1271

3@9 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 18, NO. 2, FEBRUARY 2022

CSIE-M: Compressive Sensing Image
Enhancement Using Multiple Reconstructed
Signals for Internet of Things Surveillance
Systems

Chi Do-Kim Pham *“, Jian Yang

Abstract—Artificial intelligence of things has brought ar-
tificial intelligence to the cutting-edge Internet of Things.
In recent years, compressive sensing (CS), which relies
on sparsity, is widely embedded and expected to bring
more energy efficiency and a longer battery lifetime to
loT devices. Different from the other image compression
standards, CS can get various reconstructed images by
applying different reconstruction algorithms on coded data.
Using this property, it is the first time to propose a deep
learning based compressive sensing image enhancement
framework using multiple reconstructed signals (CSIE-M).
In this article, first, images are reconstructed by differ-
ent CS reconstruction algorithms. Second, reconstructed
images are assessed and sorted by a no-reference qual-
ity assessment module before being input to the quality
enhancement module by order of quality scores. Finally,
a multiple-input recurrent dense residual network is de-
signed for exploiting and enriching the useful informa-
tion from the reconstructed images. Experimental results
show that CSIE-M obtains 1.88-8.07 dB peek-signal-to-
noise (PSNR) improvement while the state-of-the-art works
achieve a 1.69-6.69 dB PSNR improvement under sam-
pling rates from 0.125 to 0.75. On the other hand, using
multiple reconstructed versions of the signal can improve
0.19-0.23 dB PSNR, and only 4% reconstructing time is
increasing compared to using a reconstructed signal.

Index Terms—Compressive sensing (CS), deep learning
approach for compressed image enhancement, multiple-to-
one mapping.
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[. INTRODUCTION

NTERNET of Things (IoT) interconnects numerous devices
I including sensors, cameras, smart home products, and smart
city products in an environment. It provides a fundamental way
to communicate, store, transmit, and process sensed data, giving
better productivity and more efficient solutions for improving the
quality of human life. Surveillance systems have been pointed
out as one of the most necessary but challenging solutions in
urban developments due to large data storage requirements and
the high computational complexity in processing images and
videos sensed by cameras. Therefore, compression methods that
can adapt the requirements of 1) saving the power consumption
and prolonging the battery lifetime of IoT devices, 2) secur-
ing the data, and 3) balancing the traffic load when traveling
throughout the network are preferred in designing sensing de-
vices for surveillance systems. Traditional Shannon-Nyquist
theorem states that signals need to be sampled at twice the
bandwidth to be recoverable. In IoT systems such as remote
surveillance and astronomy satellites, the Shannon—Nyquist rate
is costly, requires ample storage space, and wide bandwidth for
transmission. Compressive sensing (CS), which requires only a
few compressive measurements to contain nearly all the useful
information, breaks the limitation stated by Shannon—Nyquist’s
theory. CS has adapted the requirements and becomes one of
the effective lossy compression methods that are considered
when designing devices for IoT applications [1]-[3]. First, in
the CS encoder, only matrices multiplication is performed. The
matrices multiplication is simple to be embedded in resource-
limited devices and ensures energy saving for IoT self-powered
devices. Second, the measurement matrix is only shared be-
tween the encoder and decoder, making the network secure.
Third, the amount of sent measurement is fixed throughout
the time, ensuring the traffic for transmission. Unlike the other
compression standards, reconstructing CS signals is to solve a
nonlinear inverse problem [4]. Since different CS reconstruction
algorithms dissimilarly model the recovery solution, choosing
a CS reconstruction algorithm for an application is challenging.
On the other hand, there is always space to further improve
the signals reconstructed by lossy compression methods. In
this article, a study on enhancing CS reconstructed images is
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Fig. 1. Proposed CSIE-M in IoT surveillance system.

proposed to improve the qualities of CS reconstructed signals
without changing the encoder and the decoder, keeping the
requirements of [oT solutions.

Convolutional neural network (CNN) is well-known for learn-
ing complex functions where the designed filters are not flex-
ible enough to model. In recent years, CNN has been widely
applied and has obtained remarkable results in image quality
enhancement. In this work, we take the next step toward an
artificial intelligence of things (AloT) approach for enhancing
CS reconstructed images sensed by IoT devices (Fig. 1). Images
are sensed and encoded in IoT cameras before being sent to the
IoT cloud. Unlike the existing image enhancement works, where
enhancing the image relies on a single degraded image [5]-[11]
or neighboring frames [12], [13], this work takes advantage of
different CS reconstructed images with different qualities and
introduces a deep learning based compