimization of an appropriately defined energy function. Many gradient
dependent energy functions, such as Potts model and total variation denoising, regard image as piecewise constant function. In
these methods, some important information such as edge sharpness and location is well preserved, but some detailed image feature
like texture is often compromised in the process of denoising. For this reason, an image denoising method based on local adaptive
regularization is proposed in this paper, which can adaptively adjust denoising degree of noisy image by adding spatial variable
fidelity term, so as to better preserve fine scale features of image. Experimental results show that the proposed denoising method
can achieve state-of-the-art subjective visual effect, and the signal-noise-ratio (SNR) is also objectively improved by 0.3–0.6 dB.

1. Introduction

In the process of image acquisition and transmission, all
recording devices have traits which make them susceptible
to noise. Noise deteriorates the quality of image and causes
difficulty in image observation, feature extraction, and image
analysis. In order to effectively reduce noise, some filters such
as mean filter and Gaussian filter are applied on the noisy
image. It is limited that filters can lose large edge and
texture information of image in denoising process. In order
to avoid this problem, many researchers have been working
on different denoising methods. Weickert proposed a partial
differential equation (PDE) method which can effectively
remove noise [1]. Chan and Esedoglu proposed a total var-
iation method based on L1 norm; it produced stair effect in
smoothing area [2]. Bo and Li used a symmetric four-order
PDE method to achieve acceptable denoising result [3]. Xu
and Wang introduced nonlocal means into regularization to
obtain a denoising version; this method oversmoothed image
edges and details [4]. Gupta and Kumar proposed a general-
ized total variation denoising model, which can remove false
edge, but it is sensitive to the selection of 𝑃 factor [5]. Liu and

Zeng proposed a map image adaptive regularization denois-
ing method to get a good visual effect [6]. These methods
can improve the image denoising quality in some extent but
destroy high-frequency information of image inevitably. In
recent years, Liu and Huang proposed a new nonlocal total
variation regularization algorithm for image denoising [7].
Chen et al. proposed an adaptive denoisingmodel by regulat-
ing regularization and fidelity total variation [8]. Suman used
adaptive median filter into image denoising and got good
result [9]. Yan and Lu added least squares fidelity in imaging
denoising by generalized total variation regularization [10].
Anilet and Hati combined curvelet transform and wiener
filter to effectively reduce noise in an image [11]. Liu et al. dis-
cussed many methods in image fusion and image denoising,
which all are useful and popular [12]. Abovementioned image
denoising methods achieve acceptable denoising effect, but
the selection of an appropriate regularized factor and reason-
able iteration is still a problem. For this reason, the goal of
this study is to examine efficient and reliable image denoising
algorithms.This paper proposed an image denoising method
based on local adaptive regularization, which can adaptively
adjust denoising according to different area of noisy image
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and better protect the texture and details of image, so as to
achieve state-of-the-art denoising effect.

The rest of this paper is organized as follows. The intro-
duction of regularization (especially for total variation reg-
ularization) is described in Section 2. Further, Section 3
details main idea of the proposed method in this paper.
And experimental results are presented in Section 4. Finally,
summary and outlook are discussed in Section 5, that is, the
conclusion of this paper.

2. Total Variation Denoising

In signal processing, total variation denoising is remarkably
effective at simultaneously preserving edges whilst smooth-
ing away noise in flat regions, even at low signal-to-noise
ratios. It is based on the principle that signals with excessive
and possibly spurious detail have high total variation (TV);
that is, the integral of the absolute gradient of the signal is
high. According to this principle, reducing the total variation
of the signal subject to its being a close match to the original
signal removes unwanted detail whilst preserving important
details such as edges. The concept of total variation was
pioneered by Rudin et al. [13]. In area of image processing,
suppose 𝑓 is the original image, 𝑓0 is the noisy version of 𝑓,
and this relation can be mathematically expressed by

𝑓0 (𝑥, 𝑦) = 𝑓 (𝑥, 𝑦) + 𝑛 (𝑥, 𝑦) . (1)

Here 𝑛(𝑥, 𝑦) is random noise with zero mean and 𝜎2
variation. At the same time, we can, for example, define the
total variation as 𝑉(𝑥, 𝑦) = ∑

𝑛
|𝑓
𝑛+1
(𝑥, 𝑦) − 𝑓

𝑛

(𝑥, 𝑦)|; the
goal of TV denoising is to find an approximation, which is
smaller but close to the one before. That is, TV denoising is
a minimization process; it explores the equal state of energy
function relative to the TV norm of 𝑓 and the regularization
of 𝑓0, expressed in

𝐸TV = ∫
Ω

[(
∇𝑓
) +

1
2
𝜆 (𝑓−𝑓0)

2
] 𝑑𝑥 𝑑𝑦. (2)

HereΩ represents the domain of image, all pixels (𝑥, 𝑦) ∈
Ω. Normally the TV of ideal image is smaller than noisy
image, so minimizing TV can reduce the noise of image.
Based on this principle, (2) can be equaled as follows:

𝜆

2
∫
Ω

(𝑓 −𝑓0)
2
𝑑𝑥 𝑑𝑦+∫

Ω

√𝑓
2
𝑥
+ 𝑓2
𝑦
𝑑𝑥 𝑑𝑦 = 0. (3)

The first term in (3) is data fidelity term, which can retain
characteristics of the original image and reduce distortion.
The second term in (3) is regularization term, which depends
on noise level and balance denoising and smoothing. The
Euler-Lagrange equation derivate from (3) is represented by

𝜆 (𝑓−𝑓0) −∇ ⋅ (
∇𝑓

∇𝑓


) = 0. (4)

Here 1/|∇𝑓| is a diffusion coefficient. In edge of image,
large ∇𝑓 will lead to small diffusion coefficient, so the diffu-
sion along edge is weak to preserve edge of image. In smooth-
ing area of image, small |∇𝑓| will lead to large diffusion

coefficient, so the diffusion in smoothing area is strong to
remove noise in image. The regularization parameter 𝜆 plays
a critical role in the denoising process. When 𝜆 = 0, there is
no denoising and the result is identical to the input signal. As
𝜆 → ∞, however, the total variation term plays an increas-
ingly strong role, which forces the result to have smaller total
variation, at the expense of being less like the input (noisy)
signal. Thus, the choice of regularization parameter is critical
to achieving just the right amount of noise removal.

3. Image Denoising Method Based on Local
Adaptive Regularization

Referring to the classical TV model which described in
Section 2, it can reduce noise by energy constraint, however,
the selection of an appropriate regularization factor is also
a difficult problem. High 𝜆 brings oversmoothing and small
𝜆 reduces noise ineffectively. In order to handle impulsive
noisy image, an appropriate regularization factor 𝜆 must be
obtained to reduce different noise in image, which aims at
balance of data fidelity term and regularization term. For
these discussions, a novel image denoising method based on
local adaptive regularization is proposed here. According to
noise level in different image area, it defines a space variable
energy function and can adaptively adjust denoising degree.
In order to clearly elaborate idea, themain steps described are
as follows.

Step 1 (global residual noisy energy computation). This step
produces the residual error of noise in input image. Suppose
input noisy image is 𝑓0(𝑥, 𝑦). Estimated denoising version
of 𝑓0(𝑥, 𝑦) is obtained by classical TV regularization, which
is expressed as 𝑓0(𝑥, 𝑦). Then, global residual noisy energy
𝑓
𝑟
can be computed by expression 𝑓

𝑟
= 𝑓0(𝑥, 𝑦) − 𝑓



0(𝑥, 𝑦).
Therefore, the mean value of global residual error 𝑓

𝑟
is com-

puted and named as𝑀
𝑟
.

Step 2 (local energy computation). On the basis of first step,
local variance of residual image can be expressed by 𝑃LV(𝑥,
𝑦) = (1/|Ω|) ∫

Ω

𝑓
𝑟
(𝑥, 𝑦)𝑤(𝑥, 𝑦)𝑑𝑥 𝑑𝑦, where𝑤(𝑥, 𝑦) is a nor-

malized and radial symmetric smoothing-window and
∫
Ω

𝑤(𝑥, 𝑦)𝑑𝑥 𝑑𝑦 = 1. Suppose 𝑆(𝑥, 𝑦) = 𝜎4/𝑃LV to get prior
information of noise energy in noisy image; here 𝜎 is noise
standard deviation of input noisy image 𝑓0(𝑥, 𝑦).

Step 3 (iteratively compute regularization factor to achieve
local adaptive regularization). Define 𝑛 = 1 and suppose
𝑓
(𝑛)


0 = 𝑓


0 (𝑛 = 1). Compute𝑄𝑛 = (𝑓(𝑛)


0 −𝑓0)div(𝜙


(∇𝑓
(𝑛)


0/

|𝑓
(𝑛)


0|)); regularization factor 𝜆 is then computed by
𝜆
𝑛

(𝑥, 𝑦) = 𝑄
𝑛

(𝑥, 𝑦)/𝑆(𝑥, 𝑦). In this way, each iteration of
𝜆 can be applied to (4) to obtain an estimated denoising
version. When condition of convergence is satisfied, the final
denoising result can be achieved.

4. Experiments and Discussion

In this section, we validate the potential of the proposed
method by simulated noisy image experiment and real noisy
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(a) Original image (b) Noisy image (c) Classical TV denoising

(d) Bilateral filter denoising (e) The proposed method in [4] (f) The proposed method in this paper

Figure 1: Denoising comparison of salt and pepper noisy image. (The SNR value of this comparison is as follows: noisy image SNR = 8.1867,
classical TV denoising SNR = 15.2426, bilateral filter denoising SNR = 15.0410, the proposed method in [4] SNR = 15.7141, and the proposed
method in this paper SNR = 15.9832.)

image experiment. The comparison we provide here is the
denoising results by classical TV denoising, bilateral filtering,
and the denoising method proposed in [4].

4.1. Simulated Noisy Image

4.1.1. Salt and Pepper Noise. Firstly, the test image woman
was additive with salt and pepper noise, at which variance is
0.02. In order to better show different denoising comparison,
experimental result shown here is the enlarged local area of
woman.

Figure 1(a) is the clear original woman image, Figure 1(b)
is seen to contain a large number of salt and pepper noises
and many noise points contaminate image, Figure 1(c) is the
denoising result of classical TV method, here texture in the
right smoothing part of image is preserved, and conversely
woman’s face detailed information is lost and edge of image is
not ideal, Figure 1(d) is the denoising result by bilateral filter,
which is more fuzzy and noisy, and the visual effect is bad,
and Figure 1(e) is the denoising result by method in [4] and
noise is removed in this result; however the overall effect is
oversmoothing. The denoising result in Figure 1(f) is clear
and details are preserved well, although there are still a few
grain noises, but it does not affect the general viewing effect.

4.1.2. Gaussian Noise. In this experiment, test image Lena
is added into Gaussian noise with 0 mean and variation is
0.06. As the same way to experiment 1, Figure 2 also shows
the extracted local Lena’s face. From this way, the different
denoising result is compared more clearly here.

When compared to these different denoising methods,
Figure 2(a) is the local part of the original Lena image,
Figure 2(b) is local part of noisy image added with Gaussian

noise and a large number of noises can be seen in it,
Figure 2(c) is the local part of denoising result by classical
TV method and the visual effect is bad, Figure 2(d) is the
denoising result of bilateral filter and it also contains quite a
fewnoises in denoising result, andFigure 2(e) is the denoising
result of method in [4] and it well reduces noise in noisy
image, but the detailed information is lost and overall appear-
ance is too smoothing. Figure 2(f) is the local part of denois-
ing result by the proposedmethod in this paper, it can be seen
that the detailed information (such as feather in cap, eye, and
mouth edge) is kept well, the people’s viewing effect is very
good, and noise is reduced selectively in a natural manner.

4.1.3. Random Noise. In order to further comparison of
denoising method, standard test image Lena is added into
random noise with variance being 20. From this way, a sim-
ulated noisy image is obtained in this experiment. For better
illustrating the effectiveness of the proposed algorithm, the
local part of denoising result is extracted to be shown in
Figure 3.

Figures 3(a) and 3(b) show the local part of original
version and noisy version of Lena image, and the noisy ver-
sion is addictive with random noise. Figure 3(c) is the local
part of denoising result by classical TV method and it looks
more fuzzy, Figure 3(d) maintains a noisy state, which con-
tains a large number of unremoved noises, Figure 3(e) is the
local part of denoising result by denoising method in [4]
and it can effectively reduce noise but smoothed the details
simultaneously, and Figure 3(f) is the local part of denoising
result by the proposed method in this paper, it can be seen
that the detailed information is protected well (such as eye
and the edge of mouth), and this visual effect is much
acceptable and outweighs other denoising results.
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(a) Original Lena image (b) Noisy image (c) Classical TV denoising

(d) Bilateral filter denoising (e) The proposed method in [4] (f) The proposed method in this paper

Figure 2: Comparison of Gaussian noisy image and denoising results by different methods. (The SNR value of this comparison is as follows:
noisy image SNR = 7.5325, classical TV denoising SNR = 13.5687, bilateral filter denoising SNR = 13.3146, the proposed method in [4] SNR =
14.1413, and the proposed method in this paper SNR = 14.2835.)

Table 1: Comparison of denoising results by different methods in terms of SNR value.

Salt and pepper noise Gaussian noise Random noise Real noisy image Average SNR
Noisy image 8.1867 7.5325 7.1122 6.3736 7.3013
Classical TV 15.2426 13.5687 14.3264 11.4326 13.6425
Bilateral filter 15.0410 13.3146 14.2720 11.2724 13.4750
Method in [4] 15.7141 14.1413 14.6837 11.7538 14.0732
Method proposed in this paper 15.9832 14.2835 14.8013 12.1015 14.2925

4.2. Real Noisy Image. Thecomparable experiments provided
in Section 4.1 reflect favorite denoising result of the proposed
method in this paper. In the following experiment, a real
noisy image experiment would be provided in this section.
From this way, the denoising method proposed in this paper
can be considered more effective and available in common
applications. In order to better reflect the impaction of noise,
we use camera directly for the display of computer. The main
content of shoot image is text, including a large number of
edges and detailed information. These experimental results
are shown in Figure 4. The comparable denoising methods
are the same as those in Section 4.1.

In Figure 4(a) is original noisy image, Figure 4(b) is
denoising result by classical TV method, its visual effect is
bad, Figure 4(c) is the denoising result by bilateral filter, it
obviously contained much noise, and the denoising result of
Figure 4(d) is a little smoothing. Figure 4(e) is local part of
denoising result by the proposed method in this paper, here

noise is well removed, and the edge of text is well preserved,
so that the visual effect is better than other methods.

In above experiments including three different noises,
pepper and salt noise is a pulse noise which approximately is
equal to amplitude but is randomly distributed in image; there
are some clean points and contaminated points. Gaussian
noise is almost equally distributed in each part of an image.
The random noise is also known as background noise, which
is the accumulation of a lot of random fluctuations caused
by time; the value is unpredictable. The different noises
have various characteristics, so many denoising methods can
effectively reduce one kind but cannot deal with the others.
Besides subjective visual effect, with the aim of deeply dis-
cussing the experiments and further show the effectiveness of
the proposed methods, the objective SNR values of different
denoisingmethods are also given in Table 1. From the average
of SNR value provided in Table 1, we can see the average
SNR value of proposed method is the highest; it rises about
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(a) Original Lena image (b) Noisy image (c) Classical TV denoising

(d) Bilateral filter denoising (e) The proposed method in [4] (f) The proposed method in this paper

Figure 3: Comparison of denoising results by different methods. (The SNR value of this comparison is as follows: noisy image SNR = 7.1122,
classical TV denoising SNR = 14.3264, bilateral filter denoising SNR = 14.2720, the proposed method in [4] SNR = 14.6837, and the proposed
method in this paper SNR = 14.8013.)

(a) Original Lena image (b) Classical TV denoising (c) Bilateral filter denoising

(d) The proposed method in [4] (e) The proposed method in this paper

Figure 4: Comparison of different denoising methods of real noisy image. (The SNR value of this comparison is as follows: noisy image
SNR = 6.3736, classical TV denoising SNR = 11.4326, bilateral filter denoising SNR = 11.2724, the proposed method in [4] SNR = 11.7538, and
the proposed method in this paper SNR = 12.1015.)

0.3–0.6 dB compared to other referred methods. From the
comparable results in Table 1, it also can be seen that the
objective result is consistent with the subjective value. The
result of best visual effect also has the highest SNR value.

Based on the subjective visual effect and objective SNR
value in simulated noisy and real noisy experiments, it can
be seen that the denoising result by bilateral filter is worse
than other methods. Above several comparable methods use
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global and fixed denoising pattern, which results in some
details being missing and oversmoothing. The denoising
method proposed in this paper is more effective and robust
than other several methods. According to characteristic of
different noisy image, the proposed method can adaptively
adjust the regularization factor 𝜆, the solution of 𝜆 through
iteration process, and each iteration updates the value of 𝜆 by
input image and current denoising image, so as to achieve the
optimal regularization factor 𝜆. Furthermore, the appropriate
𝜆 can better balance the fidelity term and regularization
term and then ensure reliable reduction of noise as well as
protecting more fine details in image.

5. Conclusion

The widely used denoising algorithm based on global energy
constraint can obtain good denoising effect on the simple
structural image. But these methods can easily lose key
detailed information when removing noise. For these rea-
sons, an image denoising method based on local adaptive
regularization is proposed in this paper, it can effectively
control denoising degree in different area of noisy image by
constraining residual local energy of energy function, and
state-of-the-art denoising result can be obtained by this way.
In thismethod, detailed information of image can also bewell
preserved at the process of denoising. From experiments of
simulated and real noisy image, it is proved that the proposed
denoising method is effective and robust. However, there are
still some drawbacks in this method, such as time complexity.
All of these experiments are operated on 4M computer and
platform is Matlab. For an 800 ∗ 600 image, the consuming
time is 25 S. Itmeans that the time complexity of the proposed
method is high, although the visual effect outweighs other
methods. Therefore, we would focus on the improvement of
time complexity of the proposed method and then inspire
new insights for the further research in this aspect.
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This paper presents the theoretical and experimental study on the spectrogram image analysis of error signals for minimizing the
impulse input noises in the active suppression of noise. Impulse inputs of some specific wave patterns as primary noises to a one-
dimensional duct with the length of 1800mm are shown. The convergence speed of the adaptive feedforward algorithm based on
the least mean square approach was controlled by a normalized step size which was incorporated into the algorithm.The variations
of the step size govern the stability as well as the convergence speed. Because of this reason, a normalized step size is introduced
as a new method for the control of impulse noise. The spectrogram images which indicate the degree of the attenuation of the
impulse input noises are considered to represent the attenuation with the new method.The algorithm is extensively investigated in
both simulation and real-time control experiment. It is demonstrated that the suggested algorithm worked with a nice stability and
performance against impulse noises. The results in this study can be used for practical active noise control systems.

1. Introduction

Active noise control (ANC) systems are usually seeking to
maximize the attenuation of a primary noise by cancelling the
unwanted noise by taking advantage of the principle of super-
position [1, 2]. They use adaptive feedforward algorithms
such as the filtered reference least mean square (FxLMS) to
compensate for the effect of the secondary path in order
to ensure convergence [1, 2]. This ANC has been widely
applied successfully to a number of applications such as
airplanes, cars, headsets, mobile devices, and other consumer
electronics [3, 4].

However, as it is necessary to suppress a sudden impulse
noise, an advanced ANC system, therefore, needs to have a
capability to attenuate the sudden impulse noise to a certain
level [5–8]. The spectrogram images give good information
on how much the impulse input noise is suppressed after the
application of the ANC algorithm [9–15].

Impulse noises are important but harmful sources of the
input to a number of practical control systems in which
the noise level needs to maintain a certain level such as
passenger cars or other various vehicles. Passenger cars are
frequently exposed to excessive impulse noises when they

are driven on rough roads or various bumps on pavements.
Sudden impulses give huge effects to active noise control
systems in terms of control stability as they can invoke
excessive responses to maintain the performance during
control. Therefore, it is necessary to adapt the step size to
the magnitude of the impulses to control it, and the FxNLMS
(filtered-x normalized LMS) algorithm can be used suitably
in this case. For better driving and travelling conditions for
drivers and passengers, they need to keep a comfortable
noise level. The FxNLMS can offer better calm environment
rather thanFxLMSalgorithmespecially against impulse noise
inputs. In this study, the algorithm for a duct ANC system is
investigated in depth in order to control some impulse signals
made of specific half-sine waves.

In this study, thus, the analysis of the spectrogram images
of error signals before and after control against three different
impulses input noises to a duct system is shown.

The rest of the paper is organized as follows. In Section 2,
theoretical considerations are carried out to derive proper
equations for impulse noise control based on the FxNLMS
algorithm with a normalization factor in a duct. Section 3
presents the experimental setup including the test duct and
control board for the real-time control. Also, the modelling
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Figure 1: FxLMS algorithm.

of the secondary path is achieved to implement it in the
control algorithm and the impulse signals for the input
signal are designated in the same section. Intensive analysis
and discussions from the measured results from real-time
control in terms of time and frequency domain are written in
Section 4. Finally, conclusions are summarized in Section 5.

2. Control Algorithm for Minimizing
Impulse Noises

An impulse input to a system to be controlled causes a
sudden response which makes the normal FxLMS cannot
work properly. As shown in Figure 1, the FxLMS update
equation of the adaptive filter𝑊(𝑧) is expressed as

w
𝑛+1 = w𝑛 +𝛼𝑒x̂, (1)

where 𝛼 is the convergence coefficient and 𝑒 is the error
signal and x̂ is the filtered reference signal vector which
passed through the secondary path model 𝑆(𝑧) as illustrated
in Figure 1.

Also, as the large impulse input signal can introduce
the instability in the LMS algorithm, one can use a smaller
convergence coefficient when the measured reference signal
becomes suddenly huge. This can lead to a stable FxLMS
algorithm by modifying the step size of the update of the
adaptive filter𝑊(𝑧) by replacing 𝛼 in (1) with 𝛼

𝑁
which can

be defined by

𝛼
𝑁
=
𝛼

x̂𝑇 (𝑛) x̂ (𝑛)
. (2)

In (2), 𝛼
𝑁

becomes smaller when the filtered reference
signal x̂ is suddenly large. This is known as the FxNLMS
(filtered-x normalized LMS). However, when the interval
of each impulse is small enough, the system will respond
continuously before the previous response decays completely.
Thus, a new suggestion for the convergence coefficient can be
written as

𝛼
𝑁𝐶
= 𝑘

𝛼

x̂𝑇 (𝑛) x̂ (𝑛)
, (3)

where the new term 𝑘 increases the step size.Thus, 𝛼
𝑁𝐶

takes
the place of 𝛼 in (1) and it is rewritten as

w
𝑛+1 = w𝑛 +𝛼𝑁𝐶𝑒x̂. (4)
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Figure 2: Experiment setup for the real-time control.

Table 1: The specifications of the components in the duct system.

Component Specification
Duct Acryl, 1800mm
Loudspeakers Sammi SR-100A50
Microphone PCB 1/2 377B11
Signal conditioner PCB 442B104
Antialiasing filter,
reconstruction filter

Low-pass filter,
cutoff frequency = 500Hz

Digital signal processor dSPACE DS1104
Power amplifier InterM QD4240

Based on the suggested control algorithm in (4), the active
minimization of the impulse input noise in a duct system
will be presented in Section 3 in detail. As the algorithm can
adaptively follow the huge and sudden changes in the input
signal as denoted 𝑥(𝑡) in Figure 1, the control experiments
were performed to demonstrate the feasibility of suppressing
the impulse input noises in terms of the spectrogram images.

3. Experimental Setup

3.1. Hardware Setup. For the real-time impulse noise control,
a duct experimental system has been built. The system
includes a dSPACE 1104 digital signal processor, an acrylic
duct, a primary loudspeaker at the end, a secondary loud-
speaker, an error microphone at the other side end, a power
amplifier, a signal conditioner, a reconstruction filter, and
an antialiasing filter as shown in Figure 2. The distance
between the primary loudspeaker and the error microphone
is 1800mm.

Theprimary noise was originated from an external source
and the control signal was generated from dSPACE 1104. The
sampling frequency for the experiment was 6,000Hz. The
reconstruction filter and the antialiasing filter were designed
as low-pass filters and their cutoff frequencies were both
500Hz. Table 1 shows the specifications of the components
used in the experimental duct system in detail. In the real-
time control experiment, the fixed length of the signal x̂ in
the denominator of (2) for the FxNLMS was 100.
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Figure 3: Responses of the secondary path. (a) FRF, (b) IRF.

3.2. Plant Modelling. The modeling of the secondary path of
the duct systemwas carried out for the implementation of the
control system. Its frequency response function (FRF) and
impulse response function (IRF) are plotted in Figures 3(a)
and 3(b), respectively.

The FRF indicates that there are many modes in the plant
and the phase shows a linear property between 0 and about
2,000Hz although there are some sudden changes at certain
frequencies such as about 500Hz and 1,100Hz as illustrated
in Figure 3(a).

The length of the IRF reaches about 400 samples until the
response is decayed enough when the sampling frequency is
6,000Hz as plotted in Figure 3(b). However, the IRF length
to represent the secondary path 𝑆(𝑧) was just 50 samples,
because of the complexity of the control algorithm applied
in this experiment.

3.3. Impulse Input Signals. The impulse inputs signals were
designed by combining with half-sine waves and white noises
to test the stability and performance of the control algorithm
against some sudden impulse noises as described in Section 2.
As shown in Figure 4, the three half-sine waves with the
frequencies of 77Hz, 209Hz, and 431Hz, respectively, were
designed for the control experiment.The sampling frequency
of the control experiment was 6,000Hz, and this indicates
that 39 samples were necessary to implement the 77Hz half-
sine wave in Figure 4. And 15 and 7 samples were used for
209Hz and 431Hz half-sine waves, respectively.

Actually, the three different patterns of the half-sinewaves
represent some typical impulse noises. For example, the
drivers of passenger cars can experience sudden big impulse
noises when they pass over bumps on various roads. There
are many different bumps on roads in terms of their heights
and lengths. The three half-sine waves of 77, 209, and 431Hz
indicate blunt, medium, and sharp bumps, respectively.
White noises were combined in the half-sine waves to make
the impulse input signals contain more realistic background
disturbances.
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Figure 4: Half-sine waves of 77Hz, 209Hz, and 431Hz for impulse
input signals.

Table 2: The specifications of the components in the duct system.

Impulse input
type Signal combination

A 14 of 77Hz half-sine waves + white noise
B 14 of 209Hz half-sine waves + white noise

C 5 of 77Hz + 5 of 209Hz + 4 of 431Hz
half-sine waves + white noise

Then, three impulse inputs of types A, B, and C were
considered as shown inTable 2. TypeA impulse input consists
of randomly spaced 14 impulses of 77Hz half-sine wave with
white noise for 2 seconds. Type B input has randomly spaced



4 Journal of Sensors

0 0.5 1 1.5 2

0

0.2

0.4

0.6

0.8

1

Time (s)

A
m

pl
itu

de

−0.2

−0.6

−0.4

−0.8

−1

77Hz half sine
209Hz half sine
431Hz half sine

77Hz77Hz

77Hz 77Hz

77Hz

209Hz
209Hz 209Hz

209Hz

209Hz
431Hz

431Hz

431Hz
431Hz

Figure 5: Type C impulse input with 14 half-sine waves and white
noise.

14 impulses of 209Hz half-sine wave with white noise for the
same duration. Type C input contains randomly spaced 14
impulses of 77Hz, 209Hz, and 431Hz half-sine waves with
white noise as plotted in Figure 5.

The number of the half-sine waves was 14 for each
impulse input type as illustrated in Figure 5.Themagnitudes,
intervals, and signs of each half-sine wave were randomly
decided for the experiment. Type C impulse input consists
of 5 of 77Hz, 5 of 209Hz, and 4 of 431Hz half-sine waves
with white noise. The largest magnitude of the 14 impulses in
Figure 5 is designed to be 1. Each type impulse input was used
as 𝑥(𝑡) signal in Figure 1 for the real-time control experiment
in this study.

4. Results and Discussions

The real-time control experiments in the duct system against
the impulse input noises as the primary sources, which are
defined in Table 2 and Figure 4 in the previous section, are
shown.

4.1. Control against Type A Impulse Input. As type A impulse
input consists of 77Hz half-sine waves mostly, the spectro-
gram and PSD plotted in Figures 6(a) and 6(d), respectively,
show the dominant frequency components are observed
around 80Hz (the darkest parts) before control. It is also
noted that there are some peaky components at about 350Hz,
which was caused by the acoustic modes in the duct.

The spectrogram, PSD, and attenuation in Figures 6(b),
6(d), and 6(e), respectively, after the FxLMS control against
the same input type indicate that the reduction of 17∼
25 dB was achieved below 200Hz. Particularly the dominant
frequency components around 80Hz were suppressed sub-
stantially. The spectrogram image after the FxLMS control

in Figure 6(b) becomes quite brighter than before control in
Figure 6(a).

The spectrogram in Figure 6(c) after the FxNLMS control
displays even brighter image than after FxLMS control in
Figure 6(b).The attenuation plot in Figure 6(e) illustrates that
the frequency range of noise suppression was extended to
about 800Hz and the amount of the reduction reached about
15∼25 dB.

It is observed that the attenuation by the FxLMS is
slightly better than the FxNMLS between 50 and 100Hz in
Figure 6(e). In type A input, the necessary sample number of
the 77Hz half-sinewave is 39 because the sampling frequency
was 6000Hz. As the fixed length of the signal x̂ in the
denominator of (2) for the FxNLMS was 100 in the control
experiment, the FxNLMS could become less effective when
the wavelength of the input noise is relatively long.

If the length of the signal x̂ becomes longer, then the
control effectiveness at low frequency such as 50–100Hz
would be better. However, the effectiveness at high frequency
could become worse.Thus, this can be a problem of choosing
more important frequency range for control. After intensive
experiment, the length of 100 was determined to develop
more effective algorithm against impulse input noises in
which the frequencies of half-sine waves vary between 77Hz
and 431Hz.

4.2. Control against Type B Impulse Input. As type B impulse
input comprises 209Hz half-sine waves, these frequency
components were cancelled extensively after either the
FxLMS or the FxNLMS controls as shown in Figure 7. It
is noted that the performances of both control algorithms
were quite similar below about 450Hz with the maximum
reduction of about 30 dB as it can be seen from Figures 7(d)
and 7(e). The spectrogram images in Figures 7(a), 7(b), and
7(c) demonstrate that the FxNLMS algorithmwas better than
that of the FxLMS.

4.3. Control against Type C Impulse Input. As type C impulse
input has three half-sine waves of 77Hz, 209Hz, and 431Hz
randomly in terms of their magnitudes and occurrence and
white noise, because of the various magnitudes of the input
impulses which cause the different ringing times after each
impulse, as plotted in Figure 8(b), the FxLMS control cannot
quickly suppress the ringing response followed by the impulse
at about 1.2 seconds. It is found that the ringing response
continued until the next impulse occurred.

However, the FxNLMS control suppressed the ringing
response very quickly as presented in Figure 8(c). This
difference of the performances of both control strategies
demonstrates that the importance of the FxNLMS approach
is very useful against a severe impulse input in those systems
like passenger cars. In addition, it is noted that the control
performance of the FxNLMS is more efficient against low
frequency such as 77Hz impulse input signals. The over-
all attenuation difference between the two algorithms in
Figure 8(e) is about 5∼10 dB at the frequency range of about
70∼200Hz. The spectrogram images in this result clarify
the performance differences in the suppression of the mixed
impulse input (type C).
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Figure 6: Real-time control result against type A impulse input. (a) Before control, (b) after FxLMS control, (c) after FxNLMS control, (d)
PSD, and (e) attenuation.
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Figure 7: Real-time control result against type B impulse input. (a) Before control, (b) after FxLMS control, (c) after FxNLMS control, (d)
PSD, and (e) attenuation.
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Figure 8: Real-time control result against type C impulse input. (a) Before control, (b) after FxLMS control, (c) after FxNLMS control, (d)
PSD, and (e) attenuation.
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Table 3: Overall attenuation in 20∼500Hz.

Impulse input type Overall attenuation
FxLMS FxNLMS

Type A −13.44 dB −16.97 dB
Type B −18.03 dB −18.24 dB
Type C −15.77 dB −17.80 dB

Table 3 presents the average attenuations in dB against
the three impulse input types A, B, or C. As plotted in
Figures 6, 7, and 8, the differences in the three spectrogram
images are caused by the impulse inputs that are different.
The FxNLMS algorithm embedded in the real-time digital
controller responds automatically with adaptive algorithms
of the FxLMS and the FXNLMS against the input noises.
Thus, the spectrogram images must be different because the
two algorithms are different. Since the inputs were impulses,
the FxNLMS showed better performance than the FxLMS
in most of the frequency range as summarized in Table 3.
The FxNLMS algorithm performed −16.97 dB, −18.24 dB,
and −17.80 dB against the impulse input types A, B, and C,
respectively. By the way, the FxLMS algorithm accomplished
−13.44 dB, −18.03 dB, and −15.77 dB in the same order. This
indicates that the FxNLMS algorithm achieved about 3.5 dB,
0.2 dB, and 2.0 dB more attenuation than the FxLMS.

Comparing the performances of the two algorithms
against especially type C impulses input which is expected
as more practical, it is noted the FxNLMS provides better
stability for suppressing the resonances of the duct system.
The two largest resonances at about 125Hz and 325Hz before
control as plotted in Figure 8(d) were suppressed more about
7∼15 dB by the FxNLMS than the FxLMS.

The frequency variation of the impulse input gives impor-
tant effect to the stability and the performance of the FxNLMS
algorithm, since the length of the signal x̂ in the denominator
of (2) for the FxNLMS is very much related to the input half-
sine wave frequency. Thus, if it is necessary to minimize a
higher frequency impulse input, then a shorter length of the
signal x̂ is required. Against low frequency impulses noises,
a longer length is better in general. If the variation of the
frequency of a half-sine impulse is small, the effect will not
be big.

5. Conclusions

This study presents spectrogram images analysis of error
signals in an active control system against the impulse input
signals in a one-dimensional duct. For the improvement of
spectrogram images, a new normalization factor 𝛼

𝑁𝐶
in the

update equation was implemented for the real-time control
algorithm.

The frequency variation of the impulse input gives impor-
tant effect to the stability and the performance of the FxNLMS
algorithm, since the length of the signal x̂ in the denominator
for the FxNLMS is very much related to the input half-sine
wave frequency.

Control results with the new algorithm showed stable
and excellent responses compared to those before control.

As the three impulse input signals types with white noise
were generated independently, the control algorithm atten-
uates the noises from about −17 dB to −18 dB with the new
normalization factor in the real-time control. On the other
hand, only about −13 dB to −16 dB were reduced with the
FxLMS algorithm.The improved algorithm also worked with
a nice stability and performance against 3 different types of
the impulse input signals.The results in this study can be used
for practical active noise control systems.
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Methods based on sparse coding have been successfully used in single-image superresolution (SR) reconstruction. However, the
traditional sparse representation-based SR image reconstruction for infrared (IR) images usually suffers from three problems. First,
IR images always lack detailed information. Second, a traditional sparse dictionary is learned from patches with a fixed size, which
may not capture the exact information of the images and may ignore the fact that images naturally come at different scales in many
cases. Finally, traditional sparse dictionary learning methods aim at learning a universal and overcomplete dictionary. However,
many different local structural patterns exist. One dictionary is inadequate in capturing all of the different structures. We propose
a novel IR image SR method to overcome these problems. First, we combine the information from multisensors to improve the
resolution of the IR image. Then, we use multiscale patches to represent the image in a more efficient manner. Finally, we partition
the natural images into documents and group such documents to determine the inherent topics and to learn the sparse dictionary
of each topic. Extensive experiments validate that using the proposed method yields better results in terms of quantitation and
visual perception than many state-of-the-art algorithms.

1. Introduction

High-resolution (HR) infrared (IR) images are desired in
various electronic imaging applications, such asmedical diag-
nosis, criminal investigation, surveillance, remote sensing,
and aerospace. However, given the inherent limitation of
relevant imaging devices or other factors, obtaining images at
a desired resolution is difficult. Therefore, many efforts have
been devoted to improving the spatial resolution of the IR
image. Superresolution (SR) is one of the most promising
methods in the research community.

At present, a large number of SR methods have been
developed successfully. The existing methods for image SR
can be divided into three general categories: interpolation-
based methods [1, 2], reconstruction-based methods [3–6],
and learning-based methods [7–11].

The interpolation-based [1, 2] scheme applies the corre-
lation of neighboring image pixels to approximate the fun-
damental HR pixels. These types of methods can be easily
implemented at a high speed. However, these methods may
lead to the loss of detailed information.

Reconstruction-based approaches utilize additional infor-
mation from low-resolution (LR) images to synthesize an HR
image. These approaches are ill-posed estimation problems
and require a priori information on images to regularize
the solution. Therefore, various regularization methods have
been proposed to improve the performance of SR recon-
struction, such as the projection on convex sets [3], max-
imum a posteriori (MAP) [4, 5], and regularization-based
method [6]. Compared with interpolation-based schemes,
the reconstruction-based methods deliver better perfor-
mance with a small desired magnification factor. However,
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the most common defect of multiframe SR reconstruction
is that, with an increase in the magnification factor, the LR
inputs cannot provide sufficient information to maintain a
high-quality SR reconstruction result.

Learning-based methods presume that the high-frequen-
cy details lost in the LR image can be predicted by learning
the cooccurrence relationship between LR training patches
and their corresponding HR patches. Freeman et al. [7] first
introduced the learning idea for SR reconstruction, which
uses a Markov random field model to learn the relationship
between local regions of images and their underlying scenes.
Various effective tools have been proposed to learn prior
information, such as neighbor embedding- (NE-) based
methods [8, 12], regression-based methods [9, 10], and
sparse coding- (SC-) based methods [11, 13–15]. The NE-
based methods estimate each desired HR image patch by
linearly combining its neighbor training HR image patches.
Chang et al. [12] introduced locally linear embedding from
manifold learning to process the image SR task. Zhang
et al. [8] proposed a partially supervised NE method. How-
ever, given the lack of prior textures and details, NE-based
methods are weak in visualizing textures and details. The
regression-based methods directly estimate the desired HR
pixels using some complicated statistical models. Wang and
Tang [9] proposed a principal component analysis-based SR
reconstruction method to estimate the desired HR image.
Wu et al. [10] used the kernel partial least squares regres-
sion model to handle the one-to-many mapping problem.
Wu’s method requires searching the neighbors in the entire
training database and using the same number of principal
components to synthesize the desired HR feature patches,
which result in high computational costs. The SC-based SR
method can better retain the most relevant reconstruction
neighbors and can restore more image information than the
two learning-based methods discussed above. Yang et al. [16]
proposed an approach based on sparse representation, with
the assumption that the HR and LR images share the same
set of sparse coefficients. Therefore, the HR image can be
reconstructed by combining the trained HR dictionary and
the sparse coefficients of the corresponding LR image.

The abovementioned SC-based SRmethods always suffer
from three problems. First, due to the inherent limitation of
relevant imaging devices or other factors, IR images always
lack detailed information, which leads to unsatisfied IR
image reconstruction results. Multiple images acquired by
different sensors provide complementary information on the
same scene. As such, a reasonable method of improving the
resolution of the IR image is the combination of inherently
complementary information from the images obtained from
differentmultisensors. Second, a traditional sparse dictionary
is learned from patches with a fixed size, which cannot
capture the exact information of the images. However, the
local structures of an image tend to repeat themselves many
times with some similar neighbors across the natural images,
not only within the same scale but also across different scales.
Details missing in a local structure at a smaller scale can
be estimated from similar patches at a larger scale. Different
images prefer different patch sizes for optimal representation.
Therefore, jointly representing an image at different scales is

important. Considering the above cues, we propose a model
of obtainingmultiscale patches to learn dictionaries.We use a
simplemodel that generates pyramid images and divides such
images into multiscale patches. Finally, given that dictionary
learning is a key issue of the sparse representation model,
considerable effort in learning dictionaries from example
image patches has been exerted, leading to state-of-the-art
results in image reconstruction. Many dictionary learning
methods aim at learning a universal and overcomplete dictio-
nary that represents various image structures. However, for
natural images, a large number of different local structural
patterns exist. The contents can vary significantly across
different images or different patches in a single image. One
dictionary is inadequate in capturing all of the different
structures. Multiple dictionaries [15, 17] are more effective in
representing various contents in an image and provide better
reconstruction results than one universal dictionary [15].
Based on these observations, training patches are categorized
into multiple groups based on visual characteristics in our
algorithm. A subdictionary is then learned in the respective
data groups. Unsuitable training sample groups used in dic-
tionary learning lead to artifacts in example learning-based
methods [18]. In this study, we group the patches into several
categories. Each category corresponds to a topic. We apply
the probabilistic latent semantic analysis (pLSA) model [19]
to group the patches and to determine the inherent topics.
Thatmeanswe group the patches into several categories. Each
category corresponds to a topic.We then learn the sparse dic-
tionary for each topic. Our framework treats each group indi-
vidually, thereby leading tomore accurate distribution dictio-
naries. We conduct semantic analysis on a given patch to cat-
egorize it to a topic.The given patch can be better represented
by the selected topic subdictionary. Thus, the entire image
can bemore accurately reconstructed using this method than
using a universal dictionary, as validated by our experiments.

In summary, this study makes the following three main
contributions: (1) IR images always lack detailed information.
Meanwhile, VI images contain abundant object edges and
details, providing amore perceptual description of a scene for
human eyes.This study combines the inherently complemen-
tary information from images obtained from different multi-
sensors to improve the resolution of the IR image. (2)To learn
the sparse dictionary for representing similar redundancies
of local patterns within the same scale and across different
scales, this study builds pyramid images downsampled from
the images. Then it divides the pyramid images into multi-
scale patches, thereby representing the image in a more effi-
cient manner and providing a more global look of the image.(3)The pLSAmodel is applied to group the patches by deter-
mining the inherent topics and to group the training patches
with similar patterns. Each dictionary is learned from some
type of example patcheswith the same topic, andmultiple dic-
tionaries are learned simultaneously. Extensive experimental
results show that our proposed method achieves competitive
performance compared to state-of-the-art methods.

The remainder of this paper is organized as follows:
Section 2 presents the details of the proposed approach.
Section 3 reports the experimental results. Section 4 discusses
the conclusion.
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2. The Proposed SR Scheme

This study proposes a novel sparse representation algo-
rithm, which aims to combine the information of visible
images, provide a more global look of the IR image, and
simultaneously utilize the inherent topics of IR images in
a unified framework. The proposed method can be divided
into three steps: (a) combining the information of images
from multisensors, (b) obtaining multiscale patches, and (c)
learning multitopic sparse dictionaries. In combining the
information of visible images, our framework improves the
resolution of the IR image when learning the LR sparse
dictionary. In obtainingmultiscale patches, we build pyramid
images and extract multiscale patches from such images,
which can provide a more global look of the images. In
presenting different structural patterns more accurately, we
partition the natural images into documents and group them
to determine the inherent topics using the pLSA. A compact
subdictionary can then be learned for each topic.

2.1. Combining the Information of Multisensors. Given an
observed LR IR image 𝑌, which is a downsampled and
blurred version of the HR image 𝑋 of the same scene, we
derive the following equation:

𝑌 = 𝐻𝐵𝑋, (1)

where𝐻denotes a downsampling operator and𝐵 is a blurring
filter. The goal of a single-image SR is to reconstruct the HR
image𝑋 from the LR image 𝑌 as accurately as possible.

With the LR image 𝑌, 𝑦𝑖 is the set of patch features
extracted from 𝑌:

𝑦𝑖 = Extract (𝑌) , (2)

where Extract(⋅) is an operator that extracts the feature of
patch 𝑖 from image 𝑌.

Recent works [16, 20] indicate that derivative features
can represent the patch more efficiently than the actual
intensities.The derivative features are obtained using four 1D
filters:

𝑓1 = [−1, 0, 1] ,
𝑓2 = 𝑓𝑇1 ,
𝑓2 = [1, 0, − 2, 0, 1] ,
𝑓4 = 𝑓𝑇3 .

(3)

Images acquired bymultisensors provide complementary
information on the same scene. IR images always lack
detailed information. Meanwhile, VI images contain abun-
dant object edges and details, providing a more perceptual
description of a scene for human eyes [21]. As such, com-
bining the detailed information in visible images to improve
the resolution of the IR image is reasonable; that is, the
information of an LR IR image and the information of the
corresponding HR visible image are used for reconstructing
an HR IR image.

Applying these four filters, we obtain four description
feature vectors for each patch of the LR IR image and its
corresponding HR visible image, which are concatenated as
one vector in the final gradient representation of the LRpatch.
The information of the LR IR image and the information of
its corresponding HR visible image are combined together to
learn the LR sparse dictionary.

With the sparse generative model, each patch feature 𝑦𝑖
(𝑦𝑖 ∈ R𝑛) can be projected over the LR dictionary𝐷𝑙 ∈ R𝑛×𝑘,
which characterizes the LR patches.This projection produces
a sparse representation of 𝑦𝑖 via 𝛼𝑙, expressed as follows:

𝑦𝑖 = 𝐷𝑙𝛼𝑙 𝑦𝑖 ∈ R
𝑛, 𝛼𝑙0 ≪ 𝑘, (4)

where 𝛼𝑙 denotes sparse representation atoms. For the HR
IR image, high-frequency information is obtained to present
the HR patch. The corresponding HR patch feature 𝑥𝑖 has𝑥𝑖 ∈ R𝑚 sets of patch features extracted from the HR image𝑋 obtained as follows:

𝑥𝑖 = Extract (𝑋) . (5)

Reapplying the sparse generative model, we have

𝑥𝑖 = 𝐷ℎ𝛼ℎ, (6)

where 𝐷ℎ ∈ R𝑚×𝑘 is the HR dictionary that characterizes
the HR patches and is coupled with 𝐷𝑙 through the relation𝐷𝑙 = 𝐻𝐵𝐷ℎ. This relation indicates that each atom in 𝐷ℎ
has its corresponding LR version in 𝐷𝑙 and vice versa. We
assume that the sparse representation of an LR patch in terms
of 𝐷𝑙 can be directly used to recover the corresponding HR
patch from 𝐷ℎ; namely, 𝛼𝑙 = 𝛼ℎ. The process of Sparse
representation-based SR by combining the information of
visible images is described in Figure 1.

As such, the reconstructed HR image 𝑋 can be built by
applying the sparse representation in each 𝑦𝑖 and then using
the estimated 𝛼𝑙 with 𝐷ℎ to obtain each 𝑥𝑖, which together
form the image𝑋.

The SC is clearly a bridge between the LR andHRpatches.
The dictionaries𝐷𝑙 and𝐷ℎ have a key role in generating such
SC. The dictionaries 𝐷𝑙 and 𝐷ℎ can be easily generated from
a set of samples using algorithms, such as K-SVD [11] and
efficient SC [13, 14, 17, 22].

2.2. ObtainingMultiscale Patches. It is observed that different
images prefer different patch sizes for optimal performance
[13]. Reference [13] even observed the oversmoothing of
artifacts when using unsuitable patches. An explanation for
this phenomenon is that dictionary learning from patches
with a fixed size cannot capture the exact information of the
images. One size of the sample patches corresponds to one
scale. However, selecting the exact patch size of the image
is difficult. As such, having a multiscale dictionary avoids
selecting the patch size in advance. A multiscale treatment
can help represent the image in a more efficient manner.
In our proposed multiscale framework, we focus on simul-
taneously obtaining the multiscale patches. First, pyramid
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Figure 1: Sparse representation-based SR by combining the information of visible images.

images downsampled from the images are built to learn the
sparse dictionary for representing similar redundancies of
local patterns within the same scale and across different
scales. Second, multiscale patches from the pyramid images
are then extracted.

Pyramid transform is an effectivemultiresolution analysis
approach. During pyramid transform, each pixel in the
low spatial pyramid is obtained by downsampling from its
adjacent low-pass filtered HR image. Sequential pyramid
images are constructed, as shown in Figure 2. Pyramid images
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Figure 2: A three-level spatial pyramid.

Level 1 Level 2 Level 3

Figure 3: Gaussian pyramid images.The original image (level 1) and
its Gaussian pyramids are shown from left to right.

can be generated by Gaussian smooth filtering, as shown in
Figure 3.

Let 𝐼(𝑥, 𝑦) denote the original image. The downsampled
version 𝐼𝑝(𝑥, 𝑦) at the 𝑝th level is obtained by convoluting𝐼(𝑥, 𝑦) with a Gaussian kernel 𝐺(𝑥, 𝑦, 𝑝𝜎), as follows:

𝐺 (𝑥, 𝑦, 𝑝𝜎) = 1
2𝜋𝑝2𝜎2 exp(−𝑥

2 + 𝑦2

2𝑝2𝜎2 ) ,
𝐼𝑝 (𝑥, 𝑦) = 𝐼 (𝑥, 𝑦) ×𝐺 (𝑥, 𝑦, 𝑝𝜎) ↓ 𝑠𝑝,

(7)

where ↓ 𝑠𝑝 denotes the downsampling operator, with the
factor 𝑠𝑝 = (0.5)𝑝 at the 𝑝th level.

After generating the pyramid images, we use the quadtree
model [15] to extract multiscale patches from the pyramid
images, as shown in Figure 4. We consider a set of large root
patches of size√𝑁×√𝑁 extracted from the sequential pyra-
mid images.The root patch is then divided into subpatches of
size𝑁𝑠 = 𝑁/4𝑠 (𝑠 = 0, . . . , 𝑆−1) along the tree, where 𝑆 is the
depth of the tree. After obtaining multiscale patches, we can
learn dictionaries from the patches of different scales. Figure 5
illustrates the process of extracting multiscale patches from
the pyramid images.

2.3. Learning the Multitopic Dictionary. We partition the
natural images into documents and group them to determine
the inherent topics using pLSA and to present the differ-
ent structural patterns more accurately. Each dictionary is
learned from some type of example patches with the same
topic, and multiple dictionaries are learned simultaneously.
The example image patches are classified into many topics
by the pLSA model. Given that each topic consists of many
patches with similar patterns, a compact subdictionary can
be learned for each topic. For an image patch to be coded,
the best subdictionary that is most relevant to the given patch
is selected. Considering that the given patch can be better
represented by the selected subdictionary, the entire image
can be more accurately reconstructed than when a universal
dictionary is used, as validated by our experiments. The use
of multitopic dictionary learning has two main advantages:(1) the training patches are divided into some topics, which
ensure that the subdictionary represents the statistical model
of the example patches more accurately and (2) the training
patches enhance the speed of dictionary learning on each
topic and the final reconstruction accuracy through the
transfer of knowledge between topics.

2.3.1. Standard pLSA. The pLSA [19], which is an extension
of LSA [23], provides a probabilistic formulation to model
documents in a text collection. The pLSA assumes that the
words are generated from a mixture of latent aspects, which
can be decomposed from a document. The pLSA model has
been used successfully in image classification, image retrieval,
and image annotation.The pLSAmodel ignores the orders of
words in a document and instead uses the counts of words
occurring in a document. We briefly outline the principle of
the pLSA in this subsection.More details can be found in [19].

A corpus that contains 𝑀 documents is denoted by 𝐷 ={𝑑1, . . . , 𝑑𝑀}, and each document 𝑑𝑖 is represented with the
count of its words from a vocabulary 𝑊 = {𝑤1, . . . , 𝑤𝑁}.
The entire corpus is summarized by the𝑁×𝑀 cooccurrence
matrixN, where each entry 𝑛(𝑑𝑖, 𝑤𝑗) indicates the count of the
word 𝑤𝑗 in the document 𝑑𝑖. In the framework of the pLSA,
the observed word 𝑊 is conditionally independent of the
document𝐷 given a latent variable𝑍 = {𝑧1, . . . , 𝑧𝐾}, which is
referred to as the “latent aspect.” The graphical model shown
in Figure 6(a) illustrates the form of the joint probability of𝑃(𝑤𝑗, 𝑑𝑖, 𝑧𝑘) = 𝑃(𝑑𝑖)𝑃(𝑧𝑘 | 𝑑𝑖)𝑃(𝑤𝑗 | 𝑧𝑘) in the pLSA model.
The joint probability of the observed variables is obtained by
marginalizing over the latent aspect 𝑧𝑘:

𝑃 (𝑑𝑖, 𝑤𝑗) = 𝑃 (𝑑𝑖)
𝐾∑
𝑘=1

𝑃 (𝑧𝑘 | 𝑑𝑖) 𝑃 (𝑤𝑗 | 𝑧𝑘) . (8)

Equation (6) expresses each document as a convex combi-
nation of𝐾 aspect vectors, which results in matrix decompo-
sition, as shown in Figure 6(b). Each document is essentially
modeled as a mixture of aspects, the histogram for a particu-
lar document being composed of a mixture of the histograms
corresponding to each aspect.

The model parameters of pLSA are the two conditional
distributions 𝑃(𝑧𝑘 | 𝑑𝑖) and 𝑃(𝑤𝑗 | 𝑧𝑘), which are estimated
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using the expectation-maximization (EM) algorithm on a
set of training documents. 𝑃(𝑤𝑗 | 𝑧𝑘) characterizes each
aspect and remains valid for documents out of the training
set. By contrast, 𝑃(𝑧𝑘 | 𝑑𝑖) is relative only to the specific
documents and cannot carry any prior information to an
unseen document.

The EM algorithm is used to compute the parameters𝑃(𝑤𝑗 | 𝑧𝑘) and 𝑃(𝑧𝑘 | 𝑑𝑖) by maximizing the log-likelihood
of the observed data:

𝐿 = 𝑁∑
𝑖=1

𝑀∑
𝑗=1

𝑛 (𝑑𝑖, 𝑤𝑗) log𝑃 (𝑑𝑖, 𝑤𝑗) . (9)
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Figure 6: (a) Graphical model representation of pLSA; (b) matrix decomposition of conditional distribution.

The steps of the EM algorithm are described as follows:(1) E-step: the conditional distribution 𝑃(𝑧𝑘 | 𝑑𝑖, 𝑤𝑗) is
computed from the previous estimate of the parameters:

𝑃 (𝑧𝑘 | 𝑑𝑖, 𝑤𝑗) = 𝑃 (𝑧𝑘 | 𝑑𝑖) 𝑃 (𝑤𝑗 | 𝑧𝑘)
∑𝐾𝑙=1 𝑃 (𝑧𝑙 | 𝑑𝑖) 𝑃 (𝑤𝑗 | 𝑧𝑙) . (10)

(2) M-step: the parameters 𝑃(𝑤𝑗 | 𝑧𝑘) and 𝑃(𝑧𝑘 | 𝑑𝑖) are
updated with the new expected value 𝑃(𝑧𝑘 | 𝑑𝑖, 𝑤𝑗):

𝑃 (𝑥𝑗 | 𝑧𝑘) = ∑𝑁𝑖=1 𝑛 (𝑑𝑖, 𝑤𝑗) 𝑃 (𝑧𝑘 | 𝑑𝑖, 𝑤𝑗)
∑𝑀𝑚=1 ∑𝑁𝑖=1 𝑛 (𝑑𝑖, 𝑤𝑗) 𝑃 (𝑧𝑘 | 𝑑𝑖, 𝑤𝑚) ,

𝑃 (𝑧𝑘 | 𝑑𝑖) = ∑𝑀𝑗=1 𝑛 (𝑑𝑖, 𝑤𝑗) 𝑃 (𝑧𝑘 | 𝑑𝑖, 𝑤𝑗)
∑𝑀𝑗=1 𝑛 (𝑑𝑖, 𝑤𝑗) .

(11)

2.3.2. OurMethod. Given a collection of IR images, we intend
to determine the inherent topics of the images. We use
general terms [24], such as topics, documents, and words,
which are mostly used in the text of the literature. In our
application, we define the atoms of the sparse dictionary
as the “words” of the vocabulary and the sliding window
of the sparse dictionary as the “document.” The sliding
window consists of patches. Figure 7 shows the 𝐿 × 𝐿 sliding
window (large blue square) and one patch (small red square)
in it. All of the documents are grouped by “topic” based
on the cooccurrences of different words within and across
the documents. Our method has the following five steps:(1) vocabulary formulation, (2) document representation,(3) topic learning, (4) subdictionary construction, and (5)
superresolution image reconstruction (SRIR). Our method is
illustrated in Figure 8.

Vocabulary Formulation. We need to represent each docu-
ment by a collection of words from a vocabulary. A general
sparse dictionary 𝐷𝐺 with 𝑀 atoms 𝛼𝑚 (𝑚 = 1, 2, . . . ,𝑀)
is learned over all of the patches to construct the vocabulary.
Each atom in𝐷𝐺 is defined as a word of the vocabulary. All of
the atoms of𝐷𝐺 produce the vocabulary for the pLSAmodel.

Document Representation. We assume that document 𝑑𝑖 has𝐿 patches 𝑝𝑙 (𝑙 = 1, 2, . . . , 𝐿). We represent each patch in
the document using a linear combination of atom 𝛼𝑚 (𝑚 =
1, 2, . . . ,𝑀) from the general dictionary. We denote the
atoms representing patch 𝑝𝑙 as 𝛼𝑙,𝑚. We denote the count of

Figure 7: Sliding window and patches.

vocabulary 𝛼𝑗 in document 𝑑𝑖 as 𝑛(𝑤𝑗, 𝑑𝑖), where 𝑛(𝑤𝑗, 𝑑𝑖) =∑𝐿𝑙=1 𝛼𝑙,𝑗.We then use the pLSAmodel to learn the latent topic
of the documents.

Topic Learning. All of the documents can be summarized by
the 𝑀 × 𝑁 cooccurrence matrix, where each entry 𝑛(𝑑𝑖, 𝑤𝑗)
indicates the count of the word 𝛼𝑗 in document 𝑑𝑖 and 𝑁 is
the total number of documents. The EM algorithm is used
to compute the parameters 𝑃(𝑤𝑗 | 𝑧𝑘) and 𝑃(𝑧𝑘 | 𝑑𝑖) by
maximizing the log-likelihood of the observed data. After
learning, 𝑃(𝑧𝑘 | 𝑑𝑖) represents the mixture proportions
of each document. The maximum value for each of the
document can be assumed as the document topic assignment.

Subdictionary Construction.We assume𝐾 determined topics.
All of the documents are then classified into 𝐾 group
Documents = [documents1, documents2, . . . , documents𝐾].
For one document group documents𝑖, we collect all of
the patches that belong to these documents and denote
these patches as patches𝑖. As such, we can obtain 𝐾 group
Patches = [patches1, patches2, . . . , patches𝐾]. We aim to
learn 𝐾 compact subdictionaries 𝐷𝑘 (𝑘 = 1, 2, . . . , 𝐾) from
Patches. Each of the patches𝑘 (𝑘 = 1, 2, . . . , 𝐾) is apparently
expected to have the same distinctive patterns. We use the
SRIR for each group’s patches𝑘 to learn the subdictionary
for each topic, such that the most suitable subdictionary for
each given local image patch can be selected using the pLSA
model.

SRIR. We divide the LR image into overlapping documents
and the documents into overlapping patches. Then, we rep-
resent each document in the same manner as that conducted
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Figure 8: Illustration of our method.
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Figure 9: Some examples of the infrared images and visible images used in our experiments.

during topic discovery. Each document is analyzed by using
the EM algorithm to determine its topic assignment. Each
patch of a document is reconstructed by using the topic
corresponding to the subdictionary. We do this for all of the
documents in the test image and then take the average of all
overlapping portions to obtain the reconstructed HR image.

3. Experimental Results

3.1. Samples and Settings. In our experiments, the IR images
and corresponding visible images were obtained from [25]
http://www.dgp.toronto.edu/∼nmorris/data/IRData/. Samples
of the training images are shown in Figure 9. The LR images
used in all the experiments were downsampled from the HR
images. In our experiments, the LR images were generated by
shrinking the corresponding HR images with the scale factor
of 3.

We employed the peak signal-to-noise ratio (PSNR) and
the structural similarity measurement (SSIM) to evaluate
the superresolved image and assess the performance of the
proposed method. The mean values of the PSNR and SSIM
of all of the test images were used as the quality index.
The PSNR evaluates the reconstruction quality based on the
pixel intensity. The SSIM measures the similarity between
two images based on their structural information. The SSIM
metric needs a “perfect” reference image for comparison
and provides a normalized value between [0, 1], where “0”
indicates that the two images are totally different, whereas
“1” confirms that the two images are the same. Thus, higher
values of PSNR and SSIM indicate a result with better quality.

3.2. Reconstruction Results. In this section, we conduct sev-
eral experiments to evaluate the effectiveness of the proposed
method.

Experiment 1 (comparison with the state-of-the-art algo-
rithms). The proposed method was tested using some IR
images to validate the effectiveness of the proposed resolution
enhancement method in terms of visual fidelity and objective
criterion. We compare our algorithm with some well-known
image SR algorithms, such as the nearest neighbor, cubic
B-spline interpolation method, and Yang’s method [16], to
validate the efficiency of ourmethod. In ourmethod, the root
patch size is 16 × 16, the depth of the tree is 3, and the number
of training patches in the training process is 100,000. For the
multitopic dictionary, the number of atoms in the general
dictionary is 1,000. The number of atoms is the same in
the multitopic dictionaries. We assume 𝐾 determined topics
(𝐾 = 500). For Yang’s method, the number of atoms is 1,000.
We present the SR results of images (with a scale factor of
3) obtained using different methods in Figure 10. We extract
the region after magnification within the red box to show the
details after SR. We observe that the bicubic interpolation
method blurs the sharpness of the edges and misses some
fine details in the reconstructed images. Yang’s method [16]
recovers a significant number of details but produces many
jagged and ringing artifacts, along with edges or details. The
proposed method obtains better visual quality than all of the
other three competing methods.

Moreover, the PSNR and SSIM values of the SR results
on LR images using various algorithms are listed in Table 1.
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Figure 10: Visual comparison of four test images: (a) LR image, (b) original HR image, (c) results obtained using the nearest neighbor
interpolation, (d) results obtained using the cubic B-spline interpolation, (e) results obtained using the sparse representation-based method,
and (f) results obtained using the proposed method.
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Table 1: Numerical results of Figure 10.

Method Nearest neighbor Cubic B-spline Yang’s method Our method
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

36.77 0.4440 36.80 0.4458 36.98 0.5394 37.32 0.5857

38.06 0.7210 38.07 0.7279 38.17 0.7691 38.20 0.8107

36.19 0.4652 36.19 0.4713 36.63 0.6005 36.68 0.6405

36.49 0.4933 36.48 0.5007 36.73 0.5477 36.93 0.5964

32.91 0.3621 32.93 0.3646 34.02 0.3702 34.10 0.3741

We observe that the average PSNR and SSIM gains of the
proposed method over Yang’s method [16] and the bicubic
interpolation method are in dB, which show that the SR
results from the proposed method have better objective
quality in terms of PSNR and SSIM.

Experiment 2 (effect of multisensor). To validate the effec-
tiveness of multisensor by combining the information of
visible images, we compared multisensor SRIR with tradi-
tional SRIR algorithm as Yang’s method [16]. The number
of training patches in the training process is 100,000. For
the dictionary learning step, the number of atoms in the
dictionary is 1,000. Figure 11 shows the SR results of the
IR image. Figure 11(c) shows the results of the traditional
SRIR algorithm as Yang’s method [16], where severely jagged
artifacts along the edges and annoying details are produced.
The SR result is limited. Figure 11(d) shows the results of
combining the information of visible images. We observe
that the result is significantly improved qualitatively and
quantitatively. The PSNR and SSIM values of the SR results
on LR images using various algorithms are listed in Table 2.

Experiment 3 (effect of multiscale patches). We compare the
SR results obtained from the dictionaries using multiscale
patches and one fixed-scale patch. In the multiscale patches-
based method, the root patch size is 16 × 16. In the fixed-
scale patch, fixed patches with three different patch sizes
4 × 4, 8 × 8, and 16 × 16 are analyzed.The number of training
patches in the training process is 100,000. For the dictionary
learning step, the number of atoms in the dictionary is 1,000.
The reconstruction results are shown in Figure 12. We have
observed that different images prefer different patch sizes for

Table 2: Numerical results of Figure 11.

Method Yang’s method Multisensor
PSNR SSIM PSNR SSIM

34.28 0.4123 35.53 0.4237

36.63 0.6005 36.65 0.6247

36.73 0.5477 36.87 0.5751

33.07 0.3731 34.57 0.3769

optimal performance.Themultiscale treatment can help rep-
resent the image in a more efficient manner, thereby allowing
applications to provide a more global look of the image. We
observe that the reconstructed HR images obtained from the
multiscale patches-based method, as shown in Figure 12(f),
are better in terms of quantitation and visual perception than
those obtained from the single-scale patches-based methods,
as shown in Figures 12(c) to 10(e).The PSNR and SSIM values
of the SR results on LR images using various algorithms are
listed in Table 3.
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(b) (c) (d)(a)

Figure 11: Visual comparison of four test images: (a) LR image, (b) original HR image, (c) results obtained using the sparse representation-
based method, and (d) results obtained using the multisensor based method.

4. Conclusion

We proposed a novel sparse representation-based image SR
method.The algorithm combines detailed information in vis-
ible images to improve the resolution of the IR image. Given
the complementary nature of these types of information, the
proposed method can generate state-of-the-art results in SR
tasks. Considering the fact that the optimal sparse domains of
natural images can vary significantly across different images
and different image patches in a single image, the proposed
method uses a simple model that generates pyramid images
and divides the pyramid images into multiscale patches to

represent the image in a more efficient manner. We also
partition the natural images into documents and group the
documents to determine the inherent topics using pLSA and
to learn the sparse dictionary of each topic using the sparse
dictionary learning technique. Extensive experimental results
show that our proposed method can achieve competitive
performance compared to state-of-the-art methods.
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Figure 12: Visual comparison of four test images: (a) LR image, (b) original HR image, (c) results obtained with patch size 4 × 4, (d) results
obtained with patch size 8 × 8, (e) results obtained with patch size 16 × 16, and (f) results obtained using the proposed method.
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Table 3: Numerical results of Figure 12.

Method Patch size 4 × 4 Patch size 8 × 8 Patch size 16 × 16 Multiscale patches
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

36.96 0.5378 36.93 0.5327 36.92 0.5298 37.27 0.5679

38.07 0.6247 38.15 0.6538 38.18 0.7721 38.19 0.7894

36.64 0.6109 36.24 0.5371 36.17 0.4928 36.65 0.6362

36.51 0.4959 36.72 0.5468 36.57 0.5179 36.89 0.5683

34.04 0.3723 34.01 0.3703 33.72 0.3674 34.06 0.3726
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This study presents theoretical and experimental investigation on the active suppression of narrowband noise with C1, C1.5, and
C2 components by using multichannel secondary sources in a duct. The quality manipulation in the duct was controlled by
changing quality factors which were incorporated into a multichannel FxLMS algorithm.The algorithm is extensively investigated
in both theory and real-time control experiment. After analysing the primary and secondary paths of the duct system, an acoustic
narrowband signal was chosen as a primary noise and the impulse responses were implemented as the secondary path models.
Control results show that the quality factors in the algorithm that was implemented in a dSPACE 1104 provide a stable and excellent
response compared to before control. It is obvious that the lower quality factor cancels the more primary noise as defined in the
theory although the attenuation levels are not exactly and inversely proportional to the quality factor. The results in this study can
be used for practical active sound quality control systems.

1. Introduction

The active noise control (ANC) systems seek usually to
maximize the attenuation of a primary noise by cancelling
the unwanted noise based on the principle of superposition
[1, 2]. It takes advantage of the biologically inspired adap-
tive feedforward learning algorithms such as the filtered-
reference least mean square (FxLMS) to compensate for the
effect of the secondary path in order to ensure convergence
[1, 2].This ANC has been widely applied successfully tomany
applications such as airplanes, cars, headsets, mobile devices,
and other consumer electronics.

However, in contrast to an ANC system, in some applica-
tions it is necessary to retain residual noise with a specified
target profile over frequency [3, 4] because some intentional
residual noise could provide better natural feeling rather
than simply minimizing the residual noise. This approach
is known as an active sound quality control (ASQC) and
it can be implemented by incorporating some factors in
its algorithm. A typical ASQC system, therefore, needs to
have a capability of attenuating unwanted noise to a certain
level and, at the same time, of enhancing wanted noise to

a predefined target level. An adaptive noise equalization
(ANE) is one of the concepts and has been extending to
control narrowband and broadband noises [5–8]. Although
a narrowband ANC system can reduce narrowband noise
components at maximum, a narrowband ANE system can be
independently manipulated.

The duct systems are widely applied to a number of differ-
ent buildings, factories, and facilities. In some applications,
such as clean rooms for precise manufacturing, they need
to keep a comfortable noise level for workers and this leads
to product quality. Also excessive reduction of noise can
cause uncomfortable awkward silence.Thus the quality factor
allows operating the noise reduction level with the ANC
systems.

In this study, thus, an active sound quality control
(ASQC) system using this ANE algorithm based the FxLMS
is investigated in depth in order to control narrowband noise,
which are dominant in a duct, separately or altogether in
terms of sound quality control. For the selective quality
control, a quality factor or parameter which is predetermined
is applied in the real-time FxLMS adaptive algorithm.
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Figure 1: Active sound quality control for narrowband noise using a factor 𝛽 in a duct.

The rest of the paper is organized as follows. In Section 2,
theoretical considerations are described to derive proper
equations for sound quality control based on the multichan-
nel FxLMS algorithm with a quality factor matrix in a duct.
Section 3 presents the experimental arrangement including
the test duct and control board for the real-time control. In
the same section, the primary and secondary paths are dis-
cussed and the modeling of the secondary path to implement
in the control algorithm is included. Intensive analysis and
discussions from the measured results from the real-time
sound quality control in terms of time and frequency domain
are written in Section 4. Finally, conclusions are summarized
in Section 5.

2. Theoretical Considerations

2.1. Multichannel Active Sound Quality Control for Narrow-
band Noise. An ANC system with an adaptive feedforward
approach is known as an effective method to suppress
unwanted noise [1, 2]. As shown in Figure 1, a duct with a
noise source (primary source), a secondary source, and an
error microphone are considered to suppress the primary
noise as much as necessary. A real-time algorithm which is
embedded in a digital signal processor is applied for sound
quality control as illustrated schematically in Figure 1 as well.
The summation of the primary noise 𝑑(𝑛) and the secondary
noise 𝑦(𝑛) at the error microphone is the error signal 𝑒(𝑛) as
𝑒(𝑛) = 𝑑(𝑛) − 𝑦(𝑛).

Assuming that there are𝐾 reference signals,𝑀 secondary
loudspeakers, and 𝐿 error microphones, the practical form
of the multichannel FxLMS update equation based on the
steepest descent algorithm in the time domain without the
sound quality factor can be given as [1, 2]

w
𝑛+1 = w

𝑛
−𝛼X̂𝑇 (𝑛) e (𝑛) , (1)

where w is the vector of filter coefficient, 𝛼 is a convergence
coefficient, and e(𝑛) is the error signal vector.

X̂(𝑛) is the filtered-reference signal matrix which can be
expressed as

X̂ (𝑛) =

[
[
[
[
[
[
[

[

x̂𝑇1 (𝑛) x̂𝑇1 (𝑛 − 1) ⋅ ⋅ ⋅ x̂𝑇1 (𝑛 − 𝐼 + 1)

x̂𝑇2 (𝑛) x̂𝑇2 (𝑛 − 1) ⋅ ⋅ ⋅ x̂𝑇2 (𝑛 − 𝐼 + 1)
...

... d
...

x̂𝑇
𝐿
(𝑛) x̂𝑇

𝐿
(𝑛 − 1) ⋅ ⋅ ⋅ x̂𝑇

𝐿
(𝑛 − 𝐼 + 1)

]
]
]
]
]
]
]

]

, (2)

where the filtered-reference signal vector can be written by

x̂
ℓ
(𝑛)

= [𝑥
ℓ11 (𝑛) 𝑥

ℓ12 (𝑛) ⋅ ⋅ ⋅ 𝑥
ℓ1𝐾 (𝑛) 𝑥

ℓ21 (𝑛) ⋅ ⋅ ⋅ 𝑥
ℓ𝑀𝐾

(𝑛)]
𝑇

.
(3)

In (1), the practical update quantity in the multichannel
system is given as 𝜕𝐽/𝜕w, where 𝐽 is the cost function and is
identical to the gradient of the instantaneous sum of squared
outputs of the error signals with respect to the filter weights.
Thus it can be presented as follows [1, 2]:

𝜕𝐽

𝜕w (𝑛)
=
𝜕e𝑇 (𝑛) e (𝑛)
𝜕w (𝑛)

= 2 [X̂𝑇 (𝑛)X (𝑛)w (𝑛) + X̂𝑇 (𝑛) d (𝑛)]

= 2X̂𝑇 (𝑛) e (𝑛) .

(4)

In this control system, sound quality can be controlled
using a digital equalizer [2]. The quality factor matrix Β,
which consists of each quality factor 𝛽

𝑖
to each secondary

loudspeaker as presented in Figure 1, can be considered in
the multichannel FxLMS algorithm and can allow actively
controlling sound quality in a duct system.The output vector
u(𝑛) from the adaptive filter matrixW is designed to separate
and tomultiplywith I−Β for the actual secondary pathmatrix
S in one branch and Β for the modelled one Ŝ in the other
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branch. This makes the error signal vector capable of being
written by

e (𝑛) = d (𝑛) − (I−Β)
𝑃−1
∑
𝑝=1

S
𝑝
u (𝑛 − 𝑝) . (5)

This error signal vector now indicates that the residual
noise after control can be kept by the quality factor matrix Β
[5]. Thus, the practical update equation of the multichannel
FxLMS algorithm for ASQC with the quality factor matrix Β
is given by

w
𝑛+1

= w
𝑛
+𝛼X̂𝑇 (𝑛) [e (𝑛) −Β

𝑃−1

∑
𝑝=1

Ŝ
𝑝
u (𝑛 − 𝑝)]

= w
𝑛
+𝛼X̂𝑇 (𝑛) [{d (𝑛) − (I−Β)

𝑃−1

∑
𝑝=1

S
𝑝
u (𝑛 − 𝑝)}

−Β
𝑃−1

∑
𝑝=1

Ŝ
𝑝
u (𝑛 − 𝑝)] = w

𝑛
+𝛼X̂𝑇 (𝑛) e (𝑛) .

(6)

The new update equation in (6) operates automatically to
minimize the signal vector e(𝑛). So if the disturbance signal
vector d(𝑛) ≈ ∑𝑃−1

𝑝=1
S
𝑝
u(𝑛 − 𝑝), then (5) can be expressed as

e (𝑛) ≈ Βd (𝑛) . (7)

Equation (7) represents the quality factor matrix govern-
ing the residual noise level at the errormicrophones positions
in the duct. The separation of the signal 𝑦

𝑖
introduces four

different cases of results as follows: (1) if 𝛽
𝑖
= 0, it acts as

a normal ANC system which is on (this is equivalent to (1))
and makes 𝑒

𝑖
(𝑛) ≈ 0, (2) if 𝛽

𝑖
= 1, it acts as the ANC system

which is off and makes 𝑒
𝑖
(𝑛) ≈ 𝑑

𝑖
(𝑛), (3) if 0 < 𝛽

𝑖
< 1, it

acts to control the noise to a certain level dependent upon
the value 𝛽i and makes 𝑒

𝑖
(𝑛) ≈ 𝛽

𝑖
𝑑
𝑖
(𝑛), and (4) if 𝛽

𝑖
> 1, it

acts to enhance the noise level and makes 𝑒
𝑖
(𝑛) > 𝑑

𝑖
(𝑛).

3. Implementation and Experiment

3.1. Experimental Set-Up and Primary Path. The experimen-
tal set-up for the real-time narrowband active sound quality
control consists of an acrylic duct (length = 1800mm), a
primary loudspeaker at the left end, two secondary sources
(control loudspeakers), an error microphone (1/2 PCB
377B0E) at the right end, a power amplifier (B&K 2716C), a
PCB signal conditioner, and low-pass filters. In addition, it
involves the real-time control unit of a dSPACE 1104 for the
implementation of control algorithm. So there are 1 reference
signal (𝐾 = 1), 2 secondary loudspeakers (𝑀 = 2), and 1 error
microphone (𝐿 = 1) in this control system.

The sampling frequency was 𝑓
𝑠
= 6.000 kHz and the

cut-off frequencies of the antialiasing low-pass filters before
the two ADCs (for the reference signal and the error signal)
and the reconstruction low-pass filter after the DAC (for the
control signal) were both 500Hz. The control signal vector
u(𝑛), which was generated in the control algorithm, was

transferred to the control loudspeakers through theDAC.The
physical acoustic path lengths between the secondary sources
and the error microphone are 1140mm for the source 1 and
600mm for source 2, respectively.

In a duct system, fan noise is the most dominant one
in general. Thus a narrowband signal is highly likely as the
input. Other different signals pure tones or broadband signals
can be the input. Control against pure tones is very easy but
the usefulness in practical applications is very low. Control
against broadband signals is useful but the signals require
very long control filters for successful control. However,many
practical applications such as fan, motors, engines, and other
rotating devices generate nonstationary narrowband signals.
The narrowband control based on the adaptive notch filter
needs two filter coefficients per order, and this allows less
control filter lengths. By the way, this study investigates the
narrowband signal which consists of three different orders.

Thus, a narrowband signal with three components of C1
(mode 1), C1.5 (mode 2), and C2 (mode 3) is considered for
the primary disturbance noise as shown in Figure 2(a).

The spectrogram of the disturbance signal in Figure 2(a)
indicates that three components are involved as described
previously and it stays stationarily for the first and the
last 2 seconds, respectively, but sweeps nonstationarily for
5 seconds between the two stationary signals. During the
sweep, C1, C1.5, and C2 order signals vary from 100Hz to
200Hz, 150Hz to 300Hz, and 200Hz to 400Hz, respectively.

In Figure 2(b), the block diagram of the multichannel
narrowband FxLMSwhichwas implemented in dSPACE 1104
is displayed. The block diagram shows adaptive notch filters
to cancel actively the narrowband disturbances. The block
diagram in Figure 2(b) is the extended version of Figure 1
to generate proper control signals to operate the two sec-
ondary loudspeakers. Each dashed rectangle in Figure 2(b)
represents an adaptive notch filter against one of the three
orders to drive one of the two loudspeakers.

3.2. Secondary Path Modelling. The plants of the active con-
trol system which is known as secondary paths between each
control loudspeaker, LS1 or LS2, and the error microphone
were measured with the dSPACE 1104 as plotted in Figure 1.
Both the plant models 𝑆

1
(𝑧) and 𝑆

2
(𝑧) were obtained using

the offline identification method from the measured data. As
it can be seen from Figure 3, the frequency response function
(FRF) and the impulse response functions (IRF) are plotted.

The FIR filters 𝑠
1
(𝑛) and 𝑠

2
(𝑛) were implemented for

the plant models in the control algorithm as shown in
Figure 2(b). The lengths of the FIR filters were 50 samples,
respectively, although the IRFs in Figure 3 show 200 samples.
The length of 𝑠

1
(𝑛) depends upon the performance of the

control processor for the real-time control and the complexity
of the algorithm used.

The lengths of the secondary path models in FIR filters
were chosen after analyzing the mean square of the error
signal which is the difference of the outputs between the
actual secondary path and the secondary path model. The
analysis showed that the length of 50 samples is reasonable
to choose as it offers nice control performance in terms of the
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Figure 2: Disturbance and the control algorithm. (a) Spectrogram of the disturbance signal. (b) Implementation of the multichannel FxLMS
algorithm for narrowband noise control.
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Figure 4: Real-time narrowband control results without the quality factor. ((a), (b), (c)) Spectrograms after control when LS1 only, LS2 only,
and LS1 + LS2 are operated, respectively. ((d), (e), (f)) Comparison of error spectra between “before control” and “after control.” ((g), (h), (i))
Comparison of attenuations.

MSE (mean square error) and real-time computation time.
The longer filter length gives the further reduction in control
but it requires further real-time processing capability.

4. Results and Discussions

In this experiment, either LS1 or LS2 or both (LS1 + LS2)
the two secondary loudspeakers were used for the control.

Also the control results present without (𝛽 = 0) and with the
quality factor (0 ≤ 𝛽 ≤ 1).

4.1. Active Control Results without the Quality Factor (𝛽 = 0).
When the quality factor was not applied (𝛽 = 0) to the control
implementation, the real-time control experiment results
show the full performance with the largest attenuations as
shown in Figure 4. Figures 4(a), 4(d), and 4(g) indicate the
spectrogram of the error signals after control, comparison of
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the error spectra 𝑆
𝑒𝑒
(𝑓) between before and after control, and

the attenuation Att(𝑓), respectively, when only LS1 is used.
The attenuation is defined as follows:

Att (𝑓) = 10 log10 [
𝑆
𝑒𝑒,after (𝑓)

S
𝑒𝑒,before (𝑓)

]

= 10 log10 [
𝑆
𝑒𝑒,after (𝑓)

𝑆
𝑑𝑑
(𝑓)

] ,

(8)

where the subscripts after and before represent “after control”
and “before control,” respectively, and 𝑆

𝑑𝑑
(𝑓) is the distur-

bance spectrum.
When only LS1 is used, the spectrogram of the error

signals after control, compared with Figure 2(a), shows that
three sweeping components (C1, C1.5, and C2) are attenuated
very well. The average attenuation level over the frequency
range of 100–400Hz in this case is about 25.62 dB as summa-
rized in Table 1.

Figures 4(b), 4(e), and 4(h) show that the average attenua-
tion level of the error signals over the same frequency range is
about 24.09 dB as only LS2 is used. Also Figures 4(c), 4(f), and
4(i) demonstrate that the average attenuation level is about
29.74 dB when both LS1 and LS2 are used.

It is noted that the case with both LS1 and LS2 shows the
best performance compared with the other two cases. It is
eminent from the results in Figure 4 that the frequency region
especially around 320Hz (C3) is not controlled effectively.
This is caused by the fact that the eigenvalue spread is
inherently wider than other regions in this duct control
system.

The less controlled peak around 300Hz in Figure 4 is
caused by the sudden phase change in the secondary path
around that frequency as plotted in Figure 3(a), which is
determined by the physical dimension of the duct and the
physical and electrical properties between the secondary
loudspeakers and the errormicrophone. In active control, the
sudden phase change at a certain frequency especially limits
the convergence coefficient value in order to maintain the
stability of the control system. So the sudden phase change
determines the control performance. Once the convergence
coefficient value increases, the peak around that frequency
can be increased abruptly and threatens the stability. Thus
even if the duct dimension cannot be redesigned, one can
reduce the amount of the phase change at a certain frequency
by modifying the physical and electrical properties of the
secondary paths. Then the change can lead to better control
performance.

From Table 1, the result differences between LS1 only
and LS2 are observed although they are not big. This is
mainly caused by the differences in terms of the physical and
electrical properties between the two secondary paths. The
convergence coefficient values are different slightly in the two
paths and bring about the result difference.

In addition, although it might look so natural this justifies
the fact that the use of more control loudspeakers can
introduce better attenuation in active noise control provided
that the complexity of the algorithm is not beyond the

Table 1: Average attenuation in dB of the error signals without/with
the quality factor.

LS1 only (dB) LS2 only (dB) LS1 + LS2 (dB)
C1 (𝛽 = 0.0) 5.28 5.97 —
C1.5 (𝛽 = 0.0) 1.40 1.22 —
C2 (𝛽 = 0.0) 6.03 5.82 —
C1, C1.5, C2 (𝛽 = 1.0)
Control off 0.00 0.00 0.00

C1, C1.5, C2 (𝛽 = 0.5)
Quality control on — — 5.84

C1, C1.5, C2 (𝛽 = 0.2)
Quality control on — — 13.71

C1, C1.5, C2 (𝛽 = 0.0)
Control on (full) 25.62 24.09 29.74

computation power of the real-time processor and the control
is stable.

4.2. Active Control Results for Each Component without the
Quality Factor (𝛽 = 0). Again if the quality factor was not
applied (𝛽 = 0) to the narrowband control implementation,
the spectrograms of the error signals after control on each
component by using either LS1 only or LS2 only are plotted
in Figure 5.

Figures 5(a), 5(b), and 5(c) show that C1, C1.5, and C2
components are cancelled out by using LS1 only. The noise at
about 320Hz in C2 is still not suppressed even if the control
is dedicated only to one component (C2) by LS1. The average
attenuation levels in this case are summarized in Table 1.

In Figures 5(d), 5(e), and 5(f), the spectrograms of the
error signals after control are quite similar to Figures 5(a),
5(b), and 5(c). It is noted that the average attenuation at
C1.5 with LS2 is a bit better than LS1 from Figures 5(b) and
5(e), although the average attenuation level in Table 1 shows
differently. Because the C1.5 which extends from 150Hz to
300Hz overlapswithC1 at 150–200Hz andC2 at 200–300Hz,
the average attenuation levels for C1.5 cannot represent actual
results in this case.

4.3. Active Control Results with the Quality Factor (0 ≤ 𝛽 ≤
1). In this section, three different quality factors of 𝛽 = 0,
𝛽 = 0.2, and 𝛽 = 0.5 were applied to the actual control
implementation; the real-time control experiment results in
terms of their attenuations when both LS1 and LS2 are used
are shown in Figure 6. As Figures 6(a), 6(b), and 6(c) indicate
the attenuation at 𝛽 = 0 (full control), 𝛽 = 0.2, and 𝛽 = 0.5,
respectively, the largest attenuation was observed at 𝛽 = 0.

The control results including the error spectrum 𝑆
𝑒𝑒
(𝑓)

and the attenuation Att(𝑓) in the frequency domain are
presented in Figures 7(a) and 7(b) with 4 different 𝛽 of 1.0
(before control, thin lines), 0.5 (quality control, dashed lines),
0.2 (quality control, thick lines), and 0.0 (full control, thickest
lines).
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Figure 5: Spectrograms of the error signals from real-time narrowband control results for each component without the quality factor. (a) C1
control with LS1. (b) C1.5 control with LS1. (c) C2 control with LS1. (d) C1 control with LS2. (e) C1.5 control with LS2. (f) C2 control with LS2.
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Figure 6: Spectrograms of the error signals from real-time narrowband control results with the quality factor when both LS1 and LS2 are
operated. (a) 𝛽 = 0. (b) 𝛽 = 0.2. (c) 𝛽 = 0.5.
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Figure 7: Comparison of control performances in terms of error spectra and attenuation between before control (𝛽 = 1.0: thin lines) and after
control (𝛽 = 0.5: dashed lines, 𝛽 = 0.2: thick lines, and 𝛽 = 0.0, thickest lines) against narrowband noise. (a) Error spectra. (b) Attenuations.

Figure 7 shows the effect of the sound quality factor
variation dramatically in both the error spectra and the atten-
uation. As summarized in Table 1, the average attenuations
over the frequency range of 100Hz–400Hz for 𝛽 = 0.0,
𝛽 = 0.2, 𝛽 = 0.5, and 𝛽 = 1.0 are 29.74 dB, 13.71 dB, 5.84 dB,
and 0.00 dB, respectively.

It is obvious that the lower 𝛽 cancels the more primary
noise as defined in the theory although the attenuation levels
are not exactly and inversely proportional to the quality factor
𝛽. It is also observed that there are no spillover phenomena
after control beyond the frequency of 400Hz in the low-pass
filters and this indicates that this approach operates with high
stability and very nice performance over a wide frequency
range.

The control results shown in Figures 6 and 7 demonstrate
that any specific acoustic modes can be suppressed as much
as it is necessary by using the quality factor 𝛽. This can be
extended to even more complicated sound quality control
systems such as vehicles or other products.

By the way, the optimal quality factor can be calculated
when a target profile is given before control in this approach.
The quality factor can be adapted automatically during
control when the target profile over frequency is predefined
before control. For the implementation of those systems, it
is necessary to insert the command input (target profile)
signal into the block diagram in Figure 1; then the difference
between the command input and the error signal is feedback
to the LMS algorithm.

As an ASQC system requires controlling the primary
noise to a certain target profile over frequency, it is expected
that this approach could provide a practical solution.

In addition, if the primary input signal is broadband, the
quality factor will work equally over the frequency range.This
will lead to attenuation of the noise level but the amount of the

attenuation might be less than that for the narrowband input
signal.

5. Conclusions

This study presents active sound quality control of some
acoustic modes (C1, C1.5, and C2 components) in a 1-
dimensional duct by means of the quality factor 𝛽manipula-
tion, which was implemented in the real-time multichannel
FxLMS algorithm based on biologically inspired learning.
Control results show that the algorithm with or without
the quality factor provided stable and excellent responses in
experiments compared to before control. As either or both the
two control loudspeakers in the duct can be used, the three
components were controlled at the same time or separately
with large attenuations.

For the individual control with either LS1 or LS2, the
average attenuations are quite similar with or without the
quality factor. LS1 especially showed 25.62 dB reduction in
overall when beta = 0, but LS2 gave 24.09 dB reduction.

The quality factor value influences tremendously control
results; as the values decrease with beta = 1.0, 0.5, 0.2, and
0.0, the attenuation levels increase to 0.00, 5.84, 13.71, and
29.74 dB when LS1 and LS2 are used.

It is obvious that the lower 𝛽 cancels the more primary
noise as defined in the theory although the attenuation levels
are not exactly and inversely proportional to the quality
factor. The multichannel sound quality algorithm worked
with nice stability and performance against a narrowband
noise.The results in this study can be used for practical active
sound quality control systems.

For the future, a target profile based control will be
investigated to extend this study for actual application
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to a large duct system. The new control scheme will contain
the command input (target profile over frequency) and
the input will be compared with the error signal to drive
the adaptive FxLMS algorithm. The quality factor will be
automatically updated at each sample to meet the target
profile.
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As various applied sensors have been integrated into embedded devices, the Embedded Graphics Processing Unit (EGPU) has
assumedmore processing tasks, which requires an EGPUwith higher performance. A tile-based EGPU is proposed that can be used
in both general-purpose computing and 3D graphics rendering. With fused, scalable, and hierarchical parallelism architecture, the
EGPU has the ability to address nearly 100 million vertices or fragments and achieves 1 GFLOPS per second at a clock frequency of
200MHz. A fused and scalable architecture, constituted by Universal Processing Engine (UPE) and Graphics Coprocessor Cluster
(GCC), ensures that the EGPU can adapt to various graphic processing scenes and situations, achieving more efficient rendering.
Moreover, hierarchical parallelism is implemented via the UPE. Additionally, tiling brings a significant reduction in both system
memory bandwidth and power consumption. A 0.18 𝜇m technology library is used for timing and power analysis. The area of the
proposed EGPU is 6.5mm ∗ 6.5mm, and its power consumption is approximately 349.318mW. Experimental results demonstrate
that the proposed EGPU can be used in a System on Chip (SoC) configuration connected to sensors to accelerate its processing and
create a proper balance between performance and cost.

1. Introduction

With the development of embedded applications, various
embedded platforms and devices have become an essential
part of people’s daily lives [1]. Mobile phones, hand-held
electronics, and automobile electronics have greatly changed
the way people live. As the most significant part of an
embedded platform, the Graphics Processing Unit (GPU)
plays an important role in an embedded system [2].

The concept of GPU was first put forward by NVIDIA
in 1999 [3]. Its powerful performance in both 3D graphic
processing acceleration and general-purpose computing has
attracted considerable attention from researchers in different
fields [4, 5].The hardware design of GPUs hasmade dramatic
progress during the last decade. The modern GPU has
evolved from a traditional fixed-function graphics pipeline
to a programmable parallel processor. Traditional graph-
ics processing pipelines consisted of fixed-function stages

without programmability. With the advent of vertex and
fragment shaders, vertices, and pixels could be processed,
respectively. However, when these shaders were applied in
different processing cases, typical workloads of vertex and
fragment shaders were usually not well balanced, which led to
inefficiency. Unified shader architecture was then introduced
to enable dynamic load balancing of mutative vertex- and
pixel-processing workloads [6].

Mobile applications have achieved great success in recent
years [7]. The performance of the Embedded GPU (EGPU)
has become one of the most crucial factors in evaluating
embedded platforms. Compared with a desktop GPU, an
EGPU requires equivalent processing performance, reduced
energy consumption, better portable APIs, low cost, and
more efficient use of memory bandwidth. These critical
factors relate to each other dependently and tightly, which
determines the optimization strategies in EGPU hardware
design.The ImmediateModeRenderer (IMR) andTile-Based
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Renderer (TBR) are two of the most popular renderers in
modern EGPU hardware design. Whereas a traditional IMR
renders all objects within the screen’s boundaries, a TBR
renders each screen tile one after the other until the full image
is rendered. Furthermore, an IMR relies on the depth values
in the Z-buffer to sort the final results. As a result, obscured
fragments are still processed, and the amount of overdraw has
increased by between 4 and 5 times as modern games have
become more realistic [8], causing a great waste in memory
bandwidth. On the contrary, TBR determines what is visible
and only renders what is necessary to avoid overdraw.

Tile-based methods split the display screen into tiles,
which are independent of each other. Because each tile
region occupies a small subset of the entire scene, reduced
memory access can easily be implemented based on on-
chipmemory.There are several on-chipmemories to support
tile-based graphic processing, including the Z-buffer, color
buffer, and tile frame buffer. A 𝑍-test is performed based on
the on-chip Z-buffer. Pixel processing and blending use the
color buffer and the on-chip “tile frame buffer” is used as a
local storage area. Compared with a conventional 3D EGPU,
a tile-based EGPU reduces memory bandwidth costs and
enhances the system performance. All the on-chip processing
is performed at high depth and pixel accuracy at the full clock
rate without external memory access latency. This approach
greatly saves memory bandwidth and, thus, enables modern
games and other graphics applications to run with optimized
performance [9].

In this paper, a fused EGPU architecture is proposed.
The Universal Processing Engine (UPE) cooperates with the
Graphics Coprocessor Cluster (GCC), completing graph-
ics processing tasks and general-purpose computation effi-
ciently. This design is a flexible combination that can operate
in both tile mode and blending mode to handle most
scenes. The proposed tile-based EGPU platform renders
opaque objects based on a fused and parallel architecture.
Considering that tiles are independent from each other,
more processing elements meanmore powerful performance
and higher parallelism. Two Universal Processors (UPs) are
designed in this paper to address tiles rendering under the
management of the Universal Processor Controller (UPC).
Based on a SIMT (Single Instruction Multiple Threads) [10]
architecture, different threads are concurrently distributed to
Streaming Processors (SP) in the UPs. Both specific graphics
processing andGeneral-PurposeGPU (GPGPU) tasks can be
executed and accelerated.

In this work, the following contributions have beenmade:
(1) The UPE and GCC constitute fused and scalable

architecture, allowing the whole platform to operate
in different modes to meet various scenes.

(2) Different tiles are assigned to different UPs in the ren-
dering stage, making the systemmore efficient. SIMT
architecture is applied in the UP, whose processing
units are allocated with different threads. The entire
UPE is implemented with hierarchical parallelism.

(3) A flexible tiling mechanism is designed to finish the
𝑍-test earlier, reducing overdraw and improving the
efficiency.

(4) A Memory Hub (MH) is introduced to solve the
conflicts in memory access.

The rest of the paper is organized as follows. Section 2
describes the architecture of the proposed EGPU.The exper-
imental results are provided in Section 3. Section 4 presents
the conclusion and direction of further consideration for
future works.

2. Tile-Based EGPU

In this section, a tile-based EGPU is presented in detail, as
shown in Figure 1.The proposed EGPU architecture contains
a UPE and GCC for processing acceleration. The UPE’s
processing operations are based on a unified programmable
model, which can be used in both graphics processing and
general-purpose computation. The GCC, including tiling,
blending, texturing, and interpolating coprocessors, cooper-
ates with the UPE to achieve enhanced graphics processing
performance. The UPE and GCC are fused together in the
EGPU to constitute a fused hardware platform for different
processing situations and application cases. The other com-
ponents, including command processing, data preparation,
data preprocessing, and the raster operations, cooperate with
the UPE and GCC to complete the entire graphics processing
flow. All components communicate with each other via an
internal network and buffers, working as a whole.

A command processor (CP) responds to commands from
the host CPU and coordinates with other EGPU components
to work harmoniously. The CP analyzes instructions, sends
control signals to the data preparation (DP) unit, dispatches
instructions to the UPE, and changes the rendering mode
according to the current application scenes. The DP unit
collects geometric primitives, such as points, lines, triangles,
and fetches associated vertex attribute data from theMH.The
fetched data are stored in an input buffer so that the UPE can
access them directly. After the UPE completes the processing
of vertex shading programs, the result data are written to
the on-chip internal buffer and are then further processed
by the Primitive Assembler (PA)/clip/viewport/setup/raster
unit under the CP’s control until realization of the final pixel
fragments.

The PA assembles related vertices into triangles to build
up basic geometry primitives. Then, the viewport and clip
units clip the primitives into the standard view frustum.They
transform the postclipping vertices into screen (pixel) space
and reject primitives outside the view volume as well as back-
facing primitives. Surviving primitives are then processed by
the setup unit to generate edge equations for the rasterizer.
Attribute plane equations are also generated for the linear
attribute interpolation of pixels in the pixel shading stage.
A coarse rasterization stage generates all pixel tiles that are
at least partially covered by the primitive. The UPE reads
the relative pixel fragment data from the internal buffer to
complete pixel-fragment shading. Shaded pixel-fragments
are sent across the interconnection network to the Raster
Operation Processor (ROP) unit. Data in the output buffer
are finally written to system memory via the MH.
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Figure 1: Architecture overview of the EGPU.

2.1. Universal Processing Engine. The UPE, as shown in
Figure 2, is the processing core of the entire EGPU, undertak-
ing the majority of the workload in both graphics processing
and scientific computation.The UPE is designed as a parallel
and hierarchical architecture, containing 2 unified UPs that
work together under the management of the UPC. The UPC
sends instructions and corresponding data from the input
buffer or internal buffer to each UP, which executes vertex,
geometry, and pixel shading programs and general comput-
ing programs. As the central control unit in theUPE, theUPC
distributes various types of tasks to the UPs and balances the
workload of each UP dynamically. Two independent UPs can
work in parallel and improve the efficiency of the EGPU. In
particular, in a tile-based EGPU architecture, each UP can
process different tiles simultaneously in the fragment shading
stage.

UP, based on a hierarchical architecture, is the basic
and vital processing unit of the UPE. A UP is composed
of an instruction pool (IP), a thread distributer (TD), a
Hierarchical Processing Group (HPG), and internal memory.
The TD reads instructions from the IP, which stores 32
instructions from the CP, and allocates them to the HPG.The
HPG, including SPs and a Special Function Unit (SFU), is the
execution unit of the UP. Once all data have been processed,
they are written to the output buffer. General algorithms,

logic, andmemory access can be processed in theHPG,which
supports 16 specific operations for each type. Most EGPU
operations are covered.

The memory unit in each UP consists of a constant
buffer, shared memory, and relative memory. The constant
buffer stores constants used in the EGPU shading stage. The
shared memory belongs to the HPG and is divided into
5 banks for the 4 SPs and 1 SFU. Intermediate results are
written into shared memory for data exchange in the HPG.
Relative memory stores data corresponding to the current
shading stage. An anticonflict mechanism is proposed to
ensure ordered memory access. SPs and the SFU write data
to their own bank to avoid data conflicts. Their reading and
writing access is also given specific priority to ensure that the
correct data are accessed in order.

Instruction coissue is implemented in the UP with the
help of the TD. Instructions are tagged from 1D to 4D
according to their dimension. All processors in the HPG,
SPs, and SFU are 1D scalar ones that can only address 32-
bit floating operations. The dimension reflects the width
of the data that are waiting to be processed. Thus, the
operations on 64-bit, 96-bit, and 128-bit data are defined
as 2D, 3D, and 4D operations, respectively. While 128-bit
operations can fully utilize the 4 SP cores, other operations
must be combined to occupy all SP cores simultaneously.The
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combinations of 3D and 1D operations, 2D and 2Doperations
are used in this paper. For the most intricate occasion, the
TD launches 4 independent 1D instructions simultaneously.
With the coissue architecture, all the SP cores are occupied
to make the instruction execution more efficient. Moreover,
the TD distinguishes between basic operations and complex
ones and distributes them to SPs and the SFU as different
threads. By communicating with the HPG, the TD balances
the workload dynamically. Additionally, a flexible memory
access mechanism is designed to solve the memory access
conflicts that arise with instruction coissue. Two AXI buses
are valid for SPs, and another one is reserved for the SFU.
Consequently, 4D, 3D and 1D, and 2D and 2D instructions
can read corresponding data in one cycle. Four 1D instruc-
tions spend 2 cycles to finish a memory access.

Processing element (PE) and computing unit (CU) are the
basic parallel processing units of the SP and SFU, respectively.
The HPG is a hierarchical processing system. SPs and the
SFU compose a scalable architecture to address basic and
complex operations, respectively, which constitutes top-level
parallelism. Additionally, the parallel processing among PEs
and CUs is an underlying parallelism. Hierarchical paral-
lelism makes it efficient to address those threads allocated by
the TD.

The architecture of an SP and an SFU is shown in
Figure 3. The SP and the SFU have similar architectures,
and the SFU is more complicated to address those complex
operations.Thebasic operations, such as adding,multiplying,
and comparison, can be executed in one cycle.However, com-
plex ones, such as trigonometric functions and logarithm,
may need multiple cycles because of their complexities in
accessing lookup tables (LUTs). Recognizing the fact that
most operations are basic ones, the SFU is separated and

shared by the SPs to reduce the consumption of area on the
chip [14].

An LUT is designed to yield a complex calculation result
by indexing a predefined array to reduce processing time
because retrieving a value frommemory is usually faster than
undergoing a complex computation. The width of the input
operand influences the hardware area and accuracy of the
LUT. The input of an LUT in this paper is 6 bits in width,
with a 3-bit function control. Functions implemented in an
LUT include reciprocal, sine, cosine, exponent, and binary
logarithm.

Considering that each SP or SFU can only obtain one
memory bus, PEs and CUs work in a pipeline to ensure that
only one PE or CU occupies the memory bus in each clock
cycle. In each PE, operations are divided into 5 substages:
instruction fetch (IF), instruction decode (ID), read data
(RD), execution (EXE), and write data (WD). An instruction
is first fetched from the instruction FIFO, and then it is
decoded in the ID stage. After data are prepared in the
RD stage, the instruction is executed in the EXE stage.
Finally, corresponding data are written to memory in the
WD stage. The general-purpose registers (GPR) array is the
interface for PEs and CUs to interact with shared memory.
A CU is designed with a similar pipeline. Three extra cycles
are added to address the requests of complex operations,
and these cycles are defined as EXE0, EXE1, EXE2, and
EXE3. Compared with PE cores, which can only address
basic operations, CU cores contain more algorithm and logic
resources for complex operations.

2.2. Graphics Coprocessor Cluster. Graphics coprocessors
are integrated into the EGPU system to accelerate
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graphics-related calculations. In this design, four graphics
coprocessors, including a tile coprocessor (TC), early
Z and interpolation coprocessor (EZIC), texture fetch
coprocessor (TFC), and alpha-blending coprocessor (ABC),
are integrated to undertake specific graphics tasks. Various
coprocessors are used in different modes under the control
of the CP. Two modes are provided in this design, tile mode
and blending mode. The first one is used for opaque scenes,
as shown in Figure 4. The latter is applicable for transparent
or blended scenes.

The TC, as shown in Figure 5, performs clip, project, and
overlap test operations for geometric data that have been
transformed by the UPE. In a unified shader-based system,
the UPE executes vertex shading programs on geometric

data for coordinates transformation and other per-vertex
operations, such as lighting. Result data are then given to the
TC. The TC divides the screen into several tiles, judges the
relationships between triangles within the screen and tiles,
and writes relative information to the tile list. A Bounding
BoxTest (BBT) is used to decide the overlap between triangles
and tiles. As shown in Figure 5 [8], if the triangle is judged
as belonging to a specific tile, information of that triangle is
written into the corresponding position of the tile list. After
all triangles have passed the BBT, the TC updates all the tiles
covered by objects and writes out the transformed data to the
geometry buffer.

The number of tiles required to complete the render is
determined by the resolution of the tiles. Larger tile size does
improve performance, leading to fewer tiles to process and
fewer tile lists to update. However, it also causes an increase of
the on-chip memory requirements in the graphics core. The
choice of tile size is a balance between graphics processing
performance and the cost of additional resources. In this
paper, the size of each tile is fixed at 32× 32 to handle different
scenes.

After tiling, object data are tested and processed by the
EZIC. In general, the TC and EZIC are enabled simul-
taneously. The EZIC, as shown in Figure 6, compares the
calculated depth information of each fragment with the
values stored in the on-chip tile depth buffer to determine if
the current fragment is visible. Only those visible fragments
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are then interpolated and stored in the internal buffer.
Fragments of different primitives are distinguished by tags
to identify the primitive properties that should be used to
texture the fragments later on. When all of the primitives
in the tile list have been processed, the EZIC submits the
remaining fragments back to the UPE for texturing and other
operations. Additionally, the fragments belonging to the same
primitive are organized in the same group with the help
of their tags, to improve efficiency in memory access and
fragment processing.

The TFC prefetches texture data based on calculated tex-
ture coordinates before the UPE begins to process fragments.
The TFC calculates the corresponding address according to
the texture coordinates and then sends reading requests to
the MH. The prepared texture data are stored in the on-chip
buffer for ease of access by the UPE.

The ABC is designed to draw transparent objects and
implement graphics blending effects. To render blended

objects accurately, the hardware has to process each object
individually as they may all contribute to the frame buffer’s
color. Unfortunately, with the tile architecture, the depth
test is performed earlier, and the obscured objects are
all discarded. As a result, alpha and blending cannot be
simultaneously realized. To overcome this drawback, the
ABC method is proposed. When the current scene requires
transparency or a blending effect, the CP halts the TC and
EZIC. The entire system exits tile mode and enters blending
mode.Then, the CP dispatches the rendering task to the UPE
and ABC.The UPE completes the vertex and fragment stages
without tiling acceleration. At the end of rendering, the ABC
calculates the new color according to the blending coefficients
and the original color in the color buffer and then replaces
the original color in the frame buffer, as shown in Figure 6.
The ABC is designed for transparent or translucent scenes,
which require blending operations. All blending operations
are performed by accessing the on-chip color buffer so that



Journal of Sensors 7

CP

Arbiter

Memory management unit

DP TFC ROP

Outgoing
request
queue

Prefetch 
bypass Data

path

To AXI

Input request queue

Requests classification

Address mapping Data transfer

Read/write control

Prefetch
bypass

Data
pool

Normal
requests

Requests

To
arbiter

MMU

Figure 7: Architecture of the MH. Left: arbitration in the MH; right: architecture of the MMU.

they can be executed very quickly and not waste additional
system memory bandwidth. The architecture of the EGPU
with an ABC can adapt to increased types of scenes and
obtain further flexibility.

2.3. Memory Hub. The MH provides arbitration for out-
going requests to system memory and also buffers data
simultaneously. The MH functions as an arbiter to handle
conflicts among related parts during memory access. As
shown in Figure 7, the MH interacts with the following
EGPU modules: the CP, DP, TFC, and ROP. The CP fetches
instructions from system memory via the MH.The DP reads
vertex data from the MH and then sends them to the input
buffer, which consists of a list of buffers, including the vertex
buffer, color buffer, and normal buffer. Additionally, all of
these buffers are used to store the corresponding data. The
TFC fetches textures via the MH, and the ROP writes data
back to the system with the help of the MH. Moreover,
the CP and DP support multiple read targets, which are
identified with different master IDs. The MH supports a
total of 4 unique read masters and 2 write masters. The MH
responds to those requests and gives them permission to
read or write. When several memory requests are sent to
the MH simultaneously, the MH gives turn-around access
to one of these blocks based on a predefined priority. Then,
the memory bus will be occupied and busy. The memory
management unit (MMU) will map the reading or writing
address to the input address and number, and the following
requests will enter the queue to wait for a response. Only
when thememory bus is released by the current client will the
MH continue to address the remaining outstanding requests.
Thefixed priority is designed according to the following order
of graphics processing for increased efficiency: CP → DP →
TFC → ROP.

The MMU handles the reading and writing requests of
the MH, as shown in Figure 7. Because different requests
have been arbitrated, the MMU responds to the current
request, calculates the memory address, and establishes the
data path. Requests are firstly classified. Then, their access
addresses are calculated according to their index and number.
A prefetching bypass mechanism is designed in this paper,
ensuring that high priority or emergency requests can be
responded to in time. The order of reading and writing
requests is controlled to avoid potential conflicts. Data are
transferred through the data transfer block.

3. Experimental Results

In this section, several experimental results are provided to
evaluate the performance of the EGPU system.

A system verification platform is established to verify the
performance of the EGPU design proposed in this paper. A
3D graphics scene has been developed by transferring related
data to a test case manually to meet the requirements of the
EGPU’s input. This graphics scene includes approximately
1000 vertices and 800 triangles. No point and line primitives
are included. As a result, the EGPU processes the data
successfully and produces a 2D image in the frame buffer.

The speed of the processor is regarded as one of the
most important evaluation factors. The clock cycles used by
each instruction can reflect the speed directly. Moreover, the
hardware design cost is also considered by means of the logic
design area and power consumption. The balance between
the performance and hardware cost has been studied during
the design of this work. For the proposed UP, it can enhance
the speed of processing at a low hardware resource cost.
With a frequency of 200MHz, an average of approximately
50 million vertices or fragments can be processed per second
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Table 1: Performance analysis of a UP.

Case Instruction package type: Number Clock cycles used Execution unit
1 1D ∗ 4: 𝑋 𝑋 + 5 SPs
2 1D + 3D: 𝑋 𝑋 + 4 SPs
3 2D + 2D: 𝑋 𝑋 + 4 SPs
4 4D: 𝑋 𝑋 + 4 SPs
5 Complex operation: 𝑋 𝑋 + 7 SFU

Table 2: Performance analysis of other modules.

Target: number Processing time
(Clock cycles) Processing module

Triangles:𝑋 [𝑋, 7𝑋] Clipper
Primitive:𝑋 [𝑋, 3𝑋] PA

Primitive:𝑋 Depends on the size of the
primitives TC

Table 3: Technology condition and results.

Processing technology Voltage Temperature
0.18 𝜇m CMOS 1.68V 125∘C
Area Power consumption Frequency
6.5mm ∗ 6.5mm 349.318mW 200MHz

on each UP. Table 1 presents the processing ability of a UP.
Take case 1 as an example. For four 1D instructions packed
together, the SPs take𝑋 + 5 cycles to process𝑋 packages.

In Table 2, a series of design indicators of corresponding
modules are presented. Taking triangles as an example,
the processing time is between 𝑋 and 7𝑋 clock cycles to
process 𝑋 triangles. For some operations, the clock cycle
consumption depends on objects’ sizes, positions, and also
attributes in the 3D application. For example, triangles
are usually of different sizes, which indicate the different
numbers of fragments they contain, and this will eventually
lead to difficulty in evaluating the clock cycle consumption.
Moreover, in the Clipper, primitives will firstly be classified
into three types, and operations will be different according to
these types.The first type is the primitive that is totally inside
the view frustum, and such a primitive will not be clipped.
The second type is the primitive that is totally outside the view
frustum, and such a primitive will be discarded.The final type
is the primitive that is partially inside the view frustum, and
such a primitive will be clipped. Different types have different
associated clock cycle consumptions.

Now that the clock cycles used in tiling are dependent on
the size of primitives and the overlap conditions between the
primitives and tiles, the performance of the TC is measured
by the number of triangles tiled per second.With a frequency
of 200MHz, the TC can process 5.7 million triangles per
second in the worst case and 18.4 million in the best case.

Moreover, a 0.18 𝜇m CMOS technology library is applied
to analyze the timing and power consumption in the worst
case. The results of the PVT corner, area, and power are
demonstrated in Table 3.

Comparisons have been made as shown in Table 4. The
performance of the UPE in this work is compared with that
of other designs.The area and energy performance have been
improved by varying degrees as compared with conventional
works. The UPE also provides a floating-point capacity of 1
GFLOPS.

4. Conclusion

In this paper, a tile-based EGPU is proposed with fused,
scalable, and hierarchical parallelism architecture. A UPE
is proposed to improve the computing efficiency via SIMT
architecture, a coissue mechanism, and high parallelism.
Different modes are provided to meet the demands of
different scenes with the help of the GCC, leading to a wider
range of adaptability. Additionally, the tile-based mechanism
dramatically reduces the consumption ofmemory bandwidth
by tiling the screen and using on-chip buffers. The design
of the MH avoids memory access conflicts efficiently. With
the innovation of the architecture andprocessingmechanism,
the proposed EGPU has achieved a proper balance between
performance and hardware costs. The UPE has the ability to
address nearly 100 million vertices or fragments per second
at a 200MHz clock frequency. Additionally, the TC can
process 18.4 million triangles in its best case in the tiling
mode. Additionally, a 0.18 𝜇m technology library is used
for timing and power analysis. The area of the EGPU is
approximately 6.5mm∗ 6.5mm, and the power consumption
is approximately 349.318mW.The entire EGPU can complete
graphics processing tasks successfully.Moreover, it is possible
to further improve the current design. For example, the TC
cannot operate at full speed because of the speed limitations
of the Clipper and the PA. Simultaneously, the GCC can also
be improved to match the UPE in performance and process-
ing quality.The next stage of research will be focused on ways
to enhance the efficiency of the UPE via a more advanced
architecture.
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Pulse coupled neural network (PCNN) has been widely used in image processing. The 3D binary map series (BMS) generated
by PCNN effectively describes image feature information such as edges and regional distribution, so BMS can be treated as the
basis of extracting 1D oscillation time series (OTS) for an image. However, the traditional methods using BMS did not consider
the correlation of the binary sequence in BMS and the space structure for every map. By further processing for BMS, a novel
facial feature extraction method is proposed. Firstly, consider the correlation among maps in BMS; a method is put forward to
transform BMS into frequency map series (FMS), and the method lessens the influence of noncontinuous feature regions in binary
images on OTS-BMS. Then, by computing the 2D entropy for every map in FMS, the 3D FMS is transformed into 1D OTS (OTS-
FMS), which has good geometry invariance for the facial image, and contains the space structure information of the image. Finally,
by analyzing the OTS-FMS, the standard Euclidean distance is used to measure the distances for OTS-FMS. Experimental results
verify the effectiveness of OTS-FMS in facial recognition, and it shows better recognition performance than other feature extraction
methods.

1. Introduction

Face recognition is an important research field of pattern
recognition; it has good potential applications in biologi-
cal recognition technology, security system, and so on. At
present, there are many face images through sensors, so we
need a good algorithm to deal with these images. In the
process, because of face data space caused by the problem
of dimension disaster, facial feature extraction method with
spatial dimension reduction effect is becoming the key
technology of face recognition. In the past several decades,
many researchers proposed a lot of methods to extract facial
features such as geometric characteristics, subspace analysis
[1–5], and neural network method [6].

The method of geometric characteristics [7] uses the
calculation of geometric parameters as the face features;
it has good adaptability to illumination changes, but poor
adaptability to the more obvious facial expression, posture,
and rotation changes, and so forth. At present, the subspace
analytical method is a popular face recognition method,
it employs a transform method of linear or nonlinear to
make the data in the cast shadow space embodying explicit
feature pattern, so as to extract the key features such as

the method of PCA [1], LDA [2], and ICA [3] based on linear
transformation and the method of KPCA [4], KFDA [5], and
KICA based on nonlinear transformation. However, these
methods have poor adaptability to the changes of rotation
and distortion in the image. Neural network is based on
the nonlinear transform ability of the network structure and
uses the learning of the training sample to get nonlinear
transforming space of the data and then to obtain the facial
features according to the nonlinear transforming space, for
instance, using SOM neural network and fuzzy RBF neural
network, and so forth. But neural network method will likely
cause over-fitting in the learning process for the samples of
empirical risk minimization principle. Besides, the subspace
analysis method and the face feature extraction method of
traditional neural network need face samples to learn; if the
training samples are changed, the projection transformation
space of the data also wants to change; thus, the calculated
amount in large-scale human face feature extraction is too
large; its application in the real-time demand higher occasion
is limited.

In 1993, Johnson and Ritter proposed pulse coupled
neural network (PCNN) [8] based on Eckhorn research
in cat’s visual cortex. It has widely been used in image
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Input image PCNN Output binary map with pulses

Figure 1: The structure of image processing using PCNN.

segmentation [9, 10], image fusion [11–13], image retrieval
[14], and so forth. In PCNN, the similarity group neurons will
issue synchronous pulses under the effect of mutual coupling
pulses. These pulses information constitute a 3D binary map
series (BMS), which effectively describes the information of
the edge and regional distribution of the image. But the data
size of the BMS is larger and cannot be directly used as the
image features; for this reason, by calculating the area of the
binary image, Johnson [15] transformBMS into 1D oscillation
time sequences (OTS), and the OTS has a good invariance
in geometric transforming such as rotation, translation, and
zoom. Based on the pulse mechanism of the neuron in
PCNN, the pulses are divided into the capture pulses and self-
excitation pulses, and the OTS is divided into C-OTS and S-
OTS, and serve as the facial features extraction in face recog-
nition [16]. Reference [14] extracted 1D OTS of the BMS by
calculating the normalization rotational inertia (NRI) of the
binary image and applying it to the image retrieval. However,
the OTS feature extraction method of the image based on
BMS did not fully consider the correlation between BMS in
the binary images; those discontinuous features regions will
cause influence for the pattern classification capability ofOTS
features. In addition, the OTS of Johnson’s form is statistical
characteristics in the sense of whole situation of the binary
images; these did not consider the spatial structure of the
image, and the spatial structure information often plays an
important role in pattern classification.

In view of the above analysis, this paper proposed a novel
face feature extraction method of OTS based on the BMS of
PCNN output, and, compared with the traditional subspace
analysis and neural network method, the results will not
change with the sample space change.

2. Pulse Coupled Neural Network

The PCNN model consists of the receptive field, the mod-
ulation field, and the pulse generator. In the receptive field,
the neuron, respectively, receives the coupling pulse input 𝑌
and external stimulus input 𝑆 of neighboring neurons and
consists of 𝐿 and 𝐹 channels, which is described by (1).
In 𝐿 and 𝐹 channels of the neuron, the neuron links with
its neighborhood neurons via the synaptic linking weights
𝑊 and 𝑀, respectively; the two channels accumulate input
and exponential decay changes at the same time; the decay

exponentials of 𝐿 and 𝐹 channels are 𝛼
𝐿 and 𝛼

𝐹, while the
channel amplitudes are 𝑉

𝐿 and 𝑉
𝐹:
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(1)

In the modulation field, the linking input 𝐿
𝑖𝑗
(𝑛) is added

a constant positive bias; then, it is multiplied by the feeding
input; the bias is unitary, 𝛽 is the linking strength, and the
total internal activity 𝑈 is the result of modulation, which is
described by

𝑈
𝑖𝑗 (𝑛) = 𝐹

𝑖𝑗 (𝑛) [1+𝛽𝐿
𝑖𝑗 (𝑛)] . (2)

Pulse generator consists of a threshold adjuster, a compar-
ison organ, and a pulse generator. Its function is to generate
the pulse output 𝑌, and it adjusts threshold value 𝜃

𝑖𝑗
; 𝑉𝜃
𝑖𝑗
is

threshold range coefficient, which is described by (3). When
the internal state 𝑈 is larger than the threshold 𝜃, the neuron
generates a pulse, which is described by

𝜃
𝑖𝑗 (𝑛) = 𝑒

−𝛼
𝜃

𝜃
𝑖𝑗 (𝑛 − 1) +𝑉

𝜃

𝑖𝑗
𝑌
𝑖𝑗 (𝑛 − 1) , (3)

𝑌
𝑖𝑗 (𝑛) =

{

{

{

1, 𝑈
𝑖𝑗 (𝑛) > 𝜃

𝑖𝑗 (𝑛)

0, otherwise.
(4)

In the above equations, the subscripts 𝑖 and 𝑗 denote
the neuron location in a PCNN and 𝑛 denotes the current
iteration (discrete time step), where 𝑛 varies from 1 to 𝑁 (𝑁
is the total number of iterations).

ThePCNNused for image processing is a single layer two-
dimensional array of laterally linked pulse coupled neurons as
shown in Figure 1, and all neurons are identical. The number
of neurons in the network is equal to the number of pixels
in the input image. There exists one-to-one correspondence
between the image pixels and network neurons, and the gray
value of a pixel is taken as the external input stimulus of the
neuron in 𝐹 channel; namely, 𝑆

𝑖𝑗
= 𝐼(𝑖, 𝑗). The output of

each neuron results is two states, namely, pulse (1 state) and
nonpulse (0 state), so the output states of neurons comprise a
binary map.



Journal of Sensors 3

Figure 2: An example of binary map series (BMS).

3. Face Feature Extraction Using PCNN

In PCNN, each neuron is connected with neighboring neu-
rons in linking range, so a neuron will receive some pulse
inputs from its adjacent neurons. If adjacent neurons have
a similar external stimulus with the current neuron, the
neuron will issue pulse because of pulse coupled action; that
is to say, the neuron and its similar adjacent neurons will
emit synchronous pulses. So the similar group of the PCNN
neurons possesses the pulse synchronization characteristic
and the characteristic benefit features clustering for an image.

3.1. Feature Extraction Based on Binary Map Series of PCNN.
The PCNN will output a binary map in each iteration, so
a binary map series (BMS) which contains 𝑁 binary maps
will be generated after 𝑁 iterations, which is recorded 𝑌 =

⟨𝑌(1), 𝑌(2), . . . , 𝑌(𝑁)⟩ and is shown in Figure 2.
Figure 2 shows a face image in the upper left corner,

and others are the face image of BMS generated by PCNN.
The results in Figure 2 show that the BMS effectively reflects
the edge details and regional features distribution, and on
the time axis of the image sequence, it well demonstrates
that the process produces changes of the image features by
neighborhood neurons pulse coupling. In addition, some
characteristics of the regional component cycle are repeated
with certain cycle in BMS, but some feature components are
contracting on the time axis, while others are expanding.
The phenomenon actually shows that the PCNN operates the
features region clustering in smooth form.

In PCNN, an image of size𝑚×𝑛will generate a BMSwith
the size𝑚×𝑛×𝑁; this means the data of the BMS is𝑁 times
greater than that of the original image, so the BMS cannot
be directly applied to pattern classification. If each 2D binary
map in BMS could be translated into 0D data points by some

means or another, then the 3D BMS could be translated into
a 1D oscillation time sequence (OTS) of the size 1 × 𝑁; thus,
the OTS realizes the feature extraction and data dimension
reduction of the image. Because this kind of OTS is generated
by BMS, it can be denoted as OTS-BMS. Johnson [15] put
forward a method of translating a binary image into 0D data
points by calculating the area of the binary map; thus, this
kind of OTS-BMS can be described by (5); an example is
shown in Figure 3:

BS (𝑛) = ∑𝑌 (𝑛) . (5)

3.2. Frequency Map Series and Feature Extraction. OTS-BMS
defined by (5) is a global statistical result of each binary image,
so in a binary map, those pulses (1 state) at different location
and not in same feature region will play the same role in
the feature description with OTS-BMS. Thus, this king of
OTS-BMS not only failed to properly describe the correlation
among binary maps in chronological order but also cannot
well describe the spatial structure information of a binary
map, but the information is very important for improving
the effectiveness of pattern classification using BMS. In view
of this, we define a frequency map series (FMS) based on
the above BMS, which is described by (6), and an example
is shown in Figure 4:

FS = ⟨𝐹 (1) , 𝐹 (2) , . . . , 𝐹 (𝑁)⟩ , (6)

𝐹 (𝑛) =

𝑛

∑

𝑘=1
𝑌 (𝑘) . (7)

In FMS, if each 2D frequency map can be transformed
into 0D feature points, then 1D time sequence signature
OTS-FMS can be extracted from 3D FMS. In addition, to
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Figure 3: An example of OTS-BMS for a face image.

Figure 4: An example of FMS for a face image.

make the 0D feature points as possible as including the
space structure information of a frequency map, here we use
two-dimensional entropy of an image to extract 0D feature
information for a frequency map. The two-dimensional
entropy of an image is defined by (8):

𝐻 = −

𝑄

∑

𝑖=0

𝑄

∑

𝑗=0
𝑃
𝑖𝑗
log𝑃
𝑖𝑗
, (8)

𝑃
𝑖𝑗

=
𝑓 (𝑖, 𝑗)

𝑚 × 𝑛
. (9)

In (8), 𝑄 denotes gray levels of the image. In (9), 𝑖

represents pixel gray value, and 𝑗 represents 𝑘 neighbormean
value of this pixel. Obviously, two-dimensional entropy not
only transforms the image of the size 𝑚 × 𝑛 into 0D data
points, because of𝑃

𝑖𝑗
reflecting the relation betweenpixel gray

value and neighbor mean value, but also contains the spatial
structure information of the image. Through calculating

the two-dimensional entropy of the image, the FMSof the size
𝑚×𝑛× (𝑁−𝑛

𝑠
+ 1) can be transformed into 1D OTS-FMS of

the size 1× (𝑁−𝑛
𝑠
+ 1); that is, FS = ⟨𝐻(1),𝐻(2), . . . , 𝐻(𝑁−

𝑁
𝑠
+ 1)⟩; as a result, this method greatly reduces the feature

dimension. In addition, OTS-FMS also has good ability of
pattern classification for the face image; as shown in Figure 5,
OTS-FMS is supremely similar with the same kind of face S1 1
and S1 7 and is different for S3 9.

Because the calculation of the two-dimensional entropy
of an image is independent of the rotation and translation
of the image and has good adaptability to image scaling,
therefore, this kind of OTS-FMS has good invariance for the
image rotation and translation and has invariance for the
image scaling with small error. As shown in Figure 6, the face
image is rotated 30 degrees, zoomed 0.6, and moved 15 pixels
vertically and horizontally, respectively. Obviously, the image
occurs geometric changes, but its OTS-FMS characteristic
curves have little difference.
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(a) S1 1 (b) S1 7 (c) S3 9
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Figure 5: An example of pattern classification for OTS-FMS.
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Figure 6: An example of geometrical invariability for OTS-FMS.

4. Distance Measure Selection of OTS-FMS

After feature extraction and dimensionality reduction of the
face image, we can use common Euclidean distance (ED)
as distance measure in pattern classification for the face
recognition. But ED requires that the distribution of each
dimension component of data should be consistent. For the
OTS-BMS feature data of an image with the size of 𝑚 × 𝑛,
because it is global pulse statistics in [0, 1] data space, the
mapping space of each dimension component is [0, 𝑚×𝑛], so
ED can be used to measure the distance among OTS-BMS.

However, forOTS-FMS feature data of the image, because
it is monotone increasing totally, as shown in Figure 5,
namely, the frequency rank of each dimension component
of data also is increasing in the overall. Therefore, even if we
use the same entropymethod to calculate the frequencymap,

mapping spaces of the frequencymaps are inconsistent; that is
to say, their operation results of two-dimensional entropy are
not consistent in their dimension. So the distance measure
of OTS-FMS feature data is inappropriate to select ED, and
it should select a distance measure which is independent of
dimension. Here, standardized Euclidean distance (SED) is
a suitable choice. For eigenvectors 𝑋 and 𝑌, 𝑉 denotes the
standard variance, and then SED is defined by

𝐷
𝑋𝑌

= (𝑋−𝑌)𝑉
−1

(𝑋−𝑌)
𝑇
. (10)

5. Experimental Results and Analysis

To evaluate the performance of the proposed facial feature
extraction in face recognition, experimental studies are
carried out on the ORL face database or MIT-CBCL face
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Table 1: Average recognition rate (%) of OTS-FMS or OTS-BMS.

𝑛
OTS-FMS OTS-BMS

ED SED ED SED
1 52.26 63.40 57.38 57.1
2 70.03 79.83 74.78 74.34
3 78.85 87.04 83.51 82.76
4 85.24 92.67 90.17 89.42
5 88.72 95.27 93.05 92.3
6 92.33 97.46 95.69 95.42
7 93.25 98.19 96.97 96.42
8 94.62 98.75 97.79 97.46
9 94.75 99.08 98.50 98.00

database. The ORL database contains 400 images of 40
individuals (4 females and 36 males). Each individual has 10
images varying in position, rotation, zoom, and expression.
The MIT-CBCL database comprises 2000 images from 200
people; each person has 10 images with different illumination,
pose, and rotation. The parameters of PCNN are set as 𝑊 =

[0.5, 10.5; 1, 0, 1; 0.5, 10.5], 𝑉𝐿 = 1, 𝛼𝐿 = 1.4, 𝑉𝐹 = 0.001,
𝛼
𝐹

= 0.1, 𝛽 = 0.02, 𝛼𝜃 = 0.1, 𝑉𝜃 = 12.5, 𝜃(0) = 1.2, the
default iterations 𝑁 = 200, and the default statistics starting
point 𝑛

𝑠
= 10.

First of all, to test the classification performance of the
OTS-BMS or OTS-FMS when using ED and SED, we con-
structed experiments based on ORL database by randomly
leaving out 𝑛 image per person each time for testing, the
remainder being 10 − 𝑛 images per person for training. This
was repeated 30 times by leaving out 𝑛 images per person each
time.The experimental results listed in Table 1 are the average
of 30 times’ results each time.

It can be seen from Table 1, under different training sets,
that the recognition rate of SED measure is significantly
higher than ED measure for OTS-FMS, and the recognition
rate of ED measure is also slightly higher than SED measure
for OTS-BMS. This shows that the OTS-FMS by calculating
two-dimensional entropy of each frequency map in FMS
is suitable for using SED measure, while the OTS-BMS by
calculating the area of each binary map in BMS is suitable
for selecting ED measure. In addition, the recognition rate
of OTS-FMS under SED measure is significantly higher than
OTS-BMSunder EDmeasure.That shows the proposedOTS-
FMS in this paper can effectively extract facial image features.

Then, to investigate the influences on the facial recog-
nition performance for different iterations 𝑁 in PCNN or
the different statistical starting point 𝑛

𝑠
in FMS, experiments

were carried out onORL face database, by randomly choosing
6 images per person each time for testing, the remainder
being 4 images per person for training. This was repeated
30 times with different 𝑁 and 𝑛

𝑠
each time. The average face

recognition rates in these experiments are shown in Table 2.
In Table 2, we can see that the recognition rate firstly

increases with the increase of iterations 𝑁 under definite 𝑛
𝑠
,

but soon afterwards it is gradually stable; hence,𝑁 can be set
as 𝑁 ∈ [80, 150] to decrease the amount of calculation for
PCNN. Under definite𝑁, the recognition rate decreases with

Table 2: Average recognition rate (%) with different 𝑁 and 𝑛
𝑠
.

𝑛
𝑠
/𝑁 30 50 80 120 150 200 300 450

1 95.60 97.02 96.38 97.08 96.75 96.63 96.56 96.52
3 95.50 96.63 95.88 97.13 97.52 97.13 96.04 97.06
5 95.52 96.88 97.52 97.08 97.02 97.25 96.90 96.77
8 95.29 97.31 96.35 95.90 97.00 97.21 97.02 96.85
10 95.75 96.83 97.04 96.48 96.85 96.46 97.33 96.90
20 77.21 93.02 95.31 94.63 96.73 96.27 95.77 95.81
40 0 69.71 91.69 93.40 94.67 94.19 93.50 93.98
70 0 0 64.21 89.06 91.38 91.94 92.31 92.90

Table 3: Average recognition rate (%) under different methods.

𝑛 PCA 2DPCA KPCA PCNN [15] In this
paper

4 88.33 (61) 89.58 (14) 87.50 (62) 78.33 80.42
5 90 (70) 91.00 (14) 89.0 (70) 92.00 95.50
6 93.75 (80) 95.00 (14) 96.25 (80) 97.50 98.75
7 95.00 (88) 94.17 (14) 95.83 (89) 96.67 99.17
8 95.00 (96) 96.25 (14) 96.25 (96) 96.25 98.75
9 95.00 (103) 92.50 (14) 95.00 (103) 100 100

the increase of 𝑛
𝑠
, and to increase the recognition rate, 𝑛

𝑠
is

set as 𝑛
𝑠
∈ [3, 5].

On the ORL database, selecting the frontal 𝑛 images of
each person as training set, and the rest of images as test set,
we make a comparison of the recognition rate of our method
(OTS-FMS + SED) with other methods such as common
subspace face recognition algorithms (PCA, 2DPCA, and
KPCA) and PCNN [16], as shown in Table 3. Obviously,
under the condition 𝑛 ≥ 5, the recognition rate of the
proposed method is significantly higher than other methods,
but under the condition 𝑛 = 4, the recognition rate in this
paper is lower than other subspace methods, but it is higher
than PCNN method [16]. Combined with the experimental
results of Table 1 (𝑛 = 4, the average recognition rate is
92.67%), we can know that there are a few influential samples
in the training sets.

In order to verify the validity of this method for face
recognition in the bigger data space, on MIT-CBCL, we
randomly select face images of each person at rate 𝑝 to
compose training set, the remaining images as test set; then,
30 times experiments were carried out, and the average
recognition rate is shown in Table 4.

As shown in Table 4, under the same training set, the
recognition rate of OTS-FMS in this paper is higher than [16]
based on BMS, which illustrates the validity of this paper.
In addition, the experimental results in MIT-CBCL Library
are the same as ORL Library; the recognition rate using SED
measure is higher than that using ED measure. This again
shows the correctness of the analysis of the characteristics of
the OTS-FMS in this paper.

On ORL or MIT-CBCL face database above, the face
has been tailored manually from original image, but on a
practical face recognition system, obtaining the face from
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Figure 7: Part of face images on the custom face database.

Images noised

Images detected

Original images

Figure 8: Face detection and noise sample.

Table 4: Average recognition rate (%) of different methods on MT-
CBCL.

𝑝
OTS-FMS PCNN [15]

ED measure SED measure
0.1 91.61 92.48 91.30
0.2 95.65 96.16 95.14
0.3 96.98 97.40 96.70
0.4 97.72 98.01 97.57
0.5 98.36 98.65 98.05
0.6 98.49 98.70 98.39
0.7 98.86 99.01 98.60
0.8 98.84 99.10 98.76
0.9 98.92 99.15 98.82

an image needs to use a certain face detection algorithm
such as the method in [17], and the facial recognition
performance is easily affected by the detection accuracy. To
test the adaptability of both OTS-FMS and OTS-BMS for
face detection precision, we set up a custom face database,
which includes 208 images of 13 individuals; each individual
has 16 images varying in facial expression, illumination, pose,
background, and facial details (with/without glasses), and the
part of the database was shown in Figure 7.

The face has a larger proportion of background on the
custom database; first, we use the face detection algorithm
[17] for processing (as shown in Figure 8); then, we compare
the face recognition performance before and after face detec-
tion for both OTS-FMS and OTS-BMS, and the results are

Table 5: OTS feature average recognition rate (%) before and after
the face detection on custom face database.

𝑝

OTS-FMS OTS-BMS
Without face
detection

Face
detection

Without face
detection

Face
detection

0.4 80.54 88.46 78.18 84.38
0.5 88.69 82.05 86.57 89.23
0.6 92.18 94.87 89.74 91.31
0.7 95.08 98.10 92.41 96.31
0.8 97.26 99.34 93.5 98.38

shown in Table 5. Here, experimental repetitions are 30, 𝑛
𝑠
=

3. As we can see in Table 5, after face detection, the average
recognition rates are improved for OTS-FMS and OTS-BMS;
this suggests that the efficient face detection method has
important significance for improving identification perfor-
mance in the proposed method. In addition, both before
and after the face detection, the average recognition rate for
the OTS-FMS is better than that for the OTS-BMS; it also
suggests that the improvement based on OTS-BMS for the
facial feature extraction method (i.e., OTS-FMS) is effective.

In addition, after face detection on custom face database,
we add Gaussian noise to each kind of faces detected as
shown in Figure 8 with the mean value 0 and the variance
𝛿 ∈ [0.0005, 0.003]; here, the variance satisfies with uniform
distribution, and then we investigate the adaptation of both
OTS-FMS and OTS-BMS for noise; the results are shown
in Table 6. Here, experimental repetitions are 30, 𝑛

𝑠
= 3.
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Table 6: Average recognition rate (%) after the face detection on
custom face database.

𝑝 OTS-FMS OTS-BMS
0.4 56.03 80.82
0.5 62.08 87.95
0.6 64.62 88.12
0.7 67.77 90.38
0.8 71.92 92.35

As we can see in Tables 5 and 6, after the faces are polluted
by noise, both for OTS-FMS and OTS-BMS, the average
recognition rate is decreased, but the influence of the noise
for the OTS-FMS identification is more serious than OTS-
BMS. This is mainly due to the OTS-BMS which is a global
statistics on BMS of the facial image, but the OTS-FMS
is more emphasized on the facial local detail information.
Therefore, when a face is polluted byGaussian noise, the noise
damage to the facial local details is fatal, but to the global
statistics it is lighter. The fact shows that the face recognition
algorithm (OTS-FMS + SED) is sensitive to noise.

6. Conclusions

In this paper, a novel method was proposed to extract
the facial feature based on PCNN. Through the analysis of
the limitations of BMS extracted one-dimensional oscilla-
tion time sequence (OTS) and considering the correlation
between binary images in BMS, we proposed a method to
transform BMS into frequency map series (FMS), which
reduces the influences of the discontinuous value of binary
image on the effectiveness of OTS.Then, the paper considers
the method that 2D frequency map is transformed into
0D data points; in order to reflect the spatial structure
information in the frequency map, the paper employs the
computingmethod of two-dimensional entropy of the image;
it will transform 3D FMS into 1D OTS-FMS feature, and
the feature has a good invariance for face image geometric
changes. Finally, based on the analysis of characteristics of
OTS-FMS data features, the paper we proposed uses the
standard Euclidean distancemeasure as the distancemeasure
of OTS-FMS features.The experimental results show that the
recognition rate ofOTS-FMS is significantly higher thanPCA
and KPCA, and so forth, and also better than method [16]
based on BMS extracted OTS-BMS features. And compared
to traditional subspace analysis and neural network method,
face features extracted by this method do not change with the
sample space change.
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Nowadays many camera-based advanced driver assistance systems (ADAS) have been introduced to assist the drivers and ensure
their safety under various driving conditions. One of the problems faced by drivers is the faded scene visibility and lower contrast
while driving in foggy conditions. In this paper, we present a novel approach to provide a solution to this problem by employing
deep neural networks. We assume that the fog in an image can be mathematically modeled by an unknown complex function
and we utilize the deep neural network to approximate the corresponding mathematical model for the fog. The advantages of our
technique are as follows: (i) its real-time operation and (ii) being based on minimal input, that is, a single image, and exhibiting
robustness/generalization for various unseen image data. Experiments carried out on various synthetic images indicate that our
proposed technique has the abilities to approximate the corresponding fog function reasonably and remove it for better visibility
and safety.

1. Introduction

Degraded visibility and lack of luminance in foggy weather
pose a serious threat to the safety of drivers.These conditions
increase the danger of vehicle collision and are a major
cause of injuries and fatalities on roads covered with fog.
Suspension of very fine droplets in the fog causes blocking
and scattering of the light. This leads to less light reaching
the driver’s eye, lower contrast, and hence reduced visibility
(Figure 1). To enhance visibility in bad weather is an area
of high interest for the researchers. Various studies have
been carried out to observe and model the effects of wide
range of weather conditions on vision systems. The authors
in [1–4] present such weather models. They analyze how
scenes are affected by various weather conditions. These
studies attempt to restore various attributes of a scene in
an image degraded by bad weather conditions with the help
of these weather models. A few researches, for example,
[5, 6], suggest the use of polarizing filters to remove the
effect of haze from the images. To realize the techniques
described in [5, 6], two or more independent images are
required to comply with the condition that the air light

produces some measurable partial polarization in them.
Weather removal algorithms proposed in [7] make use of a
single image and some supplementary information provided
by the user. A deep photo system is proposed in [8] based on
the georegistration of the photographs. This georegistration
enables access to large amount of geographic information
system (GIS) data such as 3D models for cities, buildings,
terrains, and structures; texture models; and depth maps.
The authors of this study suggest the augmentation of this
information with simple photographs to achieve various
operations like dehazing, relighting, view synthesis, and
expanding the field of view. Defogging/dehazing solutions
relying entirely on single images are proposed in [9–12]. The
single image visibility enhancement method in [9] develops
an optimized cost function based on certain observations of
images with and without weather effects. This cost function
attempts to estimate the direct attenuation of the air light
which is applied to the scene for visibility enhancement. In
[10] the dark channel prior (DCP) is proposed for single
image haze removal. This prior, based on some statistical
observations of outdoor haze-free images, is combined with
the haze imaging model to recover a haze-free image.
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(a) (b)

Figure 1: (a) Scene visibility without fog. (b) Scene visibility under foggy weather conditions.

The authors in [11] propose another single image dehazing
method which is based on [10]. They improve the dehazing
performance by modifying the DCP method by introducing
a single median filter operation. They also study the effects
of dehazing on image and video coding. In [12] restoration
of hazy scenes from a single image is proposed by defining
the image through a scene transmissionmodel that takes into
account the surface shading. A general survey of vision based
vehicle detection methods for intelligent driver assistance
systems is presented in [13]. Finally in [14, 15] the authors
propose enhanced visibility algorithms that take fog effects
into account and are particularly well suited for road images.

In this paper, we present a novel approach to improve the
visibility of the scene in an image degraded by foggy weather
conditions. We target enhanced visibility by generating an
approximate model of the fog composition in the scene with
a deep neural network [16]. This generalized model is then
used for the restoration of scene quality in the image. Our
proposed method performs this recovery of image scene in
real time and it does not require any additional information.
The proposed method is robust as it achieves good result for
a large set of unseen foggy images.

2. Defogging by Deep Neural Network

2.1. Artificial Neural Networks. Artificial neural networks
[17–19] are complex mathematical systems which tend to
electronically simulate the working of a biological nervous
system. These networks are made up of a large number of
very simple computational units called the artificial neurons.
The number of artificial neurons in a network can range from
a few hundred to a several thousand artificial neurons. A
neural network is formed by interconnecting these hundreds
and thousands of artificial neurons in different topologies.
One such interconnected network is shown in Figure 2.
It is through this interconnection of simple computational
elements that the high computational complexity of the
neural networks is realized. Artificial neural networks are
nowbeing researched to provide solution to various problems
like function approximation, regression analysis, time series
prediction, classification, pattern recognition, optimization,
decision making, data processing, filtering, and clustering

and categorizing, to name but a few.The advent of immensely
high CPU processing abilities has made it possible to realize
more deep architectures [16, 20] for the neural networks
and hence more mathematically complex models can be
accomplished.Adeep neural network hasmany hidden layers
of neurons between the input layer and the output layer.

2.2. Deep Neural Network for Visibility Enhancement. We
present a deep neural network that accepts a foggy image as
an input, models the corresponding fog composition in the
scene, and produces a defogged version of the scene in the
image as an output. The architecture of the proposed deep
neural network for image defogging is shown in Figure 2.
The network consists of an input layer, an output layer,
and 𝑛 number of hidden layers sandwiched in between the
two. The multiple hidden layers of the deep neural network
are advantageous in realizing more efficient representation
for the corresponding fog function. The learning problem
consists of finding the optimal combination of weights so
that the network function 𝛿 approximates a given function
𝑓 as closely as possible. The network learns this given
function 𝑓 through some implicit examples. In this paper,
the deep neural network is tailored to solve the visibility
enhancement problem by training it on several foggy images
and their corresponding original images (input-output pairs).
In order to learn the generalized fog function and produce the
corresponding defogged images the foggy images are divided
into 𝑀 nonoverlapping blocks of size 𝑁 × 𝑁 pixels. Each
block is normalized to a range that optimizes the learning
and results of the DNN. The DNN is customized for a one-
dimensional vector input; therefore, the two-dimensional
block is transformed into a one-dimensional vector 𝑋 by
rasterization.This vector𝑋 is presented as an input pattern to
the network.Theweights of theDNNare initialized randomly
and the input pattern is forward propagated through themul-
tiple hidden layers of the DNN to generate the propagation
output activation. The activation function employed in our
DNN is the hyperbolic tangent transfer function which is
given by

T (𝑥) =
𝑒
𝑥

− 𝑒
−𝑥

𝑒
𝑥
+ 𝑒
−𝑥
. (1)
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Figure 2: Deep neural network architecture for fog removal.

The tangent hyperbolic function produces the scaled output
over the −1 to +1 closed range. This function shares many
properties of the sigmoid function, but because the output
space of this tangent function is broader, it may be more
efficient for modeling complex nonlinear relations more
abstractly. This input pattern 𝑋 produces an output that
is different from the target output (original Image). The
error function of the network is the combination of errors
contributed by all the hidden nodes of the network and is
given as

𝐸 =

1
2
∑

𝑥





actual output − desired output



2
. (2)

The combination of weights which minimizes the error func-
tion is considered to be the solution of learning. In this paper,
this optimum set of weights is achieved by the backpropaga-
tion algorithm. The backpropagation is an iterative gradient
descent algorithm in which the output error signals are
transmitted backwards from the output layer to each node in
the hidden layer that immediately contributed to the output
layer. This backward propagation is continued, layer by layer,
until each node in the network has received an error signal
that describes its relative contribution to the overall error.
Once the error signal for each node has been determined,
the errors are then used by the nodes to update the values
for the weights of the network. This backpropagation of
errors and the updating of weights continue until the value of
error function becomes sufficiently small. The training of the
network is stopped and the new input patterns are presented
to the network. The trained network can approximate and
remove the fog in these input patterns for better visibility.The
flow chart for the visibility enhancement DNN is shown in
Figure 3.

3. Experimental Results

Experiments were carried out on images obtained from the
FRIDA database [14]. The FRIDA database consists of sets

of synthetic images with and without fog. The evaluation of
the proposed method is carried out on gray scale images.
The size of each image was 640 × 480 pixels. The image
data set was divided into training set images and the test set
images. The learning of deep neural network for defogging
purpose was carried out by the training set. Architectures
based onmultiple hidden layers (5 to 8)with various numbers
of hidden nodes (16 to 128) were trained. The convergence of
the network was checked on the basis of mean square error
(MSE). Once the network learnt the generalized fog function,
the results were applied to the test images. For evaluation
purpose we show the results in Figures 4–10. In these figures
the areas of interest are shown enclosed in rectangles. The
proposed solution can be evaluated by analyzing these areas.
Figure 4(a) shows the original scene in the image without
fog, while Figure 4(b) shows the scene affected by fog. It can
be seen clearly that the background in Figure 4(b) is faded
and is mostly invisible. The tree enclosed in the rectangle
in Figure 4(a) is barely visible in Figure 4(b). The major
portion of the building (front) which is visible in Figure 4(a)
is completely invisible in Figure 4(b). Also other sections of
the building enclosed in rectangles in Figure 4(a) are invisible
in Figure 4(b). Figure 4(c) represents the scene recovered by
our deep neural network. The building that was invisible in
the foggy version is recovered in the defogged version. The
tree is visible and other areas enclosed in rectangles in the
figure are also partially recovered by the network. Figures
5(a) and 5(b) show the original scene and the fogged scene,
respectively. The front building which is clearly visible in the
original scene that is Figure 5(a) is faded in the fogged scene,
while the building behind it is not visible in the scene of
Figure 5(b).The smaller palm tree is also invisible in the foggy
version.The house and trees at the left-hand side of the foggy
image are almost invisible. The traffic signs and some minor
structures are missing in the foggy scene. In Figure 5(c),
the fog is removed by the deep neural network. The faded
front building has improved visibility in the recovered image.
The building behind the front building which was not visible
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Figure 3: Flow chart for proposed visibility enhancement DNN.

previously can be clearly seen in our recovered scene. The
smaller palm tree is visible. The house and tree at the left-
hand side of the image are also recovered successfully. The
traffic signs and the minor structures that were invisible due
to fog are also recovered to some extent in the defogged
scene. Figure 6(a) shows the original scene, while Figure 6(b)
represents the image with degraded visibility due to fog.
The trees enclosed in the rectangles on the left-hand side of
Figure 6(a) are barely visible in Figure 6(b).The cars enclosed
in the rectangles in the original image are invisible in the
degraded image. Also the structures/buildings enclosed in
rectangles in Figure 6(a) are invisible in the degraded version.
The same scene with enhanced visibility is presented in
Figure 6(c). As can be seen, the trees which are barely visible
in the foggy image have been recovered.The cars which were
previously invisible can be spotted in the recovered image.
Also the structures/buildings missing in the foggy image are
retrieved by our DNN successfully. Figure 7(a) shows the
original scene in the image without any fog and Figure 7(b)

represents the scene with reduced visibility due to foggy
conditions. Starting from the left-hand side of the image the
tree which is visible in the original image is barely visible in
the degraded image. The house and the tree adjacent to it are
invisible in the degraded image.The palm tree is also missing
in the degraded image.The pole, tree, and the rear view of the
building on the right-hand side are severely degraded and are
invisible in the foggy image. Figure 7(c) represents the scene
recovered in the image by the DNN. Starting from the left-
hand side the treewhich is barely visible has been recovered in
the enhanced version. The house and adjacent tree have also
been retrieved in the reproduced image, although the details
aremissing but the structures are visible.The palm tree which
was previously invisible is present in the recovered scene.The
pole, tree, and rear portion of the building are also recovered
and are clearly visible in the reproduced image. Figures 8(a),
8(b), and 8(c) show the original image, the image affected
by foggy conditions and the image recovered by our DNN.
Compared to Figure 8(a), in Figure 8(b), the background
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(a) (b)

(c)

Figure 4: (a) Original scene without fog. (b) Scene visibility degraded under fog. (c) Visibility enhancement by deep neural network.

(a) (b)

(c)

Figure 5: (a) Original scene without fog. (b) Scene visibility degraded under fog. (c) Visibility enhancement by deep neural network.
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(a) (b)

(c)

Figure 6: (a) Original scene without fog. (b) Scene visibility degraded under fog. (c) Visibility enhancement by deep neural network.

(a) (b)

(c)

Figure 7: (a) Original scene without fog. (b) Scene visibility degraded under fog. (c) Visibility enhancement by deep neural network.
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(a) (b)

(c)

Figure 8: (a) Original scene without fog. (b) Scene visibility degraded under fog. (c) Visibility enhancement by deep neural network.

that is buildings, houses, trees, vegetation, and cars enclosed
in the rectangular boxes is barely visible or invisible, while
in Figure 8(c) our proposed DNN has recovered the above
regions successfully. Figures 9(a) and 9(b) represent the
original image and its foggy version, respectively. The houses
at the end of the lane in the left-hand side of Figure 9(a)
are almost invisible in Figure 9(b). The poles and traffic
signals are also invisible. The building at the right-hand side
is faded and the trees behind it are not visible due to fog. The
cars in the scene are barely visible. In our recovered image
that is Figure 9(c) the visibility of the scene is enhanced.
The houses at the end of the lane are now quite visible.
The poles and traffic signals are recovered from the foggy
version. The visibility of the building at the right-hand side
is improved and the trees behind it are now visible. The cars
in the recovered image are more detectable than the foggy
version. Figure 10(a) represents the original scene without
fog. Figure 10(b) represents the image scene degraded by fog.
The building at the right-hand side is faded due to fog and
is barely visible. The tree behind the building at the right-
hand side is invisible. The traffic sign is invisible in the foggy
image, and a large section of buildings and the palm tree
is also missing in the left-hand side of the foggy image. In
Figure 10(c) that is the scene reproduced by the DNN the
barely visible building on the right-hand side of the image is
largely visible. The tree behind is also recovered. The traffic
sign is also visible in the reproduced image. The rear section
of buildings and the tree on left-hand side have also been
recovered successfully by our DNN.

4. Conclusions

In this paper, we propose a novel approach for restoring
the visibility of foggy images with the help of deep neural
networks. This idea is an initial attempt to model the fog
function for scene recovery with deep neural networks. The
method recovers the scene structure simply with a single
image input, operates in real time, and generalizes well.
The restored images showed good recovery of the scene
from the foggy images. In some of the images the proposed
technique showed limitations in reproducing the exact details
of some objects in the scene, but, nevertheless, they were
fairly recognizable. This method can be tailored to be used in
applications designed for driving assistant systems, intelligent
vehicle systems, outdoor surveillance systems, and so forth.
In future works we are going to use this idea to develop more
advanced frameworks for weather removal vision systems
based on deep neural networks.
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To activate various devices usingRS485, a repeater is generally used. In current digital cinema systems, each device is controlledwith
RS485 by mixing RS485 and DMX512. However, as today’s cinema equips hundreds of 4D chairs and the environmental directors,
it is nearly infeasible for the legacy system to control. To this end, this paper designs and implements a new system which makes
hundreds of 4D chairs and the environmental directors be controlled simultaneously exploiting RS485 network topology and its
repeaters. The proposed approach is tested in a real-time system for assessing the performance by Paessler Router Traffic Grapher
(PRTG) in Windows environment. Simulation results show that the tested system supports 4D chairs and their motions are well
operated simultaneously with RS485.

1. Introduction

A digital cinema indicates the usage of digital technology
to deliver and present motion pictures in contrast to the
historical usage of motion picture film [1]. Movies can be
delivered via internet and hard drives or devoted to web or
satellite links or optical disks such as blu-ray disc [2]. Digital
movies are presented adopting a digital projector instead of
a traditional film projector. Thus, digital cinema is different
fromHDTV (high-definition television) and does not rely on
adopting SD or HDTV standards [3]. In general, resolutions
of digital cinema are represented by the horizontal pixel
count, usually 2048 × 1080 (or 2.2 megapixels) to 4096 ×
2160 (or 8.8 megapixels). As digital cinema technique was
enhanced in early 2010s, most of the theaters across the world
have transferred to digital [4].

Four dimensional (4D) film is a term of marketing for an
entertainment presentation system which is advanced form
of three dimensional (3D) film with physical possessions that
transpire in the theatre in operation with the film [5]. The
accomplishments conducted in a 4D film may include lamp,
wind, rain, and vibration. The seats in 4D place may oscillate

or move a few inches during the movie [6]. Some other
effects contain water sprays, air jets, and leg and back ticklers.
In addition, hall effects may include rain, smoke, lightning,
and air bubbles, and scent can be considered for 4D effects.
Since the physical effects are expensive to realize, 4D films
are most often accomplished in custom-built theatres such as
amusement or theme parks. Some examples of 4D films are
“Journey to theCenter of the Earth” and “Avatar,” whichwere
presented at movie theatres with 4D versions [7].

Recently, research on IT convergence techniques for film
production and film screening are widely studied. Analog-
type theater is changing to digital-type theater, and interests
in digital-type theater increase for 4D-type theater which
yields reality that 3D movies did not provide [8]. A 3D
theater is giving a three-dimensional effect to viewers with
special glasses such as polarized glasses [9]. In addition, a
future-oriented 4D theater helps viewers to try special effects
affecting five senses such as wind, vapor, chair vibration,
scent, and special lighting [10, 11].

In a traditional 4D digital theater, an environmental
system that generates device controller of lamping system and
a device controller of sensing of reality are separated [12].That
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Table 1: Environmental parameters.

Equipment
Starter Delimiter Parameter CRC

1 2 3
1 (STX) 2 3 4 5 6 7 12

LED lighting
Actual value 0x02 0x4c 0x45 0x44 0∼60000 0∼255 0∼255
Meaning Begin “L” “E” “D” ID top ID down Type booking 1∼255 data

Fan
Actual value 0x02 0x46 0x41 0x4E 0∼60000 0∼255 0∼255
Meaning Begin “F” “A” “N” ID top ID down Type booking 1∼255 data

Motion
Actual value 0x02 0x4d 0x4f 0x54 0∼60000 0∼255 0∼255
Meaning Begin M O T ID top ID down Type booking 1∼255 data

is, DMX512 protocol is adopted to control lamping and RS45
image sensor is adopted to controlmotions, chair devices, and
environments generating devices [13]. To this end, two types
of controllers must be realized to control each device and
generally they cause high power consumption and complex
communication lines [14]. In addition, controlling all the
subdevices precisely and simultaneously is hard to achieve
[15–17].Therefore, a stable device controller system is needed
which can control all the subdevices precisely and provide
autoinspection and calibration of real-time operation.

In this paper, RS485 image sensor based digital cinema
system is proposed. The system is designed to integrate
motion bases, chair devices, and other environmental ren-
dering devices as well as lighting under RS485 image com-
munication. This paper is organized as follows. Section 2
introduces 4D device control system.The proposed system is
explained in Section 3. Section 4 provides simulation results
and conclusion remarks are described in Section 5.

2. Proposed Design

2.1. Image Coding. The digital cinema architecture utilizes
the JPEG standard to realize a real-time decoder. Due to the
communication traffic and storage cost, interframe such as
video coding can be better choice for movie compression.
However, there are some reasons that we selected JPEG:

(1) There is no global standard for RGB compressionwith
30 bits or more.

(2) Intraframe coding methods remain significant due to
their supporting of video editing.

(3) JPEG is easier standard for editing.
(4) JPEG decoder is more reliable in the error condition.
Therefore, we used JPEG for our digital cinema system.

2.2. Real-Time Decoder. The decoder is able to realize real-
time decompression with higher speed of 3G pixels per
minute using parallel approach. The decoder is comprised of
two circuit blocks: PC/LINUX part with GbE interface and
JPEG2000 decoder boards. Four boards are established on the
PCI-X-bus for processing 24 frames of 8M pixels with 36-
bit RGB color images in a second. The color standards may
be changed such as RGB, YCbCr, or HSV.

2.3. The 4D Device Control System. The 4D device control
system is working for the environmental rendering of digital
theater. To investigate 4D device control system, we tested
some characteristics including chair vibration, wind, vapor,
scent, special lighting, and spray in the hardware configura-
tion. We also tested LED lighting, fan, and vibration among
the various environmental rendering devices.

As RS485 image sensor only enablesmultiple connections
of various masters and gives half duplex communication, two
wires are exploited for sender and receiver.The ID is assigned
to each device. If a master sends data “1” to master “𝑚,”
all devices receive the data simultaneously. However, other
devices except master “𝑚” ignore the data once they realize
the data is not for them. Table 1 shows data configuration table
of RS485 image sensor protocol.

Conventional studies performed simulations for LED
lighting, fan, and vibration among the diverse environmental
rendering device and displayed their accuracy in real-time
data transmission. Although previous researches studied data
transmission for RS485 image sensor, those studies did not
fully provide comprehensive understanding of environmen-
tal rendering devices, motion, and chair devices. To alleviate
this issue, we verify data transmission for RS485 image sensor
and design digital cinema system which is able to provide
all the environmental rendering devices, motion, and chair
devices.

3. Configuration of the Proposed Digital
Cinema System

Let us consider structure of conventional digital cinema
system.

Step 1. Main PC supports connectivity between the Internet
and sites based on Ethernet. Using 4D system interface shown
in Figure 1, the entire system is controlled.

Step 2. This stage is for network server, which monitors
devices. In addition, network server converts data between
main PCs.

Step 3. This is the last step which belongs to physical layer
devices. RS485 works for communication and is designed
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Figure 1: Conventional digital cinema system.

Media server Solid projector 3D movie screening

Digital sound

RS485
Network server

4D chair

Blower fan
Fog machine
Snow machine
Laser machine
Moving light
Stage LED light
Strobe light

Air spray
Water spray
Vibrator
Vector cooler
Rag tickler
Motion base

Figure 2: Configuration of digital cinema system.

to expand. However, cinema has hundreds of 4D chairs;
therefore compatibility with existing system is a big issue.
In our system, we use RS485 network bus topology and
repeater to control hundreds of 4D chairs and environmental
productions.

Figure 2 shows the proposed digital cinema system
configuration.When a data file is entered in a media server, a
driving controller delivers data to each device through RS485
image sensor. Each device provides environmental rendering
effect.

3.1. Design of Digital Cinema System. The driving controller
of digital cinema system activates environmental rendering
devices in synchronization with screen display as well as
devices which are installed on a chair such as motion base.
The driving controller of digital cinema system can be
installed in automatic manner through touch screen and
yields tests for some operations.

3.2. Protocol Definition of RS485 Image Sensor. To define
RS485 image sensor protocol, we take into account motion,
chair device, and environment devices simultaneously. To
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Table 2: Mandatory instruction set for environmental devices.

Equipment Delimiter Contents
LED lighting

Actual value 0x4c 0x45 0x44 Color, brightness, and time adjustment of LED light
Meaning “L” “E” “D”

Strobe lighting
Actual value 0x53 0x54 0x52 Brightness, blink rate, and holding time adjustment of

the strobe lightMeaning “S” “T” “R”
Heater

Actual value 0x48 0x45 0x54 Temperature of the heater
Meaning “H” “E” “T”

Fan
Actual value 0x46 0x41 0x4E Wind speed of the fan
Meaning “F” “A” “N”

Fog
Actual value 0x46 0x4F 0x47 Fogging degree of fog machine
Meaning “F” “O” “G”

Curtain
Actual value 0x43 0x54 0x4E Curtain’s opening degree
Meaning “C” “T” “N”

Flash
Actual value 0x46 0x4C 0x53 Brightness and action adjustment of flash
Meaning “F” “L” “S”

Ground LED light
Actual value 0x55 0x4c 0x44 Color, brightness, and motion of ground LED lighting
Meaning U L D

Ceiling LED light
Actual value 0x52 0x4c 0x44 Color, brightness, and motion of ceiling LED lighting
Meaning R L D

Moving light
Actual value 0x4d 0x56 0x4c

Color of the moving light, operating time, blink rate,
movement speed, and position adjustment

Meaning “M” “V” “L”
Actual value 0x4d 0x56 0x4c
Meaning “M” “V” “L”

this end, we used separators for each two to four bytes to
distinguish motion, chair device, and environment device
commands.We also defined a protocol by taking into account
the scalability of environment and chair devices. The basic
function of each device is coded as a specific parameter in a
command set. When a command is delivered to each device,
it activates defined operation. The command is comprised
of 12 bytes including 115,200 bps, 8 bit data, 1 stop bit, and 0
parity bit. Consider

STX + separators (3 byte) + variable (7 byte) + CR. (1)

Based on (1), command sets are made as Table 2.
To connect hundreds of chairs and servers, we design

RS485 repeater. This is to ensure the stability of the commu-
nication between the isolated signals and to be able to play the
best communication state through the embedded MCU. The

designed system may have total of 4 channels; 1 input signal
of each channel is reoutput after isolating via the SN75176.

3.3. Signal Processing. A multiple controller is executed to
allot multiple signal processing among various devices, field-
effect transistor (FET) board control, power check control,
and multipoint control unit (MCU) monitoring, to raise
stability. The controller is divided into main MCU, motor
MCU, and monitor MCU to achieve mutual monitoring and
help. The main MCU is responsible for signal processing
and examines encoded signal, digital input/output signals. In
addition, the main MCU generates pulse width modulation
(PWM) signal which delivers an appropriate driving signal
to the FBT board.

The FET board is controlled by the motor MCU. It stops
motion base and reports possible errors to the main MCU
when an error alert is delivered. The monitor MCU oversees
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Figure 3: Block diagram of the motor and monitor for MCU
operation.

power and monitors of other MCUs. The signals overseen by
monitorMCU are significant to the safety of the entire system
and can tune power supply to the system. The operation
sequence of motor and monitor MCUs is shown in Figure 3.

Figure 4 shows the proposed digital cinema system. Step 1
is main PCwhich supports connectivity between the Internet
and sites based on Ethernet. Step 2 is network server, which
is able to monitor the devices. Step 3 is physical layer, which
is comprised of devices, and commination between devices
is RS485. In this paper, we propose a method with repeater
which is free of problems on the network even when the
number of 4D chairs increases. Figure 4 shows improved
digital cinema system.

3.4. RS485RepeaterDesign. Repeaters are used onlywhen the
network has the same structure, and they belong to physical
layer. We designed RS485 repeater for multiple system com-
munication. It can be connected to at least hundreds of 4D
chair system and the server, which ensures the stability of the
communication between insulated signals. The system has 4
channels; input signal of each channel is isolated via SN75176
and output again.

4. Experimental Results

Simulations of the improved digital cinema system must
control hundreds of 4D chairs and a motion base to exactly
and simultaneously operate through the RS485 image sensor.
Therefore, our simulation was tested by installing 100 4D
chairs under the corresponding motion base. The hardware
environments are indicated in Table 3. The operating system

Table 3: Environments for simulation.

Type Hardware spec

4D chair

(i) Seats: 2 persons
(ii) Woofer power: DC 24V
(iii) Woofer quantity: 6 Ea
(iv) Effect accessory: water spray 1 set
(v) Air spray 1 set
(vi) Vibrator 1 set
(vii) Leg tickler 1 set
(viii) Frame material: steel
(ix) Cover material: fabric
(x) Seats material: urethane
(xi) Accessory: cup holder
(xii) Side cover material: wood
(xiii) Weight: 40Kg
(xiv) Include wire, hose, and connector

4D motion
base

(i) Dimension (𝑊×𝐷 ×𝐻): 1,260 × 670 × 450
(ii) Power: 220VAC ± 10%, 50/60Hz, Max. 1,000W
(iii) Motion range: Pitch = Max. 6 degrees
(iv) Roll = Max. 6 degrees
(v) Heave = Max. 44mm
(vi) 3DOF (degrees of freedom)
(vii) Effect accessory: leg tickler 1 set
(viii) Weight: 50 Kg

(OS) of the software environment was Windows 8 and the
program language we used is C++. The adopted network
environment was Windows 8-based Paessler Router Traffic
Grapher (PRTG) simulator.

In the previous works, 4D chair, motion, air injection,
water spray, and vibration were considered as personal expe-
rience. However, in this study, we excluded group experience
and only considered personal experience, that is, 4D chair
and motion. Table 4 shows environmental device parameter
sets for 4D chair and motion. The environments guided
device parameter values are set in Table 4 and stored as
a metadata image file. The main screen runs both image
data on left and right to produce 3D effect simultaneously.
The data transmission is divided by synchronous and asyn-
chronous connections according to the time positions of
the transmitting and receiving side. The synchronous data
is transmitted in a noncharacter block unit such as frame.
In other words, data is made by a predetermined number
of strings between the transmitting side and the receiving
side, with a format of packet at a time. The asynchronous
transfer is motivated by sending information to noncharacter
unit blocks. The synchronous transmission has character
synchronization method, bit synchronization method, and
the frame synchronization method. In this paper, we used
character synchronous system which is the most reliable
among all synchronous processing. To align characters we
add STX in front of blocks and add ETX at the end of blocks
to indicate beginning and the end of the transmission data.
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Table 4: Device parameter values for environments.

Equipment Starter Delimiter Parameter 1 Parameter 2 Parameter 3 Parameter 4 Parameter 5 Parameter 6 Parameter 7 CRC
1 (STX) 2 3 4 5 6 7 8 9 10 11 12

Notion
Actual value 0x02 0x4d 0x4f 0x54 0–80000 XX XX XX XX XX 0–255
Meaning Begin M O T ID ID Type Type Type Type Type Data

4D chair
Actual value 0x02 0x53 0x4f 0x4c 0–80000 XX XX XX XX XX 0–255
Meaning Begin S O L ID ID Type Type Type Type Type Data

Main PC Main PC

Network server

Strobe light

Fog machine

Snow 
machine

Stage LED
 lamp

Blower pan

4D seat (1)

4D seat (2)

4D seat (n)

...

Air spray

Vibrator
Back tickler

Leg tickler

Air spray

Vibrator
Back tickler

Leg tickler

Air spray
Vibrator

Back tickler
Leg tickler

Ethernet

Repeater

RS485

RS485

RS485

RS485

Figure 4: Proposed digital cinema system.

The motion chairs and environmental production device
parameter values that were set in Table 4 are shown in MOT
and SOT. The reason our system starts with STX is that
we adopted character synchronous system for its stability in
high-speed processing. To inform the beginning and the end,
the character synchronous system adds STX to the front and
ETX to the end of transmitted data.

From themain screen it can be found that 15Gbyte movie
file is well transmitted to receiver through the 100Mbps
interface of repeater. This confirms that 4Dmotion and chair
were correctly operated when server and each device node

information is properly transmitted without loss. Figure 5
shows transition of motor torques and motor power for M1,
M2, and M3. The M1 motor power was 280W. Based on the
simulation,we designed andproducedmotion base structure.
Figure 6 shows a simulation for selected 3DOF motion base
dimension.

5. Conclusions

Themost representative tangible personal experience factors
of 4D theaters are 4D chair and 4D cinema, and hands-on
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Figure 5: (a) Transition of motor torques for M1, M2, and M3. (b) Transition of motor power for M1, M2, and M3.
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Figure 6: Simulation for 3DOF motion base dimension selection.

chairs, motion base, air injection, water spray, and vibra-
tion can be elements as well. In conventional studies, only
personal experience was discussed for 4D element. In this
paper, RS485 network topology, hundreds of 4D seats, and
environment implementation were designed to be controlled
using a repeater to RS485. Simulation results show that the
improved digital cinema system is well designed for 4D chair
and found to operate accurately under the condition of no
traffic over the RS485.
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Enlarged images can be obtained by various methods. Stitching is one of the efficient methods. It can produce panoramic images by
stitching adjacent images which contain overlapping regions even though they are obtained through separate image sensors. Images
that contain multiple different planes are hard to be stitched together because each plane has a different homography matrix for
perspective warping. For this, a dual homography was proposed. However its performance varies depending on feature detectors
which are used to find matching feature points between images. In this paper, we propose three feature coverage indexes which
evaluate the stitching performance of feature detectors and predict the outcomes of the stitching. We evaluate four well-known
feature detectors by the proposed indexes by applying them to the image stitching process and show that the prediction by the
index values coincides with the stitching results.

1. Introduction

Enlarged images can be obtained by various methods. Stitch-
ing is one of the efficient methods and has long drawn
attention of researchers from graphics and computer vision
fields. Its primary goal is to integrate multiple images into a
single panorama [1].

Stitching depends on a perspective transformation which
warps pixels from one coordinate frame to another. Its algo-
rithms have traditionally sought to parameterize the warping
using a transformation matrix, such as the 3 × 3 affine or
homographic matrixes.

This matrix-based parameterization of the warping pro-
vides robustness at the cost of flexibility and is only accurate
as long as a set of restrictive conditions aremet [2]. For exam-
ple, the homographic transformation is only applicable for
planar scenes or parallax-free camera motion between adja-
cent images. Thus it requires that the one who takes pictures
is not allowed to change one’s location but only move in a
rotational way.

As the transformation must keep visually accurate align-
ment of large image regions, it must be tolerant to significant

view point shift. Also, as outdoor environments are beyond
control, the transformation must also be robust to illumina-
tion changes and motion of objects.

The distribution of detected features across an image is
known to affect the accuracy of homography calculated from
them [3]. It is desirable that the features are evenly distributed
across the image because many vision algorithms are robust
only when such conditions are met.

When images contain more than one plane, it is hard
to stitch them together into a single panoramic image. For
example, an image containing both a distant plane and a
ground plane that stretches out from the camera’s view
point is one of such difficult images. Since both planes have
different homography transform matrix, it is hard to build a
single universal matrix to apply for the whole image stitching.

For the dual-plane image stitching, existing approaches
estimate a single planar perspective transform to align two
adjacent images. However a single homography cannot warp
the images correctly, requiring postprocessing to remove
misalignments.

In [4], it proposes a method to address dual-plane pano-
ramic scene by estimating two-perspective transform per
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image-pair, resulting in improved alignment before the post-
processing. It estimates dual homographies from matched
points and applies different weights to each homography
depending on distances to corresponding pixels.

The dual homography approach divides the matched fea-
ture points into two groups. Then a perspective matrix is
estimated per group. Each pixel uses a weighted sum of the
homography matrices to warp into new position as follows:

𝐻
𝑖𝑗
= 𝜔
𝑖𝑗
𝐻
𝑔
+ (1 − 𝜔

𝑖𝑗
)𝐻
𝑑
, (1)

where 𝐻
𝑔
and 𝐻

𝑑
mean the ground plane and distant plane

homographies, respectively, and 𝜔
𝑖𝑗
is a weight to the pixel at

(𝑖, 𝑗), representing which plane is closer to the pixel.
In [5], it improves the problem of the dual homography:

curve effects; that is, straight lines in original images are
bended after stitching. It lessens such side effect by adding
another homography to the weighted sum, resulting in triple
homography:

𝐻
𝑖𝑗
= [𝜔
𝑖𝑗
𝐻
𝑔
+ (1 − 𝜔

𝑖𝑗
)𝐻
𝑑
] ×
𝑊 − 𝑥

𝑖

𝑊
+𝐻 ×
𝑥
𝑖

𝑊
, (2)

where 𝑊 is the width of image and 𝑥
𝑖
represents the hori-

zontal coordinate of the pixel.
Both the dual homography and its enhanced version need

to find two sets of feature points to estimate homography.
Therefore they are dependent on the feature detection algo-
rithms.

In this paper, we propose three feature coverage indexes
which evaluate the stitching performance of feature detectors
and predict the outcomes of the stitching. It has been
attempted to provide a set of indexes to evaluate the quality
of image processing results. In [6], the convex hull was
employed to indicate the spatial coverage of feature points.
In [7], spatial relationship between feature points was mea-
sured by dense sampling scheme. We compare four feature
detection algorithms for the dual homography. We use SIFT
[8], SURF [9], ORB [10], and BRISK [11] to detect features for
estimating homographies.

The rest of the paper is organized as follows. Section 2
describes the details of the dual homography procedure
and introduces the feature coverage indexes. In Section 3,
we experiment with three sets of images for stitching and
evaluate the detectors by the proposed indexes. Section 4
concludes the paper.

2. Dual Homography

Figure 1 shows the flowchart of stitching two images by using
the dual homography. At first, feature points are extracted
from images. The features are then matched one another,
resulting in a set of matched pairs. Then the pairs are
clustered based on which plane they belong to: the ground
and distant planes. By using the two groups of feature pairs,
two homographies are estimated, respectively. The stitching
is actually the backward projection: the weighted sum of the
inverse homographies is used to calculate the pixel location
to fill up the position on the resulting stitched image.

Feature detectors have an influence on the success of the
image stitching because the following depends on feature
detectors: the number detected feature points, the number of
matched pairs, the number of feature points per cluster, the
location of cluster centroids, and estimated homography of
clusters.

We propose three indexes to measure and evaluate the
efficiency of feature detectors for the estimation of homog-
raphy. Those indexes can be used in a way that if a feature
detector obtains high score over all three indexes, we can
expect the dual homography estimated by the detector to
produce seamless stitched images with high probability.

The first index 𝑘
1
measures how many detected features

still remain after matching step:

𝑘
1
=
𝑚

𝑛
≤ 1, (3)

where 𝑛 is the number of detected feature points and𝑚 is the
number ofmatched feature points. It indirectly represents the
efficiency of feature detectors. During the feature detection,
the detector requires computing resources such as CPU
processing and memory to describe and store feature points.
Thus, the more feature points are matched, the less resources
are wasted.

The second index 𝑘
2
is the ratio between the number of

feature points belonging to each cluster:

𝑘
2
=
𝑐
𝑑

𝑛

𝑐
𝑔

𝑛

, (4)

where 𝑐𝑑
𝑛
is the number of matched feature points belonging

to the distant plane and 𝑐𝑔
𝑛
is the number of matched feature

points belonging to the ground plane. If each cluster contains
the same or similar number of feature points, the probabil-
ity to successfully estimate homography matrices becomes
higher. Otherwise, the cluster with less number of feature
points is more likely to fail to estimate the homography,
resulting in the failure of the dual homography warping.

The third index 𝑘
3
is the variance of the distances of

feature points to its cluster centroid:

𝑘
3
=
1

𝑛

𝑛

∑

𝑖=1

(𝑑
𝑖
− 𝜇
𝑑
)
2
, (5)

where 𝜇
𝑑
is the average distance from each of the cluster

points to a centroid, 𝑑
𝑖
is the distance from 𝑖th cluster point

to the centroid, and 𝑛 is the number of feature points of the
cluster. If feature points are distributed evenly over its plane,
the estimated homography becomes more robust.

In summary, these three indexes specify indirectly three
conditions required to estimate homography with success;
feature points are extensively distributed and evenly over
different planes with a sufficiently large number of detected
points.

3. Performance Evaluation

We evaluate feature detectors by comparing three proposed
indexes and the quality of generated panorama images. We
consider four detectors: SIFT, SURF, ORB, and BRISK.
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Read image 1 Read image 2

Extract feature points
from image 1

Produce matched feature pair

Cluster the pair into two groups

Estimate homography
for distant plane

Estimate homography
for ground plane

Calculate the weighted sum of
homographies per pixel

Stitch the images by applying
the results to obtain pixel locations

End

Extract feature points
from image 2

Figure 1: The flowchart of the image stitching using the dual homography.

For evaluations, we use three sets of images. For the
first set, we divide a single image into three pieces, each of
which has overlapped regions with adjacent subimages. Each
subimage contains two planes: ground and distant shown in
Figures 2(a)–2(c).

By this set, the stitched results can be easily evaluated by
comparing with the undivided original image.

For the second set, each image of the first set is trans-
formed by using random perspective transformation matrix-
es as shown in Figures 2(d)-2(e). Note that the center and the
right images are warped, leaving the left one unchanged. It
evaluates whether the dual homography performs perspec-
tive transformation on images correctly.

The third set contains three separately taken images, each
of which has overlapped regions as shown in Figures 5(a)–
5(c). Each image contains two planes: ground and distant.
Stitching the images of this set results in a panoramic image.

Figure 3 shows the stitching results of the first image
set when using four feature detectors. All of them stitched
subimages successfully into the original image. Since each
subimage is not modified with any perspective transforma-
tion, the stitching is the process of simple translation.

Figure 4 shows the stitching results of the second image
set. Three of the feature detectors were able to stitch the
images while BRISK failed to do so. The results of SURF and

ORB are not satisfactory. Only SIFT managed to produce the
result similar to the original image.

Figure 6 shows the stitching results of the third set images.
All of the four feature detectors were able to stitch the images
into larger panorama images. However, there exist differences
in seamlessness among the results. Both SURF and SIFT
produce the results with higher quality than those ofORB and
BRISK. In particular, the contour lines of the buildings in the
result of BRISK are indistinguishable because of warping.

We now evaluate the four feature detectors by comparing
the proposed index values. Figure 7 shows the values of the
three indexes of 𝑘

1
, 𝑘
2
, and 𝑘

3
when the first set of the images

are processed by the four detectors. For 𝑘
1
, the higher the

value is, the more efficient the detectors are. Since the first
image set contains the vertical dividing of a larger image,
finding matching feature points among them is not difficult.
Thus, the four detectors show similar performance. For 𝑘

2
,

the closer to 1 the value is, the better the chances are to obtain
the dual homography. All of the 𝑘

2
’s of the four detectors have

the values around 1, implying that the stitching by the dual
homography proceeds smoothly. For 𝑘

3
, the higher the value

is, the more accurate the estimated homography is because
it means that the feature points are evenly distributed over
planes. All of the 𝑘

3
’s have the value of over 200, implying

that all of the four detectors are able to stitch the images
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(a) Left (b) Center (c) Right (d) Left (e) Center (f) Right

Figure 2: The three images of the first set (a)–(c) and the three warped images of the second set (d)–(f).

(a) SURF (b) SIFT (c) ORB (d) BRISK

Figure 3: The stitching results of the first set from four feature detectors.

(a) SURF (b) SIFT (c) ORB

Figure 4: The stitching results of the second set from SURF, SIFT, and ORB. BRISK failed to produce results.

(a) Left (b) Center (c) Right

Figure 5: Three images of the third set to be stitched together.



Journal of Sensors 5

(a) SURF

(b) SIFT

(c) ORB

(d) BRISK

Figure 6: The stitching results of the third image set by using four feature detectors.

Feature detectors
SURF SIFT ORB BRISK

0.0

0.1

0.2

0.3

0.4

0.5

(a) 𝑘1

0.0

0.5

1.0

1.5

2.0

Feature detectors
SURF SIFT ORB BRISK

(b) 𝑘2

0

200

400

600

800

1000

Feature detectors
SURF SIFT ORB BRISK

(c) 𝑘3

Figure 7: The measurement of the three indexes for the first image set.

successfully. Since all of the four detectors have similar index
values, we can predict that they produce similar stitching
results, which is true when observing the panorama images
of Figure 3.

Figure 8 shows that the index values for the second image
set vary depending on the detectors. It is because the images
of the second set are distorted after dividing a larger image.

Thus finding matching feature points is challenging for some
of the detectors. Note that only SIFT has the values which
fall into proper ranges; in particular 𝑘

2
is very close 1 and 𝑘

3

is as high as 600. BRISK has no results because it failed to
stitch images. SURF and ORB have the 𝑘

2
values which are

away from 1 and the 𝑘
3
values around 200 implying that the

feature points are not proper to estimate correct homography.
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Figure 8: The measurement of the three indexes for the second image set.
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Figure 9: The measurement of the three indexes for the third image set.

From these, it is predicted that only SIFT can stitch the images
correctly while others cannot, which is true when observing
the results of Figure 4.

Figure 9 shows the index values for the third image set. All
of the feature detectors excluding BRISK have similar values
for all the indexes. Note that the 𝑘

3
value of BRISK has less

than 200, implying that the estimated homography has errors.
From these, it is predicted that the stitching results of SURF,
SIFT, andORB are similar while BRISKproduces an incorrect
result, which is proved true by the results of Figure 6.

In summary, it is possible to predict the stitching results
only by observing the three indexes which capture the capa-
bility of the feature detectors to contribute to the estimation
of the dual homography. Particularly, we can observe that 𝑘

2

and 𝑘
3
are closely related with the correct estimation of the

homography.

4. Conclusions

We proposed three feature coverage indexes which evaluate
the stitching performance of feature detectors and predict
the outcomes of the stitching. Particularly, these indexes are
developed to evaluate the stitching process involving the dual
homography which are for the images containing multiple
different planes. We evaluated the four well-known feature

detectors by the proposed indexes by applying them to the
image stitching process and showed that the prediction by the
index values coincides with the stitching results.

We note that the proposed indexes need improvements
in the following area in future works. Firstly, the indexes are
applicable only to the cases when stitched images contain
more than two planes. It is particularly because of 𝑘

2
which

involves the number of planes as parameter. Secondly, the
indexes are not sufficient enough to evaluate the complete-
ness of panoramic results because the indexes are mostly
related with registration while the blending part is not
covered. Future works will extend the indexes to be able to
evaluate the quality of the stitched boundary.
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This paper proposes a method to classify whether a landmark, which consists of the outline in a face shape model in the shape
model based approaches, is properly fitted to feature points.Through this method, the reliability of information can be determined
in the process of managing and using the shape. The enlarged face image by image sensor is processed by bilinear interpolation.
We use the gray-value variance that considers the texture feature of skin for classification of landmarks. The gray-value variance is
calculated in skin area of the patch constructed around the landmark. In order to make a system strong to poses, we project the
image of face to the frontal face shape model. And, to fill out each area, the area with insufficient pixel information is filled out
with bilinear interpolation. When the fitting is properly done, it has the variance with a low value to be calculated for smooth skin
texture. On the other hand, the variance for misaligned landmark shows a high variance by the background and facial contour
gradient. We have proposed a classifier using this characteristic and, as a result, classified the true and false in the landmark with
an accuracy of 83.32% through the patch classifier.

1. Introduction

The approaches based on the shape model to faces are the
technique thatmatches the shapemodel toobjects in an image
through shapes or textures and have shown good results by
applying the various methods [1–3]. In addition, researches
are in progress, which consider the illumination in the real
world, the impact of a background, and the case that some
part of a face is covered [4, 5]. However, there are still
some known imitations in the techniques that use the shape
model. Representatively, the feature detection and tracking
techniques, which estimate an approximation [1] with the
least square solution that calculates the tracking parameter
used in the shape alignment, have limitations in each [6].

The purpose of the techniques related to the face does not
aim to simply fit shapes. Mainly using the location informa-
tion of the landmark, they are used in systems that perform
the face recognition [7], gaze estimation [8], and expression
recognition [9]. If a landmark is not properly placed on a
feature point, each system causes serious problems in these
approaches. Furthermore, when tracking is progressed for

a continuous image from a video stream, when a landmark
of shape stays in the background, when the face is obscured,
and when the object becomes a variation in the type that
cannot be generated by a variant of the shape model, the
situation occurs in which the accurate fitting cannot be made
according to the environmental changes.

Therefore, we have decided that another verification
method is required in addition to the optimization strategies
and the shape alignment method. If it is gone through
the verification, prior to using the result of shape fitting,
the reliability of the current shape can be determined. For
example, it can be determined whether to use the result or
not before using the data. Also, if the verification result is not
reliable as the result of fitting in the video stream, the current
tracking is abandoned and it can be operated to start again
from the search process. Or searching for a better spot for the
landmark can be induced.

We propose a method of verifying the landmark consti-
tuting the outline of the face to achieve this. But it may not
be enough to go through the verification process only for the
outlines of the landmark of the face shape model. However,
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every landmark is associated with each other in the form
of the shape model. Thus, verification on the outline of the
landmark can help to separate the fitting in the overall shape
model.

Landmarks of a face contour have a feature suitable to be
distinguished as compared to other landmarks because it is
located at the boundary between the background and other
objects in the two-dimensional image. Our approach is to
classify landmarks through the analysis of the combination of
a texture and a shape for a landmark. If a patch is configured
that contains the pixel information around each landmark,
this patch will all include the background, the skin of the face,
and the boundary gradient. Therefore, as analyzing texture
features targeting patches around the landmarks of the face
outline, the result placed on the facial contour can be verified.

We named the classifier “patch classifier” that classifies
landmarks using features described above. The patch classi-
fier configures patches for the landmarks of the shape model
and classifies whether the fitting is correct or not by analyzing
the features from the gray-value variance calculation.

Most of the shape models go through the fitting process
in accordance with variations in poses. At this point, the
case occurs that the pixel information is not shown, so it
goes through the process of filling content of a missing pixel
using bilinear interpolation. Since the variance represents the
relationship with the average, the bilinear interpolation is
suitable for filling the missing information without alteration
of variance results.

This paper is developed in the following flow. First, in
Section 2, we review the approaches associated with our sys-
tem. In Section 3, the patch classifier that we propose is intro-
duced. In Section 4, the verification of the patch classifier is
shown through an experiment. Finally, Section 5 refers to the
conclusion, and Section 6 concludes with the contributions
and suggestions for future research of the paper.

2. Relative Work

2.1. Face Shape Model and Fitting Method. Showing good
performances by the method of matching the shape model
with an image and the technique that matches the shape
alignment with the image object, various approaches have
been studied. The representative methods of the shape are
Active ShapeModels [1, 10–12] as start, theActiveAppearance
Models [2, 13–15] which uses the texture, and theConstrained
Local Model [3, 6, 16] which uses the patch texture around
a landmark. These studies are common to estimate the
position of a landmark, each feature point. And it updates the
optimized shape parameter and goes through the process of
transforming the reference shape, and generates a shape that
fits an object.

Starting with these techniques, a more extensive research
direction is created. Typically, by aligning the nonrigid shape
model on the face image and distinguishing the expression, it
estimates the emotion of a person [9, 17]. A pose is estimated
using the geometric information of the shape [18]. And by
using the pose and eye position information of the shape, the
research on gaze tracking is achieved [8]. Also, by generating

the frontal face image from the nonfrontal face, it is used
to identify faces [7, 19]. Above these, the various studies are
underway to make good use of the shape in a number of
areas. In this paper, before using the shape model, by judging
whether the result can be trusted or not, it can be usefully
utilized.

2.2. Gray-Value Variance. Gray-value variance is an attribute
that can calculate texture as the feature. In Tracking-
Learning-Detection, as the first state from the 3 states in
object detectionmethod, the gray-value variance of the patch
was used [20]. If it is scanned by a scanning window and the
variance is less than 50% compared to the target object, it is
rejected from the candidate group.This process is commonly
a nonobject patch, and it is determined from the background
like sky, street, and so forth.

Also, in [21], similar to the previous paper, a cascade
filter based tracking algorithm of multifeature is proposed in
tracking the object. In this way, in the stage of cascade, if the
gray-value variance is lower than 80% and greater than 120%,
it is used in the method of rejection.

The Fingerprint image segmentation research has pro-
posed the algorithm using gray-level variance as threshold
[22]. In this way, the gray-value variance is used to filter
objects or the background in the object detection research.

2.3. Most Related Approaches. In [7], as suggesting the view
based active shape model, it deals with the content of the
boundary extraction. In this research, the whole active shape
mode is initialized with the Procrustes analysis; however,
due to the individual differences, in order to solve the case
that the shape grows apart from the actual face area, the
process of extracting the boundary of the face is added. It
is limited through the boundary in the square that includes
the top, bottom, and sides from the eyebrow to the chin
and the end of nose. From the bottom to the top of the
rectangular area in which the edge strength and smooth
combination are optimized, it was formulated by the curve
running. Optimal curve is found by dynamic programming
in seam carving. The seam means path of least importance.
First, the importance function is measured by measuring
neighbor pixels of image.The seam carving consists of finding
the path of minimum energy cost. Then the optimal curve is
excluded and this part is maximized instead of minimizing
the edge strength. Later, it updates the boundary of AAM
points using curve points.

The study is different fromour purpose, but it is consistent
with the point that it draws the result through the face
outline. However, it extracts the contour of a face by using the
edge components of the face outline proposed in the above
mentioned paper. The method of using the edge represents
the form feature of an object, but this would not be able to
avoid the influence on the background of real life.

3. Patch Classifier

The patch classifier proposed in this paper has a role to
classify whether the landmark that consists of a face outline is
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Figure 1: Flow of patch classifier.

properly placed on the outline of the face image.The key idea
of the patch classifier is that the inside of a shape composed
of the outskirts of a landmark consists of skin. Since a region
other than the outer face is only composed of smooth skin
texture, when calculating the gray-value variance, it shows a
low value. To calculate this, we construct the area around the
landmark with patches. In addition, the outside of the shape
composed of landmarks that constitute the face contour is
treated with a mask. The patch that excludes each mask
should not include the background and gradient boundary
of the face. Using that, the patch classifier judges whether
the landmark is properly placed on the facial contour or not.
Prior to these works, it is necessary to create a frontal image
of the face so that you can work in the free pose of the shape
model. Figure 1 shows the flow with the simple picture. We
use current shape in tracking method and trained reference
shape. First, the frontal face image is generated by projecting
image warped current shape to reference shape. And we
construct patches for set of pixel in region around each
landmark of reference shapes.Then the gray-value variance is
calculated to analyze the characteristics of the patch. Finally,
we decide classification results using the calculated gray-
value variance and geometric feature of face shape model.

This process will be described in the following flow. First,
Section 3.1 deals with the process that configures the patch
after creating a frontal face image composed of gray-value
in the preprocessing section. Section 3.2 explains the process
of calculating the variance of each patch. Finally, Section 3.3
describes the process of determining the variance calculation
result again considering the relationship between landmarks.

3.1. Preprocessing. A frontal face image is produced with
the shape and image which are in tracking to compute

the variance of the patch classifier. Next, it goes through the
preprocess for the calculation of variance by constructing the
patch made of gray-value of landmarks.

3.1.1. Frontal Face Shape Model. The shape model is basically
performed through the calculation of themean shape and the
parameter [1].

In this paper, we use the current shape, image, and the
reference shape of the Point Distribution Model (PDM) used
in the shape alignment. Reference shape is the mean shape
of the shape of the training set that is used when the PDM
is training, and it is generally from the front face. The shape
model is utilized only for the face when the background was
removed. Since our approach is pose-invariant system, the
frontal image is prepared for the fact that the patch calculates
under the same condition regardless of the pose.

3.1.2. Generate 2D Frontal Face Image. Using the reference
shape, the current face image is transformed into the frontal
image. In a number of studies, Piecewise Affine Warp [23] is
used to produce a face image. This technique is the texture
mapping, which maps the different area from the image.
First, it configures the Delaunay triangulation in the shape
and reference shape currently being tracked. Then, using a
bilinear interpolation correction with the center coordinates,
itmaps the specific triangle to the target triangle.When a pose
variation occurs in the shape model, it is to fill with bilinear
interpolation for the case that 2D face image is not shown.
The bilinear interpolation is an extension of the simple linear
interpolation. It fills the empty area by the method that does
not affect the gray-value variance which will be calculated
later.

In general, when generating the front face image through
the Piecewise AffineWarp, the area other than the face region
is thereby excluded by themask.That is, the other area except
the set of the triangle region is treated with a mask.Themask
is possible to be obtained by a convex hull to the reference
shape. Figure 2 shows an example of the result of the process.

Thismask is not used solely for the Piecewise AffineWarp
transformation. In the variance calculation, the mask area
is excluded to calculate only the skin area. In this way, it
is to naturally review the outer boundary of the face. The
background is included in the outside area of connecting lines
between neighboring landmarks. On the other hand, only the
skin is included in the inside of the boundary.

3.1.3. Construct Patch. Each patch specifies a rectangular area
around the landmarks of the frontal face shape. The size of
the rectangular area determines the size of the patch in pro-
portion to the whole size of the shape model. All the created
patches have to include a boundary of the face contour.

The reason to specify the patch is to reduce the effect on
the skin or the light amount when the variance is calculated.
The gray-value variance is the number that indicates the
extent of the fact that the gray-value image is spread from
the average. That is, the value indicates the distribution of
the pixel in the image. Therefore, if we specify a range of
image as the full face, the large numerical value must be
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Figure 2: Examples of frontal face image.

acquired due to the gradient by the illumination, eyes, nose,
mouth, and so forth. If the variance is locally calculated by
configuring the patch, on the other hand, it is possible to
reduce the effect on the gradient of the overall light in the face.
Because we only calculate the variance to determine whether
the texture inside of the shape model is soft, calculating in a
limited scale is more stable and efficient.

3.2. Gray-Value Variance. This section describes the details
for calculating a variance for each patch via the previous
preprocessing. Variance is a value that measures how much
the number sets of the values are spread out. Low variance
means that the value is very closely gathered to the average.
On the other hand, a high variance value indicates that the
numbers are located far from the average. That is, if there is
no change in the gray-value in the generated patch, variance
will be low. As a result, if the variance of the gray-value is low,
it means it has a smooth texture. Conversely, if the calculated
value of variance is high, it means that the background or
any other object is included in the patch. Thus we calculate
the variance to the patch consisting of the landmark as the
center anddetermine the skin texture detection by calculating
the variance. For this, the gray-value variance 𝜎

𝑖
to the 𝑖th

landmark 𝑙
𝑖
is calculated as the following equation. First,

the mean of gray-level values except mask𝑀 for image 𝐼 is
calculated by

𝐸 (𝐼,𝑀) =

1

𝑁

𝑛

∑

𝑥=0

𝑛

∑

𝑦=0

𝑖 (𝑥, 𝑦)𝑚 (𝑥, 𝑦) , (1)

where 𝑖(𝑥, 𝑦) is the gray-level value of coordinate (𝑥, 𝑦) of the
image 𝐼, 𝑚(𝑥, 𝑦) is the pixel of coordinate (𝑥, 𝑦) of the mask
𝑀, 𝑁 is number of pixel when the value of the coordinate
(𝑥, 𝑦) is 1, and 𝑛 is size of image. The image type should be a
grayscale. And themask consists of 0 or 1. Equation (1) is used
for calculating variance except points where value of mask is
0.

The mask has been used in the preprocessing. The ideal
result should be that the mask is cut out along the face
contour. Through this fact, the gray-value variance of frontal
face image excepting the mask is

𝜎
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Figure 3: Gray-variance of the patch around the ground truth
landmark in the Multi-PIE.

where 𝑃
𝑘
is the patch that contains 𝑛 × 𝑛 gray-level value

in the center of the 𝑘th landmark. We can calculate the
variance of the range which should contain only the gray-
value of the skin through this formula as noted above. We
have collected the appropriate range of variance through the
landmark passively placed. In Table 1, the patch, the actual
gray-value figures, and a gray-value variance are shown. The
mask 𝑀 area is shown as black in the patch of which gray-
value is 0.

We measured the gray-value variance from the face
image of the Multi-PIE database [24] and the ground truth
landmarks in order to determine the numerical value for
the calculation results in the general image and the correct
position of the landmarks. The face images of the Multi-
PIE database contain a variety of light direction, the number
of people, and even the beard. The results are shown in
Figure 3.This graph shows the result of collecting the number
of landmark that has a gray-value variance included in the
gray-value variance range shown on the 𝑥-axis. In the result
of the measurement, in the landmarks of the entire face
outline, approximately 87.52% of the gray-value variance
showed a value of less than 200. Through the result, we
come to believe that we are likely to determine the possibility
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Table 1: An example of gray-value variance.

𝑘 Patch Gray-values Variance

0

0 0 0 0 125

1491.06
0 0 0 32 126
0 0 0 32 123
0 0 0 55 127
0 0 0 73 129

2

0 0 0 110 119

93.8496
0 0 0 117 119
0 0 0 110 121
0 0 0 120 122
0 0 0 88 109

6

0 119 142 148 139

137.96
0 113 139 132 141
0 0 120 132 127
0 0 0 122 134
0 0 0 0 106

9

120 113 112 110 108

105.604
103 98 111 102 101
0 0 0 79 0
0 0 0 0 0
0 0 0 0 0

11

91 81 71 67 75

98.7288
80 63 64 61 70
61 59 58 0 0
68 52 0 0 0
0 0 0 0 0

13

102 90 85 78 0

32.2301
90 88 87 0 0
88 87 80 0 0
86 84 0 0 0
85 79 0 0 0

of whether the fitting is correctly done in the proposed
method. Some landmark represents high gray-value variance
value by a gradient according to the direction of the light
source and the beard. Since this phenomenon can occurmore
frequently in the real world, the patch classifier determines
the classification through one more step.

3.3. Considering Relation between Landmarks. As described
above, the result of whether it is placed in the correct position
of the landmark can be estimated through the calculation
of the variance of the gray-value patch. However, due to
the environment like the amount of light, shadow, skin
characteristics, and the beard may cause different results. In
addition, there is a weak point in what will be calculated from
the variance. For example, let us assume that the front face
is being tracked in front of a single color background. If the
patch only contains the background due to the failure of the
face alignment, the result indicates a very low variance and
the incorrect fitting result, more likely, will be classified as
normal. To solve this problem, we redefine the result of the
variance through the relationship between the landmarks of
the shape.

As a result of the trace for the first situation in Figure 4(a),
gray-value variance of one landmark is calculated over 300;
it is classified as an incorrect result. In this case, due to the
gradient of the facial contour, it came to have a high variance.
However, the RMS error of the manually placed landmark
and location is actually a very small number, and it is the point
needed to be determined as the correct fitting.

Since these patches are created with the landmarks that
consist of a face, features of a face can be used.The landmarks
of which variances are calculated have the shape of curve that
forms the face boundary. Also, because it keeps the reference
shape by transforming using the parameters in the shape
alignment technique, it is difficult that only one landmark
takes the protrusive shape. Thus, the result of the protrusive
location is treated as the same as the result of the peripheral
landmark.

As the same phenomenon of this, the different situation
in the protrusive result is shown in Figure 4(b). This result
obtained the very low value of variance since the around
patches of protrusive landmarks remain on the background
of a solid color. Further, a single landmark to start escaping
showed a high variance. Until this situation, it is the same as
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Figure 4: Examples of the situation that needs to consider the
relationship between landmarks. The first column represents result
of fitting, second column represents frontal face image, and third
represents parts of classified results using gray-value variance (1 is
true, 0 is false).

the previous situation. In order to prevent this, the mean to
the patch that does not exclude themask used in the Piecewise
Affine Wrap after the landmark is

𝐸

(𝐼) =

1

𝑛
2

𝑛

∑
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𝑛
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Therefore, the gray-value variance to the whole patch is

𝜎


𝑖
= 𝐸

(𝑝
2

𝑖
) − 𝐸
2
(𝑝
𝑖
) . (4)

This calculation will calculate the variance to the patch
including the background face and so on. If the landmark
stays in a solid colored background, since the face contour
does not exist, the similar variance will be retained.

4. Experimental Results

In this paper, the patch classifier, as described above, classifies
the correct fitting result by calculating the variance of each
landmark nearby. We did an experiment based on the CMU
Multi-PIE database [24] to evaluate the accuracy of the result.
Also, after performing by applying a patch classifier to the
actual shape fitting technique in the video frame of FGNet
[25], according to the RMS error, the measurement of the
gray-value variance and the result of the classification are
checked. As the same experiment, the patch classifier in real-
life images with a complex background is reviewed.

Verification of the basic patch classifier proceeds in
the Multi-PIE database. Multi-PIE has various pose, facial
expression changes, and face images to the illumination.
68 ground truth landmark points for this have attached to
comments. Each image is the 640 × 480 size. A total of face
images for 346 people exist in various poses and, at the same
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Figure 5: Shape RMS error to the face contour.
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Figure 6: ROC curve according to the wide range of variance in
the Multi-PIE. Red line is the ROC curve that is measured only by
the threshold of the gray-value variance to the Multi-PIE. Blue line
is the adjusted ROC curve considering the threshold of the gray-
value variance to theMulti-PIE and features of the curve of the facial
shape.

time, 20 sets of direction of light are composed. Also, it
is made up of images of faces taken from the camera in
a total of 15 directions. We use the total 75,360 images by
utilizing a set of three directions. This database is a database
that is primarily used in the face shape fitting performance
comparison, so we carry out the experiment about the gray-
value variance compared with the ground truth landmark
advances.

In this paper, because it determines whether landmarks
are correctly positioned in the facial contours or not, errors
are estimated by the distance between the existing ground
true landmark and the face contour, not by the RMS error.
This example is shown in Figure 5.

In order to find an appropriate variance threshold 𝜎 to
distinguish between true and false in the patch classifier,
the Receiver Operating Characteristic (ROC) curves for a
wide range of gray-value variance are presented in Figure 6.
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(a) 4th landmark
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(c) 12th landmark
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Figure 7: Each landmark error and gray-value variance in the FGNet database.

The curve is calculated only for the outline of the landmark
of the shape model. It is used as the ground truth landmark
of the Multi-PIE for each sample image and goes through
the fitting process for the same image using the technique
of [6]. We thus apply the patch classifier to the around of
the landmark of the facial contour for this fitting. The fitting
result is defined as true when the distance of the ground
truth landmark is less than 3 pixels and defined as false
when it is greater than that. In ROC curve, the red mark
is the case that the result is determined only by the gray-
value variance. The blue mark is the result of considering
the relationship between the landmarks. By considering the
relationship between the landmarks, it was identified that
the result was improved in the true positive rate before the
correction, and also the false positive rate became much
lower. The critical gray-value variance in which the classifier
shows the best performance is showed as 228. If it is classified

by using this critical value, the true positive rate is 87.71%, and
the true negative rate is 71.84%.

The experiment is processed for continuous images using
the calculated critical value of the gray-value variance. In
Figure 7, the result for the distance between fitted landmarks
and ground truth landmarks in the FGNet talking face video
database [25] and the gray-value variance is showed. As the
same as in the experiment of Multi-PIE, the fitting technique
[23] was used. The graph at the top represents the distance
between the landmark, the result of the fitting, and the
ground truth landmark. As shown in the graph, this fitting
technique maintains the distance of approximately 10 pixels
on the whole in tracking. According to this, it is confirmed
that the gray-value variance for each landmark shows less
than the value of 300. As shown in Figure 7(a), if the fitting
result is stable, the gray-value variance can be seen to be sta-
ble. And Figures 7(b) and 7(c) show the relationship between
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Figure 8: Example of the result of patch classifier in the complicated background.The red point represents the failure of fitting and the green
point represents the success.

gray-value variance and error. As shown in Figure 7(d), the
17th landmark, which are the gray-value variance at both ends
of the landmarks of the outline of the face, do not seem to
be stable. Since this position does not only contain the skin
due to hairs, the value must be high. However, according to
considering the relationship between the landmarks of the
shape as mentioned, the result of the patch classifier can be
returned as true according to neighbor landmarks.

Finally, the result of applying the patch classifier on real
images is shown in Figure 8. The green dots represent the
landmarks of which normal fitting is made and the red
dots represent the landmarks that are classified by the fitting
failure by the patch classifier. In the upper right of each image,
the frontal image is placed that its gray-value variance is
measured, after configuring the patch. The image represents
the result that the patch classifier classifies the case that the
shape cannot keep up with or the landmark stays on the
background by the rotation. It can be identified that, in the
frontal face image in the upper right, the nonface contour
area is included. This method showed better performance in
complex background. The gray-value variances in complex
background are higher than the gray-value variances in
simple background. When the face rotated yaw axis, our
approach can classify landmarks properly.

5. Conclusion

In this study, the patch classifier has been studied which
determines the fitting result of landmarks that consist of

the face contour lines of the face shape model. The patch
classifier approaches to estimate a texture of skin through a
gray-value variance measurement. To show the performance
invariant to pose, it transforms to the frontal shape model.
In this transformation, we were able to fill a hidden pixel by
a pose using the bilinear interpolation without modification
in measuring the gray-value variance. Further, in order to
reduce the interference with the illumination or the like, the
method of configuring a patch around a landmark is used.
A gray-value variance is calculated only in this patch. If you
apply this approach to theMulti-PIE database, approximately
87.52% of the gray-value variance of the landmark is con-
firmed to appear as a value of less than or equal to 200. The
texture and shape features are dealt with in the approach
of the existing fitting methods and showed the potential for
the use of the features in this study. In addition, by applying
this technique to the outskirts of the landmark face shape
model, we proposed a method to classify whether a fitting is
successful or not. As a result, it was able to classify the correct
fitting result in the probability of 83.32%. We could verify
whether a gray-value variance is placed on the landmark of
the face outline in the simple and effective way.

6. Limitations and Future Work

Weused the outline landmarks bywhich the success or failure
of fitting can be determined in the relatively simple way. As
mentioned above, since landmarks of the shape model are
composed of geometric relations, we can estimate the fitting
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state of the shape being tracked. Estimation of the fitting state
might be helpful in verifying the reliability of the shapemodel
used in various directions and determining the usage.

First, there is a case that uses it as ameasure for improving
the tracking of the shape model itself. The systems that are
related to the shape model consisting of the landmarks are
flowed in two steps. After the initial searching of a face area
and the initial fitting process of shape, fitting process only
occurs. If a landmark fails to fit the facial feature in tracking, it
can be occur that a shape repeats the incorrect fitting. In this
case, with analyzing the current status and returning to the
initial phase of the system by using this research, the recovery
is possible.

Also, it can be used as a correction of the shape fitting
result. The fitting technique keeps track of each feature and
maintains the natural form through the shape alignment.
In this process, the outer landmark directly evaluates and
finds the better fitting points. After verification of the shape,
furthermore, it can be used in various systems to take
advantage of the shape model. The systems of gaze tracking,
face recognition, motion recognition, and facial expression
recognition are applicable. The role of the landmark in the
system is critical. If landmarks are incorrectly fitted, a more
serious problem might occur in these systems.

Like this, the patch classifier can achieve the better results
by applying after the shape fitting. In addition, by utilizing
the failed data, it contributes to the way of escaping from the
bigger problem.
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A compression technique for still digital images is proposed with deep neural networks (DNNs) employing rectified linear units
(ReLUs). We tend to exploit the DNNs capabilities to find a reasonable estimate of the underlying compression/decompression
relationships. We aim for a DNN for image compression purpose that has better generalization property and reduced training time
and support real time operation.The use of ReLUs whichmapmore plausibly to biological neurons, makes the training of our DNN
significantly faster, shortens the encoding/decoding time, and improves its generalization ability. The introduction of the ReLUs
establishes an efficient gradient propagation, induces sparsity in the proposed network, and is efficient in terms of computations
making these networks suitable for real time compression systems. Experiments performed on standard real world images show
that using ReLUs instead of logistic sigmoid units speeds up the training of the DNN by converging markedly faster.The evaluation
of objective and subjective quality of reconstructed images also proves that our DNN achieves better generalization as most of the
images are never seen by the network before.

1. Introduction

Digital image compression plays an extremely important role
in the transmission and storage of digital image data. Usually
the amount of data associated with visual information is
so large that its storage requires enormous memory and its
transmission requires high bandwidths. Image compression
is the process of effectively coding digital images to reduce
the number of bits required to represent an image.This com-
pression allows transmission of image at very low bandwidths
and minimizes the space requirement for storage of this data.
As consecutive frames of still images constitute the video
data, algorithms designed for 2D still image compression can
be effectively extended to compress video data. The image
compression algorithms can be broadly classified into lossless
and lossy compression algorithms. A lossless compression
algorithm reproduces the original image exactly without any
loss of information. These methods are used in applications
where data loss is unacceptable, for example, text data and
medical images. In this paper we are going to target the lossy

compression where the reproduced image is not an exact
replica of the original image. Some information is lost in the
coding process. These algorithms provide a way of tradeoff
between the image quality and the degree of compression.The
goal is to achieve higher degree of compressionwithoutmuch
degradation in image quality.

Artificial neural networks (ANNs) [1–3] get their inspira-
tion from the manner in which human brain performs calcu-
lations andmakes decisions. In fact ANNs tend to imitate the
functionality of human brain, that is, the biological neuron
system. An ANN achieves this abstraction and modeling of
the information processing capabilities of human brain by
interconnecting a large number of simple processing ele-
ments called the artificial neurons. An artificial neuron is an
electronically modeled biological neuron. The complexity of
a real biological neuron is highly abstracted while modeling
an artificial neuron. The theme is to mimic the working
of human nervous system with the help of these artificial
neurons. In order to achieve this each artificial neuron is
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equipped with some computational strength similar to that
possessed by a biological neuron. An artificial neuron like
a biological neuron can take many input signals and then
based on an internal weighting system produces a single
output signal that is typically sent as input to another neuron.
Figure 1 shows a representation of an artificial neuron.

Here𝑋
0
, 𝑋
1
, . . . , 𝑋

𝑛
are the 𝑛 input signals to the artificial

neuron. Each of these input signals is multiplied by a connec-
tionweight.Theseweights are represented by𝑊

0
,𝑊
1
, . . . ,𝑊

𝑛
,

respectively. All of these products are summed and fed
to an activation function to generate an output for the
artificial neuron. An ANN is set up by creating connections
between these artificial neurons analogous to the connection
between biological neurons in a human nervous system as
shown in Figure 2. Recent developments in the processing
capabilities of the CPU and advancement in the architecture
of neural networks have attracted many researchers from
various scientific disciplines to investigate these networks as
a possible solution to solve various problems encountered
in the fields of pattern recognition, prediction, optimization,
function approximation, clustering, categorizing, and many
more. ANNs are also being researched and developed to
address the problem of compression of still images and
video data [4–11] besides the conventional algorithms [12].
The target is to achieve high compression ratios, maximize
the quality of reproduced images, and design systems that
utilize minimum computational resources and support real
time applications. In this work we attempt for these goals
by a deep neural network [13], that is, an artificial neural
network having multiple hidden layers of neurons between
the input and output layers. These DNNs can model complex
nonlinear relationships more efficiently. The extra layers
of the DNNs enable the network to capture the highly
variant features of the input and learn more higher abstract
representations of the data.The common issues for the DNNs
are that its training is time consuming and is computationally
very expensive. In this work we propose a DNN for still
image compression that has much reduced training time
and is computationally efficient. Our DNN achieves this
speed-up in training time and reduction in complexity by
employing rectified linear units [14]. This arrangement also
leads to better generalization of the network and reduces the
real compression-decompression time. The network meets
the targets guaranteed for a good compression system; it
converges fast, does not have a vanishing gradient problem,
and has a sparse representation (only part of the network
is active for a given input). These characteristics make the
proposed network suitable for real time compression systems.

The rest of the paper is organized as follows. Section 2
gives a brief overview of the literature concerning image
compression via ANNs and states the preliminaries. Section 3
introduces the proposed DNN. Section 4 reports the experi-
mental results. Section 5 provides the conclusion to the paper.

2. Background and Preliminaries

Several studies have been proposed to address the problem
of digital image compression via artificial neural networks.

The most elemental and simple network, that is, the single
structured neural network, is described in [4]. This network
uses a 3-layer network with logistic transfer function to
achieve image compression. Parallel architectures for neural
networks for image compression are proposed in [5–7]. The
idea is to compress different part of an image (i.e., according
to some complexity) by different neural networks in parallel
in order to increase the compression ratio and quality of
reconstructed images. In [8] the authors propose the use of
novel normalization function alongwith the single structured
neural network to improve the compression quality. An
ANN for calculating the discrete cosine transform for image
compression is described in [9]. The authors in [10, 11]
provide a summary of different neural network models and
techniques such as vector quantization that neural networks
can be complemented with to improve the compression
results.

The process of image compression can be formulated as
designing a compressor and decompressor module as shown
in Figure 3, where 𝐼 is the original image, 𝐼

𝑐
is the compressed

data, and 𝐼 is the reconstructed image. The number of
bits in the compressed data is much less than the number
of bits required to represent the original image. Usually
these modules are realized by heavy complex algorithms
with a lot of complicated calculations involved. As described
before many researches are carried out to approximate the
image compression/decompression modules with the help of
ANN by generating an internal data representation. These
networks are trained on several training images (input-
output pairs), the task being to approximate the correspond-
ing compression-decompression algorithm compactly and
model it so it can be generalized to a large set of test data.
This is achieved by rigorously training the network with
the help of learning algorithms. This training process is
characterized by the use of a given output that is compared
to the predicted output and by adaption of all parameters
according to this comparison. The parameters of a neural
network are its weights.This paper uses the back propagation
for training the ANN. The back propagation [15] is a super-
vised learning algorithm and is especially suitable for feed-
forward networks. The feed-forward neural networks refer
to multilayer perceptron network in which the outputs from
all the neurons go to following but not the preceding layers,
so there are no feedback loops and the information flows in
only one direction.The term back propagation is abbreviated
for “backward prorogation of errors” and it implies that the
errors (and therefore the learning) propagate backwards from
the output nodes to the inner nodes. Hence back propagation
is used to calculate the gradient of the error with respect
to the network’s modifiable weights. This gradient is then
used in a simple gradient descent algorithm to find weights
that minimize the error. The term back propagation refers to
the entire procedure encompassing both the calculation of
gradient and its use in gradient descent. Back propagation
requires that the transfer function used by the artificial
neurons (or “nodes”) to be differentiable. Figure 2 shows a
generalized architecture for an ANN.The neurons are tightly
interconnected and organized into different layers. The input
layer receives the input; the output layer produces the final
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output. Usually one or more hidden layers are sandwiched in
between the two.

3. Proposed Deep Neural Network for
Image Compression

In this paper digital image compression is achieved by a deep
neural network that employs rectified linear units. The mul-
tiple hidden layers of the DNN are advantageous in realizing
more efficient internal data representations of the underlying
compression-decompression function. Researchers conclude
that the biological neurons can be better approximated and
modeled by the ReLUs. As these ReLUs are more biologically
plausible they can be engaged as better activation functions
than the widely used logistic sigmoid and hyperbolic tangent
functions. The ReLU is given by

rectifier (𝑥) = max (0, 𝑥) , (1)

where 𝑥 is the input to the neuron. The function behaves
linearly for a favorably excitatory input pattern and “0”
otherwise. As can be seen the function is one sided; it does
not possess the property of sign symmetry or antisymmetry.
The function is not differentiable at “0” and its derivative,
whenever it exists, can take only two values, “0” or “1.”
Although the ReLUs are not entirely differentiable, nor
symmetric and possess hard linearity they can outperform
the sigmoid and hyperbolic tangent neurons. Experiments
show that the ReLUs are worth the tradeoff with these much
sophisticated counter parts. They allow fast convergence and
better generalization of the DNN. These ReLUs are compu-
tationally much cheaper.The efficient computations required
for both its value and its partial derivatives enablemuch larger
network implementations. Engaging ReLUs induces sparsity
in the network; that is, only a subset of neurons are active in
the hidden layers.This leads to faster computation and better
learning. Other advantages of sparsity are discussed in [14].
The DNN with ReLUs used for still image compression is
shown in Figure 2. The network consists of an input layer,
𝑛 number of hidden layers, and an output layer. As this
network is targeting image compression/decompression it
must have equal number of input and output neurons,𝑁 (an
𝑁 dimensional input ismapped to an𝑁 dimensional output).
The number of neurons in the input layer or the output layer
corresponds to the size of image block to be compressed.
Compression can be achieved by allowing the number of
neurons at the last hidden layer, 𝐾, to be less than that of the
neurons at both the input and the output layers (𝐾 < 𝑁). The
number of hidden layers and hidden neurons is determined
by the number of input and output neurons as well as desired
compression ratio. The compression ratio of this DNN is the
ratio of input neurons to the number of neurons in the last
hidden layers.

The training of the DNN is carried out with a set of
images selected from the training set. The training images
are divided into nonoverlapping blocks of size 𝑊 by 𝑊
pixels. The pixels in each of these blocks are normalized by
a normalizing function 𝑓, usually from a grey scale value
between 0 and 255 to a range of values between 0 and 1.These

normalized blocks are fed into the input layer of the DNN
at random; each neuron in the input layer corresponds to
one pixel; that is, 𝑁 = 𝑊 × 𝑊. As in case of supervised
learning the desired output for the network is known in
advance, which in case of image compression purpose is
the same as the input to the network. We tend to resolve
the network to produce at the output what it sees at the
input. As we use back propagation for training the DNN,
the difference between the actual output and desired output
is calculated and the error is propelled backwards to adjust
the parameters of the network accordingly. With the new
weights the output is again calculated and compared with
the desired one, errors are repropagated, the parameters are
readjusted, and the process continues in an iterative fashion.
In our implementation of DNN the training is stopped when
the iterations reach their maximum limit or when the average
mean square error drops below a certain threshold. Once the
training of the network is completed, the parameters of the
network are saved. With these finalized weights we utilize
this DNN to compress and decompress the test images. The
test image to be compressed is divided into nonoverlapping
blocks. Each block is fed into the input of the network after
normalization. The input layer and the 𝑛 hidden layers act
as the compressor module and perform a nonlinear and
nonorthogonal transformation 𝑆. The compressed data is
found at the output of the last hidden layer. The output
layer acts as the decompressor module and reconstructs
the normalized input data block by performing a second
transformation 𝑇. The decompressed image block can be
found at the output neurons of the output layer.The dynamic
range of the reconstructed data block is restored by applying
the inverse normalization function 𝑓−1. The transformations
𝑆 and 𝑇 are optimized by training the network on several
training images.

4. Experimental Results

Experiments were performed on test images taken from the
standard set of images: Lena, baboon, cameraman, pepper,
and boats. The size of the test images was 512 by 512. The
number of neurons in the input layer, output layer, and the last
hidden layer was adjusted to achieve different compression
ratios, that is, 4 : 1, 8 : 1, and 16 : 1. The epoch versus mean
square error (mse) curves for the DNN employing the
rectified linear neurons and the logistic sigmoid neuronswere
plotted for different compression ratios (CRs) and are shown
in Figures 4–6.

A comparison of these plots shows that the DNN with
ReLUs converges several orders of magnitude faster than the
one with logistic sigmoid units. This fact is illustrated in
Figure 7 which shows that to reduce the mse to 0.0019 the
DNNwith sigmoid neurons takes 500 epochs while the same
mse is achieved by the DNN with ReLUs after 50 epochs for
a CR of 4 : 1. Similarly it takes 500 epochs for the sigmoid
neurons to reduce the mse to 0.0039 at a CR of 8 : 1 while the
same is achieved after 35 epochs by employing ReLUs. This
high convergence rate validates the fact that the network with
ReLUs trains much faster than their logistic counterparts.
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Figure 4: Comparison of epoch versus mse for rectified linear
neurons and logistic sigmoid neurons at a CR of 8 : 1.
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Figure 5: Comparison of epoch versus mse for rectified linear
neurons and logistic sigmoid neurons at a CR of 4 : 1.

The performance of the network is measured by the peak
signal to noise ratio (PSNR) of image reconstructed at the
output layer and is defined as

PSNR = 10 log
10
(
MAX
𝐼

2

MSE
) , (2)

where MAX
𝐼
is the maximum possible pixel value of the

image and MSE is the mean square error given by

MSE = 1
𝑚𝑛

𝑚−1

∑

𝑖=0

𝑛−1

∑
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[𝐼
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2
, (3)

where 𝑚 and 𝑛 represent the size of the image in the
horizontal and vertical dimensions, respectively, 𝐼

𝑂
is the

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

0 200 400 600

m
se

Epochs

ReLU
Sigmoid

Figure 6: Comparison of epoch versus mse for rectified linear
neurons and logistic sigmoid neurons at a CR of 16 : 1.
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Figure 7: Epochs required to reduce the mean square error of the
DNNusing sigmoid neurons and rectified linear neurons at different
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original image, and 𝐼
𝑅
is the reconstructed image. Tables 1–3

show the PSNR achieved by the set of five standard real world
images compressed at different compression ratios by (i) the
rectified linear DNN and (ii) the logistic sigmoid DNN. The
DNNs were trained using the same data set and by the back
propagation algorithm. There is a significant improvement
in the PSNR of the reconstructed images for rectified linear
units compared to the logistic units. This result proves better
generalization ability of our network with ReLUs as none of
the sequences in Tables 1–3 were used for the training of the
DNN.

To evaluate the subjective quality of the decompressed
images Figures 8–10 show some of the original images and
their reconstructed counterparts.
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(a) (b) (c)

Figure 8: (a) Original image, (b) image reconstructed by rectified deep neural network at a CR of 8 : 1, and (c) image reconstructed by deep
neural network employing sigmoid transfer function at a CR of 8 : 1.

(a) (b) (c)

Figure 9: (a) Original Image, (b) image reconstructed by rectified deep neural network at a CR of 4 : 1, and (c) image reconstructed by deep
neural network employing sigmoid transfer function at a CR of 4 : 1.

(a) (b) (c)

Figure 10: (a) Original image, (b) image reconstructed by rectified deep neural network at a CR of 16 : 1, and (c) image reconstructed by deep
neural network employing sigmoid transfer function at a CR of 16 : 1.

Table 1: PSNR of the reconstructed images at a CR of 8 : 1.

Sequence Compression scheme
ReLU Sigmoid

Lena 26.20 24.37
Baboon 22.56 20.59
Cameraman 24.47 23.24
Peppers 24.02 25.54
Boats 26.31 24.54

5. Conclusions

In this paperweuse a deepneural architecture for the purpose
of still image compression. The proposed DNN learns the
compression/decompression function very well. We advocate
the use of ReLUs in this DNN as these units can be realized

Table 2: PSNR of the reconstructed images at a CR of 4 : 1.

Sequence Compression scheme
ReLU Sigmoid

Lena 30.48 27.30
Baboon 23.70 23.95
Cameraman 28.02 27.07
Peppers 28.40 28.46
Boats 26.68 26.13

by very simple functions. They greatly accelerate the con-
vergence of the network, are computationally inexpensive,
and have better learning characteristic. It has been shown
experimentally that these networks train faster and generalize
better; hence we argue that this network can be realized into
real time compression systems. Future work on this study will
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Table 3: PSNR of the reconstructed images at a CR of 16 : 1.

Sequence Compression scheme
ReLU Sigmoid

Lena 25.19 22.78
Baboon 21.25 20.06
Cameraman 24.54 21.53
Peppers 23.25 22.70
Boats 24.11 22.44

leverage implementing these DNNs on specialized hardware
like GPUs and also extending this idea to the compression of
video data.
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Because of the rapid advancement of the airborne sensors and spaceborne sensors, large volumes of fully polarimetric synthetic
aperture radar (PolSAR) data are available, but they are too complex to interpret difficultly. In this paper, a modified hybrid
Freeman/eigenvalue decomposition method for the coherency matrix derived from the fully PolSAR sensors is proposed. The
proposedmodified hybrid Freeman/eigenvalue decomposition uses a real unitary transformation on the coherencymatrix to release
correlations between the copolarized term and cross polarized term, and the scattering models are derived from eigenvectors of
the coherency matrix with reflection symmetry condition. The anisotropy and entropy are used to determine whether the volume
scattering component is derived from the man-made structures or not. Moreover, the scattering powers from the proposed hybrid
Freeman/eigenvalue decomposition are all nonnegative values. Fully PolSAR data on San Francisco acquired by AIRSAR sensor
are used in the experiments to prove the efficacy of the proposed decomposition.

1. Introduction

Since 1985, the first fully polarimetric AIRSAR at L-band was
launched by the Jet Propulsion Laboratory (JPL) [1] which
started a rapid advancement stage of PolSAR sensors, such
as the well-known airborne sensors: EMISAR [2] by the
Technical University of Denmark and E-SAR [3] by DLR of
Germany, and the famous spaceborne sensors: TerraSAR-X
[4] byDLR of Germany and Radarsat-2 [5] by CSA of Canada
and so forth. Large volumes of the fully PolSAR data need
to be interpreted. Polarimetric target decomposition is an
important and useful tool for understanding the PolSAR
data [6] by separating received measurements into basic
scattering mechanisms. The scattering mechanisms of the
PolSAR media are analyzed for the purpose of parameter
inversion, terrain classification, and so forth. Currently,
eigenvector-based decompositions and model-based decom-
position methods are commonly used on the second-order
statisticsmatrix of the PolSARdata. Cloude andPottier devel-
oped themost notable eigenvector-based decomposition, that
is, Entropy/Alpha method [7]. The classical model-based
decomposition was Freeman-Durden decomposition (FDD)

developed by Freeman and Durden [8], which decomposed
the coherency matrix of PolSAR data into three components:
surface scattering, double-bounce scattering, and volume
scatteringwith the reflection symmetry condition.The reflec-
tion symmetry condition implies that the correlation between
copolarized term and cross polarized term is zero. Freeman-
Durden decomposition is used in various applications since
it is easy to understand and accomplish.

When applying Freeman-Durden decomposition on the
real PolSAR data, some scattering powers are negative those
most frequently occur in the double-bounce scattering pow-
ers. To solve this deficiency, various modified methods have
been developed [9–15]. Cloude improved Freeman-Durden
decomposition via setting surface scattering model and
double-bounce scattering model to be orthogonal [14], that
is, well-known hybrid Freeman/eigenvalue decomposition.
After the rotation of the coherency matrix, the scattering
powers derived from hybrid Freeman/eigenvalue decom-
position are effective at avoiding negative values. Singh
improved the hybrid Freeman/eigenvalue decomposition by
using different volume scattering models [15] for vegetation
areas and oriented structures.
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In this paper, a modified version of hybrid Freeman/
eigenvalue decomposition for PolSAR data is proposed by
using different volume scattering models for the vegeta-
tion areas and man-made structures. Moreover, the surface
scattering model and double-bounce scattering model are
defined as the eigenvectors of the coherencymatrix of PolSAR
data. The eigenvector with scattering angle 𝛼 greater than
𝜋/4 denotes the double-bounce scattering model, while the
other scattering angle 𝛼 less than 𝜋/4 represents the surface
scattering model. The volume scattering model for the man-
made structures is also derived from the eigenvectors of the
coherency matrix. We will show how the eigenspace of the
coherency matrix enables the proposed Freeman/eigenvalue
decomposition and solve the scattering powers as the linear
combinations of eigenvalues. In addition, the scattering
powers are all nonnegative values.

The rest of this paper is organized as follows. The
hybrid Freeman/eigenvalue decomposition is summarized
in Section 2. The proposed decomposition is presented in
Section 3. Results and discussion of experiments performed
on the real PolSAR data are provided in Section 4. Section 5
presents our conclusions.

2. Freeman/Eigenvalue Decomposition

In this section, the Freeman/eigenvalue decomposition is
simply introduced for the integrity of this paper. The detail
content has been shown in [14].

For monostatic PolSAR sensor with {𝐻,𝑉} basis, a Pauli
vector is used to represent the single look PolSAR data as (1)
and the coherency matrix is used to represent the multilook
PolSAR data as (2) as follows:

⃗
𝑘𝑝 =

1

√2

[𝑆𝐻𝐻 + 𝑆𝑉𝑉 𝑆𝐻𝐻 − 𝑆𝑉𝑉 2𝑆𝐻𝑉]
𝑡 (1)

⟨[𝑇]⟩ = ⟨
⃗

𝑘𝑝 ⋅
⃗

𝑘
∗𝑡

𝑝
⟩ =

[

[

𝑇11 𝑇12 𝑇13

𝑇
∗

12
𝑇22 𝑇23

𝑇
∗

13
𝑇
∗

23
𝑇33

]

]

, (2)

where 𝑡 denotes a transposition operator, ∗ implies a complex
conjugation processing, and ⟨⟩ denotes the multilook pro-
cessing.

In the model-based decomposition, such as Freeman-
Durden decomposition [8] and hybrid Freeman/eigenvalue
decomposition [14], the measured coherency matrix of the
PolSAR data is expanded into three components, surface
scattering, double-bounce scattering, and volume scattering
as follows:

⟨[𝑇]⟩ = 𝑚𝑠𝑇𝑠 + 𝑚𝑑𝑇𝑑 + 𝑚V𝑇V, (3)

where 𝑇𝑠, 𝑇𝑑, and 𝑇V are surface scattering model, double-
bounce scattering model, and volume scattering model,
respectively.

In hybrid Freeman/eigenvalue decomposition, those
three scattering models are defined in (4), (5), and (6).

𝑚𝑠, 𝑚𝑑, and 𝑚V are the corresponding scattering powers in
the proper order:

𝑇𝑠

=
[

[

cos2𝛼𝑠 cos𝛼𝑠 sin𝛼𝑠𝑒
−𝑗𝜙
𝑠

0

cos𝛼𝑠 sin𝛼𝑠𝑒
𝑗𝜙
𝑠 sin2𝛼𝑠 0

0 0 0

]

]

, 𝛼𝑠 ≤
𝜋

4

,

(4)

𝑇𝑑

=
[

[

cos2𝛼𝑑 cos𝛼𝑑 sin𝛼𝑑𝑒
−𝑗𝜙
𝑑

0

cos𝛼𝑑 sin𝛼𝑑𝑒
𝑗𝜙
𝑑 sin2𝛼𝑑 0

0 0 0

]

]

, 𝛼𝑑 >
𝜋

4

,

(5)

𝑇V =
[

[

𝐹𝑠 0 0

0 1 0

0 0 1

]

]

(6)

𝛼𝑠 and 𝛼𝑑 imply the type of the scattering model; namely,
𝛼𝑠 ≤ 𝜋/4 denotes the surface scattering, while 𝛼𝑑 >

𝜋/4 represents the double-bounce scattering. In [14], the
condition 𝛼𝑠 + 𝛼𝑑 = 𝜋/2 is set to reduce the number of
unknowns. 𝐹𝑠 is the volume parameter. If 𝐹𝑠 = 2, hybrid
Freeman/eigenvalue decomposition becomes equivalent to
Freeman-Durden decomposition [8]. The cross polarized
term 𝑇33 only exists in the volume scattering model, so the
volume scattering power 𝑚𝑑 is solved as follows:

𝑚V = 𝑇33. (7)

Since the rank of either surface scattering model 𝑇𝑠 or
double-bounce scattering model 𝑇𝑑 is equal to 1, the corre-
sponding scattering powers𝑚𝑠 and𝑚𝑑 are the eigenvalues of
𝑇SD as (10), and 𝑚𝑠 and 𝑚𝑑 can be solved as (11).

𝛼𝑠 and 𝛼𝑑 are obtained as follows:

𝛼𝑑,𝑠 = cos−1 [

[

(1 +











𝑇12

𝑇22 − 𝑇33 − 𝑚𝑑,𝑠











2

)

−1/2

]

]

. (8)

Whichever of 𝑚𝑠 and 𝑚𝑑 is smaller is always set to zero, and
then volume parameter 𝐹𝑠 can be estimated as

𝐹𝑠 =

𝑇11 ⋅ (𝑇22 − 𝑇33) −




𝑇12






2

𝑇33 ⋅ (𝑇22 − 𝑇33)

. (9)

It enables solving for the scattering powers𝑚𝑠 and 𝑚𝑑 by
substituting (9) into (11):

𝑇SD = ⟨[𝑇]⟩ − 𝑚V𝑇V

=
[

[

cos𝛼 sin𝛼 0

− sin𝛼 cos𝛼 0

0 0 1

]

]

⋅
[

[

𝑚𝑠 0 0

0 𝑚𝑑 0

0 0 0

]

]

⋅
[

[

cos𝛼 − sin𝛼 0

sin𝛼 cos𝛼 0

0 0 1

]

]

(10)
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𝑚𝑑,𝑠

= ((𝑇11 + 𝑇22 − (𝐹𝑠 + 1) 𝑇33)

±√(𝑇11 − 𝑇22 − (𝐹𝑠 − 1) 𝑇33)
2
+ 4





𝑇12






2
)

⋅ (2)
−1

(11)

⟨[𝑇 (𝜃)]⟩

=
[

[

1 0 0

0 cos 2𝜃 sin 2𝜃

0 − sin 2𝜃 cos 2𝜃
]

]

⟨[𝑇]⟩
[

[

1 0 0

0 cos 2𝜃 − sin 2𝜃

0 sin 2𝜃 cos 2𝜃
]

]

.

(12)

3. Proposed Decomposition

3.1. Rotation of the Coherency Matrix. To reduce the power
of cross polarized term 𝑇33, a real unitary transformation has
been proposed to be implemented on the coherency matrix
[12, 16] before decomposition as (12).

𝜃 is the angle of rotation about the radar line of sight. To
minimize 𝑇33, two angles are solved as

𝜃 =

1

4

tan−1 (
2 (Re (𝑇23))
𝑇22 − 𝑇33

) . (13)

After the rotation of the coherency matrix, the imagery
element of 𝑇23 is equal to zero.

3.2. Eigenvalue Decomposition of the Rotated Coherency
Matrix. We assume that the reflection symmetry condition
(i.e., ⟨𝑆𝐻𝐻𝑆

∗

𝐻𝑉
⟩ ≈ ⟨𝑆𝑉𝑉𝑆

∗

𝐻𝑉
⟩ ≈ 0) holds; then each pixel for

multilook PolSAR data is represented as

⟨[𝑇 (𝜃)]⟩ =
[

[

𝑇11 (𝜃) 𝑇12 (𝜃) 0

𝑇
∗

12
(𝜃) 𝑇22 (𝜃) 0

0 0 𝑇33 (𝜃)

]

]

. (14)

The average coherency matrix after rotation is decom-
posed [7] as

⟨[𝑇 (𝜃)]⟩ = 𝑈 ⋅
[

[

𝜆1 0 0

0 𝜆2 0

0 0 𝜆3

]

]

⋅ 𝑈
∗𝑡
, (15)

where 𝜆1, 𝜆2, and 𝜆3 are the eigenvalues of the rotated
coherency matrix ⟨[𝑇(𝜃)]⟩, and 𝜆1 ≥ 𝜆2 ≥ 𝜆3 ≥ 0. Because
of the reflection symmetry condition and the rotation of the
coherency matrix, 𝑈 consists of the corresponding eigenvec-
tors 𝑘1, 𝑘2, and 𝑘3 as

𝑈 = [𝑘1 𝑘2 𝑘3] =
[

[

cos𝛼1 cos𝛼2 0

sin𝛼1𝑒
𝑗𝛾
1 sin𝛼2𝑒

𝑗𝛾
2

0

0 0 1

]

]

, (16)

where eigenvectors 𝑘1, 𝑘2, and 𝑘3 are orthogonal unit vectors,
𝛼1 + 𝛼2 = 𝜋/2.

3.3. Scattering Models. Because in hybrid Freeman/eigen-
value decomposition, the condition 𝛼𝑠 + 𝛼𝑑 = 𝜋/2 is set, and,
in eigenvectors of the coherency matrix, it can be seen that
𝛼1 + 𝛼2 = 𝜋/2, we can draw the conclusions: the eigenvectors
𝑘1 and 𝑘2 contain a surface scattering component and a
double-bounce scattering component, and the scattering
angles 𝛼1 and 𝛼2 are equivalent to the angles 𝛼𝑠 and 𝛼𝑑 of the
hybrid Freeman/eigenvalue decomposition. The eigenvector
𝑘1 or 𝑘2 in 𝑈 with 𝛼 ≤ 𝜋/4 is shown in (17) which denotes
the surface scattering targets, and the other eigenvector with
𝜋/4 ≤ 𝛼 ≤ 𝜋/2 is a double-bounce scattering target (18) under
the reflection symmetry condition:

𝑘𝑠 =
[

[

cos𝛼𝑠
sin𝛼𝑠𝑒

𝑗𝛾
𝑠

0

]

]

, 𝛼𝑠 ≤
𝜋

4

, (17)

𝑘𝑑 =
[

[

cos𝛼𝑑
sin𝛼𝑑𝑒

𝑗𝛾
𝑑

0

]

]

,

𝜋

4

≤ 𝛼𝑑 ≤
𝜋

2

. (18)

If 𝛼1 ≤ 𝜋/4, we obtain 𝛼𝑠 = 𝛼1, the corresponding
eigenvector 𝑘𝑠 = 𝑘1 as (17), and surface scattering model
𝑇𝑠 = 𝑘1𝑘

∗𝑡

1
whose form is the same as the one in (4); 𝛼𝑑 =

𝜋/2−𝛼1 = 𝛼2 and double-bounce scatteringmodel𝑇𝑑 = 𝑘2𝑘
∗𝑡

2

is identical to (5). In other cases, if 𝛼2 ≤ 𝜋/4, 𝛼𝑠 = 𝛼2, surface
scattering model 𝑇𝑠 = 𝑘2𝑘

∗𝑡

2
as (4), 𝛼𝑑 = 𝜋/2 − 𝛼2 = 𝛼1, and

double-bounce scattering 𝑇𝑑 = 𝑘1𝑘
∗𝑡

1
as (5).

3.3.1. Volume ScatteringModel from theMan-Made Structures.
The entropy and anisotropy are defined in the eigenspace
of the coherency matrix to measure the randomness of the
targets [7, 17]:

𝐻 = − ∑

𝐼=1,2,3

𝑝𝑖 log 3 (𝑝𝑖) ,

with 𝑝𝑖 =
𝜆𝑖

(𝜆1 + 𝜆2 + 𝜆3)

,

𝐴 =

(𝜆2 − 𝜆3)

(𝜆2 + 𝜆3)

.

(19)

For theman-made structures, usually the value of entropy
(𝐻) is large (usually 𝐻 > 0.7), and anisotropy is often
larger than 0.5 [7, 17]. Based on these, we defined the volume
scattering model as

𝑇 =

1

2

[

[

1 0 0

0 0 0

0 0 1

]

]

. (20)

The rank of the volume scattering model is equal to two.
The volume scattering model is designed as a distributed
target that is diffused from the surface scatterers whose
scattering angle 𝛼 = 0 and orientation angle 𝛽 = 0 and
the oriented objects whose scattering angle 𝛼 = 90 and
orientation angle 𝛽 = 90. For the real PolSAR data, the
oriented objects can be modeled as angle 𝛼 = 90 and
orientation angle 𝛽 = 90 because of the reflection symmetry
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condition. But the surface scatterers usually are not the same
as “𝛼 = 0 and 𝛽 = 0,” so the surface scattering case is relaxed
as (17), and the volume scattering model for the man-made
structures is defined as

𝑇V 2 =
1

2

(𝑘𝑠𝑘
∗𝑡

𝑠
+ 𝑘3𝑘
∗𝑡

3
) . (21)

3.3.2. Volume Scattering Model from the Vegetation Areas.
Thevolume scatteringmodel is used as a unit diagonalmatrix
whose rank is equal to 3 which has been proposed by An et al.
[12]. Because the unit diagonal matrix has the largest entropy
(𝐻 = 1) and least anisotropy (𝐴 = 0), the unit diagonal
matrix is also used for the vegetation areas in this paper:

𝑇V 1 =
1

3

[

[

1 0 0

0 1 0

0 0 1

]

]

. (22)

3.4. Freeman/Eigenvalue Decomposition of the Rotated Coher-
ency Matrix. For vegetation areas, the cross polarized term
only presents in the volume scattering model, and volume
scattering power can be solved as 𝑚V = 3𝑇33(𝜃). In the
eigenspace of the rotated coherency matrix under the reflec-
tion symmetry condition, the cross polarized term 𝑇33(𝜃) is
one of the eigenvalues. After the real unitary transformation,
𝑇33(𝜃) reaches the minimum value, usually, 𝑇33(𝜃) = 𝜆3. So
the volume scattering power is solved as

𝑚V = 3𝜆3. (23)

The surface scattering power𝑚𝑠 and double-bounce scat-
tering power 𝑚𝑑 are the eigenvalues of 𝑇SD. According to the
eigenvalue decomposition of the rotated coherency matrix
with reflection symmetry condition, 𝑇SD can be expanded as

⟨[𝑇 (𝜃)]⟩SD = 𝑚𝑠𝑇𝑠 + 𝑚𝑑𝑇𝑑

= ⟨[𝑇 (𝜃)]⟩ − 𝑚V𝑇V 1

= ⟨[𝑇 (𝜃)]⟩ − 3𝜆3𝑇V 1

= (𝜆1 − 𝜆3) 𝑘1𝑘
∗𝑡

1
+ (𝜆2 − 𝜆3) 𝑘2𝑘

∗𝑡

2
.

(24)

From (23), 𝛼1 ≤ 𝜋/4, the surface scattering power 𝑚𝑠, and
double-bounce scattering power 𝑚𝑑 are solved as (25) while
𝛼2 ≤ 𝜋/4, 𝑚𝑠, and 𝑚𝑑 are solved as (26):

𝑚𝑠 = 𝜆1 − 𝜆3,

𝑚𝑑 = 𝜆2 − 𝜆3,

(25)

𝑚𝑠 = 𝜆2 − 𝜆3,

𝑚𝑑 = 𝜆1 − 𝜆3.

(26)

For man-made structures, that is, 𝐻 < 0.7 and 𝐴 > 0.5

[7, 17], similar to the case of vegetation areas, the volume
scattering power is solved as

𝑚V = 2𝜆3. (27)

Expand the coherency matrix after the real unitary transfor-
mation into eigenspace:

⟨[𝑇 (𝜃)]⟩ = 𝑚𝑠𝑇𝑠 + 𝑚𝑑𝑇𝑑 + 𝑚V𝑇V

= ⟨[𝑇 (𝜃)]⟩SD + 𝑚V𝑇V 1

= ⟨[𝑇 (𝜃)]⟩SD + 2 ⋅ 𝜆3 ⋅
1

2

(𝑘𝑠𝑘
∗𝑡

𝑠
+ 𝑘3𝑘
∗𝑡

3
)

= 𝜆1𝑘1𝑘
∗𝑡

1
+ 𝜆2𝑘2𝑘

∗𝑡

2
+ 𝜆3𝑘3𝑘

∗𝑡

3

= (𝜆1 − 𝜆2) 𝑘1𝑘
∗𝑡

1
+ 𝜆2𝑘2𝑘

∗𝑡

2

+ 2 ⋅ 𝜆3 ⋅
1

2

(𝑘1𝑘
∗𝑡

1
+ 𝑘3𝑘
∗𝑡

3
)

= 𝜆1𝑘1𝑘
∗𝑡

1
+ (𝜆2 − 𝜆3) 𝑘2𝑘

∗𝑡

2

+ 2 ⋅ 𝜆3 ⋅
1

2

(𝑘2𝑘
∗𝑡

2
+ 𝑘3𝑘
∗𝑡

3
) .

(28)

If 𝛼1 ≤ 𝜋/4, it can be seen that, 𝛼𝑠 = 𝛼1, 𝑘𝑠 = 𝑘1, then
the surface scattering model 𝑇𝑠 = 𝑘1𝑘

∗𝑡

1
, and the volume

scattering model 𝑇V 2 = (1/2)(𝑘1𝑘
∗𝑡

1
+ 𝑘3𝑘

∗𝑡

3
). In addition,

𝛼𝑑 = 𝛼2, 𝑘𝑑 = 𝑘2, and double-bounce scattering model
𝑇𝑑 = 𝑘2𝑘

∗𝑡

2
. From the fifth line of (28), we can solve surface

scattering powers 𝑚𝑠 and double-bounce powers 𝑚𝑑 as

𝑚𝑠 = 𝜆1 − 𝜆3,

𝑚𝑑 = 𝜆2.

(29)

If 𝛼2 ≤ 𝜋/4, then 𝛼𝑠 = 𝛼2, 𝑘𝑠 = 𝑘2, 𝑇𝑠 = 𝑘2𝑘
∗𝑡

2
, and

𝛼𝑑 = 𝛼1, 𝑇𝑑 = 𝑘1𝑘
∗𝑡

1
. The volume scattering model is 𝑇V 2 =

(1/2)(𝑘2𝑘
∗𝑡

2
+ 𝑘3𝑘
∗𝑡

3
). From the last line of (28), we can solve

surface scattering powers 𝑚𝑠 and double-bounce powers 𝑚𝑑

as

𝑚𝑠 = 𝜆2 − 𝜆3,

𝑚𝑑 = 𝜆1.

(30)

Because of 𝜆1 ⩾ 𝜆2 ⩾ 𝜆3 ⩾ 0 and because the scattering
powers are solved as (23), (25), and (26) or (27), (29), and (30),
the scattering powers are all nonnegative values.

4. Experimental Study

To prove the efficacy of proposed Freeman/eigenvalue
decomposition, the experiments are conducted on the L-
band fully PolSAR data of San Francisco which were acquired
by NASA/JPL ARISAR. The spatial resolution and range
resolution are both about 10m and the radar incidence angle
is from 5∘ to 60∘. The used PolSAR data is open access from
the internet [18].The original image is shown in Figure 1, with
the selected regions, which are used in the later tests.The size
of the used PolSAR image in these experiments is 900 × 1024.
Before expanding the coherency matrix, the Sigma filter is
used to process the speckle of the PolSAR data.

In order to demonstrate the efficacy of the proposed
hybrid Freeman/eigenvalue decomposition, the compared
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Figure 1: Original image of San Francisco.

Table 1: Means of dominated scattering powers in Region 1.

mean 𝑚𝑠 mean 𝑚𝑑 mean 𝑚V

FDD 1 0.9192 0.0013 0.0794
FDD 2 0.9475 0.0033 0.0492
HFED 1 0.9348 0.0164 0.0488
HFED 2 0.9348 0.0164 0.0488
Proposed method 0.9634 0.0053 0.0313

methods used Freeman-Durden decomposition [8] (FDD 1),
Freeman-Durden decomposition with the rotation of the
coherency matrix [12] (FDD 2), hybrid Freeman/eigenvalue
decomposition [14] (HFED 1), and hybrid Freeman/eigen-
value decomposition with extended volume scattering model
[15] (HFED 2). The PolSAR data are decomposed into three
components: surface scattering power 𝑚𝑠 (blue), double-
bounce scattering power 𝑚𝑑 (red), and volume scattering
power 𝑚V (green) in Figure 2.

From Figures 2(a)–2(e), three main terrain types in the
used data, that is, ocean areas, city blocks, and forests are
reconstructed well by the scattering powers derived from
these five decompositions. For further analysis, we compare
the scattering powers in three selected regions in Figure 1.
Those regions are Region 1, Region 2, and Region 3, respec-
tively.The sizes of these regions are 60× 100, 70× 70, and 60×

100 in proper order.The types of ground truth are ocean areas,
city blocks, and forests.Themean values of surface scattering
power mean 𝑚𝑠, double-bounce scattering power mean 𝑚𝑑,
and volume scattering power mean 𝑚V in the three regions
are listed in Tables 1, 2, and 3.Themean scattering powers are
all normalized by the total scattering powers (i.e., 𝑚𝑠 + 𝑚𝑑 +

𝑚V). In Region 1, it can be seen that mean 𝑚𝑠 given by the
proposed decomposition is 0.9634, which is about 4.8%, 1.7%,
3.1%, and 3.1% higher than the other four decompositions,
respectively. The efficacy of all the five decompositions on
Region 1 (sea) provides the excellent performance. In Region
2, the average double-bounce scattering power mean 𝑚𝑑

of the proposed decomposition also outperforms the other
methods. It is about 3.9%, 2.8%, 3.0%, and 0.6% larger than
these four decompositions in proper sequence. But, in Region
3,mean 𝑚V given by HFED 1 is the best.

Table 2: Means of dominated scattering powers in Region 2.

mean 𝑚𝑠 mean 𝑚𝑑 mean 𝑚V

FDD 1 0.1082 0.4307 0.4611
FDD 2 0.1676 0.5017 0.3307
HFED 1 0.1686 0.5008 0.3306
HFED 2 0.3245 0.5137 0.1618
Proposed method 0.2404 0.5158 0.2438

Table 3: Means of dominated scattering powers in Region 3.

mean 𝑚𝑠 mean 𝑚𝑑 mean 𝑚V

FDD 1 0.0314 0.1535 0.8151
FDD 2 0.0247 0.1555 0.8198
HFED 1 0.0673 0.1098 0.9228
HFED 2 0.0996 0.1097 0.7904
Proposed method 0.2380 0.0754 0.6865

Table 4: Classification results (%).

Region 1 Region 2 Region 3
FDD 1 100 36.49 95.97
FDD 2 100 84.65 99.32
HFED 1 100 84.82 99.47
HFED 2 100 86.63 95.50
Proposed method 100 95.92 98.05

We classified the selected regions into three classes. The
rule is simple; that is, the max scattering power determines
the label of the pixel. If the surface scattering power is the
biggest in the three scattering powers, the pixel is labeled
“surface scattering class.” It can be seen that the true labels
in Region 1, Region 2, and Region 3 are surface scattering
class, double-bounce scattering class, and volume scattering
class, respectively. The accuracy of the selected zones is listed
in Table 4. It can be seen, in Region 1, that surface scattering
powers of these decompositions are all the biggest ones, and,
in Region 3, these classification accuracies are all higher than
95%. In contrast to the other decompositions, the average
scattering powers of the proposedmethod in Region 3 are not
very good, but the classification accuracy is higher than 98%.
Moreover, in Region 2, the proposed method obtains the best
results, as large as 95.92%, which are about 59.43%, 11.72%,
11.10%, and 9.29% higher than FDD 1, FDD 2, HEFD 1, and
HEFD 2, respectively.

5. Conclusions

In this paper, a novel version of hybrid Freeman/eigenvalue
decomposition for polarimetric SAR data is proposed. Three
conclusions can by drawn about the proposed method.
Firstly, the eigenvectors of the rotated coherency matrix with
reflection symmetry condition are used as surface scatter-
ing or double-bounce scattering models. Secondly, in con-
trast to conventional Freeman-Durden decompositions, the
derived scattering powers are all nonnegative values. Thirdly,
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(a) (b)

(c) (d)

(e)

Figure 2: Decompositions of AIRSAR data on San Francisco with 𝑚𝑠 for blue, 𝑚𝑑 for red, 𝑚V for green. (a) FDD 1, (b) FDD 2, (c) HFED 1,
(d) HFED 2, and (e) proposed decomposition.

the volume scattering model is determined by the entropy
and anisotropy of the coherencymatrix. Experimental results
have proved the efficacy of the proposed decomposition.
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We introduce an efficient superresolution algorithm based on advanced nonlocal means (NLM) filter and iterative back projection
for hyperspectral image. The nonlocal means method achieves the to-be-interpolated pixel by the weighted average of all pixels
within an image, and the unrelated neighborhoods are automatically eliminated by the trivial weights. However, spatial location
distance is also an important issue to reconstruct the missing pixel. Therefore, we proposed an advanced NLM (ANLM) filter
considering both neighborhood similarity and patch distance. In the conventional NLMmethod, the search region was the whole
image, while the proposed ANLM utilizes the limited search to reduce the complexity. The iterative back projection (IBP) is a
very famous method to deal with the image restoration. In the superresolution issue, IBP is able to recover the high-resolution
image iteratively from the given low-resolution image which is blurred due to the noise by minimizing the reconstruction error,
while, because the reconstruction error of IBP is back projection and isotropic, the conventional IBP suffers from jaggy and ringing
artifacts. Introducing the ANLMmethod to improve the visual quality is necessary.

1. Introduction

Recently, the space technology developed very fast and it
could take the visual observation of earth from the artificial
satellites. Hyperspectral image obtains terrestrial information
in various contiguous and narrow spectral bands. Hyper-
spectral image is attracting more and more researchers
due to its wide applications in aerial and space imagery
fields, agriculture, ecology, geology, medicine, and meteorol-
ogy. Hyperspectral image has a high resolution in spectral
domain, while the resolution in spatial domain is limited.
Moreover, when we acquire the hyperspectral image, many
issues degrade the quality of hyperspectral image such as
atmospheric scattering, secondary illumination, and sensor
noise. Therefore, improving spatial resolution is a key issue
in the hyperspectral image applications and high resolution
can make various applications easier. However, it is very
expensive to change the resolution in the hardware way.
Thus, it is necessary to develop the technology to improve
the spatial resolution in softwaremethod and superresolution
is becoming a popular technique to solve this problem.

Image superresolution is a technique that reconstructs
a high-resolution (HR) image from one or few given low-
resolution (LR) images. These LR images are downsampled
and blurred due to degradation of imagery system [1]. Huang
and Tsai [2] firstly introduced the superresolution problem
in the frequency domain but disregarded the blur in the
image processing. Some researchers present maximum a
posteriori (MAP) estimator-based algorithms to solve the
interpolation and deblurring problems [3–5]. Projection onto
convex sets (POCS) is also a very popular technique in
image restoration issues and therefore is implemented in
superresolution algorithms [6–8].

The superresolution methods have been developed for a
long time for natural images. However, with the development
of space technology, hyperspectral images become more
popular and widely used. Many researchers start to research
the superresolution method on hyperspectral images to
improve the spatial resolution. For example, Akgun et al.
[1] present a hyperspectral image acquisition model to sim-
ulate the degradation process and provide a POCS-based
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superresolution method to improve the spatial resolution
of hyperspectral images. Mianji et al. [9] reviewed some
superresolution methods for hyperspectral imagery and pro-
vided the challenges in this area. Ma et al. [10] proposed an
operational superresolution approach for multitemporal and
multiangle remotely sensed imagery.

In this paper, we propose an advanced nonlocal means
(ANLM) and iterative back projection- (IBP-) based super-
resolutionmethod for hyperspectral imagery. IBP is a famous
superresolution method proposed by Irani and Peleg [11].
The main concept of IBP is to minimize the error during
the iterative process. It is reported that IBP can give good
performance and achieve the superresolution and deblurring
simultaneously. However, this iterative process often causes
jaggy and ringing artifacts in the detail region. The proposed
ANLM filter is an improved version of the traditional nonlo-
cal means (NLM) filter established by Buades et al. in [12],
which was inspired from Yaroslavsky neighborhood filter
[13]. The NLM has been widely used in image processing
such as denoising and deblurring [14, 15]. NLM estimates
the missing pixel as the weighted average of the pixels
whose neighborhoods seem like the neighborhood of the
missing pixel. Known from Yaroslavsky neighborhood filter,
the spatial patch distance also affects the performance of the
superresolution method because long distance has smaller
chance to have similar neighborhood than short distance.
Moreover, NLM needs to compute all the neighborhood
similarities in the whole image which is computationally
expensive. Thus, we propose ANLM where the missing pixel
is smoothed as the weighted average of all pixels that have
similar Gaussian neighborhoods and close patch distance.

The rest of the paper is organized as follows. The pro-
posed ANLM method is described in Section 2. Simulation
results and their corresponding discussion are explained in
Section 3. Finally, conclusions are drawn in Section 4.

2. Proposed Method

2.1. Advanced Nonlocal Means (ANLM) Filter. A basic digital
signal superresolution system can be realized as weighted
linear average. Given a discrete LR image f , we want to
estimate theHR image g; the conventionalmethods adopt the
uniformweighted sumof average values and can be expressed
as

𝑔 (x) =
∑y∈𝑆x 𝑤y𝑓 (y)
∑y∈𝑆x 𝑤y

, (1)

where 𝑆x denotes the search region of a fixed size and is
centered at the missing pixel located at x, 𝑤y is the weight,
𝑓(y) is the pixel value of the given LR image, and 𝑔(x) is
the estimation of the missing pixel of the reconstructed HR
image.

The NLM filter restores the missing pixel by taking
an average value of the neighboring pixels with a similar
neighborhood. Using a Gaussian kernel for evaluating the
similarity, the formula can be expressed as

𝑔NLM (x) =
∑y∈𝑆x 𝑤NLM (x, y) 𝑓 (y)
∑y∈𝑆x 𝑤NLM (x, y)

, (2)

where 𝑆x is the search region and𝑤NLM is the weight of NLM
filter defined as

𝑤NLM (x, y) = exp(−

k(𝑁x) − k(𝑁y)



2

2

ℎ2
) , (3)

where𝑁x and𝑁y are square neighborhood centered at x and
y, k(𝑁x) = {𝑓(x) | x ∈ 𝑁x} and k(𝑁y) = {𝑔(y) | y ∈ 𝑁y}
are the intensity gray level vectors which are composed of
pixels in the neighborhoods 𝑁x and 𝑁y, and ℎ is a filtering
parameter. It is apparent that the similarity between two
pixels at x and y depends on the similarity of the intensity
gray level vectors k(𝑁x) and k(𝑁y).

Most NLM-based methods only consider neighborhood
similarity and ignore the spatial locality distance which
results in poor performance. Therefore, we propose an
ANLMmethod in order to obtain an improved performance
while considering the spatial distance [15]. In ANLM, the
patch distance 𝑑(𝑁x, 𝑁y) = |x − y| is introduced as a new
weight; then we redesign the weight function as

𝑤ANLM (x, y) = exp(−
𝑑
2
(𝑁x, 𝑁y)

𝜌2
−


k(𝑁x) − k(𝑁y)



2

2

ℎ2
) ,

(4)

Where 𝜌 and ℎ are filtering parameters. Then, we apply
𝑤ANLM(x, y) to the ANLM filter as follows:

𝑔ANLM (x) =
∑y∈𝑆x 𝑤ANLM (x, y) 𝑓 (y)
∑y∈𝑆x 𝑤ANLM (x, y)

. (5)

The search region of conventional NLM was the entire
image. In the proposedANLM, the introduced patch distance
𝑑(𝑁x, 𝑁y) is increasing when the given pixel y is farther
from the missing pixel x. When 𝑑(𝑁x, 𝑁y) is larger than
some constant value, exp(−𝑑2(𝑁x, 𝑁y)/𝜌

2
) is close to zero.

Particularly, the weight 𝑤ANLM(x, y) is trivial for the larger
patch distance. Thus, we can neglect these pixels that are
located far from the missing pixel x. We search the similar
neighborhood in a limited search region instead of the
whole image as in NLM, which reduce the computational
complexity considerably.

2.2. Iterative Back Projection (IBP). The goal of superreso-
lution algorithms is to restore the desired HR image from
downsampled and blurred LR image. Irani and Peleg pro-
posed an IBP superresolution reconstruction method [11].
In IBP, the difference between the simulated and given LR
images is repeatedly iteratively back projected to obtain
the desired HR image. The process continues until some
conditions are satisfied or the maximum iteration number is
reached. IBP can be formulated as

g
𝑛+1
= g
𝑛
+ g
𝑒
, (6)



Journal of Sensors 3

Given LR image
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Figure 1: Flowchart of the proposed ANLM-IBP method.

where g
𝑛+1

is estimated HR image in the (𝑛 + 1)th iteration,
g
𝑛
is estimated HR image in the 𝑛th iteration, and g

𝑒
is the

estimation error which is computed by

g
𝑒
= (f
𝑛
− f) ↑ 𝑠 ∗ 𝑝, (7)

where f
𝑛
is the simulated LR image which is the downsam-

pling and blurring of g
𝑛
, ↑ 𝑠 is upsampling, and 𝑝 is back

projection kernel.

2.3. The Proposed ANLM-IBP Method. To improve the per-
formance of IBP, we propose an ANLM-IBP-based superres-
olution algorithm for hyperspectral imagery. First, we use
ANLM to reconstruct the initial HR image. Then, during the
iterative process of IBP, ANLM guides the error propagation
of IBP. By combining ANLM and IBP, one can achieve better
objective and subjective performance. The flowchart of the
proposed ANLM-IBP is drawn in Figure 1.

In summary, the proposed ANLM-IBP method is
described in the following steps:

(1) apply ANLM to obtain initially estimated HR image;
(2) use degradation model for downsampling and blur-

ring the estimated HR image to obtain the simulated
LR image;

(3) calculate estimation error between the given original
LR image and the simulated LR image;

(4) utilize ANLM to interpolate the estimation error;
(5) judge if the terminal condition is satisfied. If it is Yes,

computed image is the reconstructed HR image. If it
is No, we add the error to the estimatedHR image and
reobtain an updated HR image for the next iteration.

Figure 2: The tested image 1 with 191-band.

Figure 3: The tested image 2 with 220-band.

3. Experimental Results

In the experimental results, we adopt a well-known dissim-
ilarity criterion called peak signal-to-noise ratio (PSNR) in
decibels (dB), which is calculated as

MSE (org, rec) =
width
∑

𝑖=1

height

∑

𝑗=1

(org (𝑖, 𝑗) − rec (𝑖, 𝑗))2

width × height
,

PSNR (org, rec) = 10 log
10

255
2

MSE (org, rec)
,

(8)

where org and rec are the original and reconstructed images,
respectively. We measured the objective performance in
terms of PSNR, which is a widely adopted criterion in the
literature.

The proposed method was tested with 191-band air-
borne multispectral scanner data set [16] and 220-band
spectral image acquired with the AVIRIS data set (shown in
Figures 2 and 3). For the subjective performance evaluation
in terms of visual effect, we show part of perceived image
quality in Figures 4 and 5. As can be seen in Figure 3, result
images show that the proposed method yields a better visual
quality with details which has sharper edge and better object
boundary.

Table 1 shows objective performance comparison in
PSNR metric. Our proposed method yields better perfor-
mance than the other exiting methods.

4. Conclusion

We propose an advanced nonlocal means and iterative back
projection-based superresolution algorithm for hyperspec-
tral imagery. We introduce an improved version of nonlocal
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(a) (b) (c)

(d) (e)

Figure 4: (a) Original part image.The perceived image quality comparison using various deinterlacing methods: (b) bilinear, (c) bicubic, (d)
POCS, and (e) proposed method.

(a) (b) (c)

(d) (e)

Figure 5: (a) Original part image.The perceived image quality comparison using various deinterlacing methods: (b) bilinear, (c) bicubic, (d)
POCS, and (e) proposed method.
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Table 1: Objective performance comparison with metrics of PSNR
for different methods.

Method Bilinear Bicubic POCS Proposed
Image 1 22.67 23.13 23.65 25.23
Image 2 23.65 24.24 24.66 26.58

means filter that automatically selects the edge orientation
using the weighted average of a similar neighborhood and
reduces the complexity of nonlocal means filter by patch
distance. In addition, we combine the advanced nonlocal
means with iterative back projection to reduce the artifacts
caused by the iterative back projection. The experimental
results show that we could obtain better objective and
subjective performance compared to conventional methods.
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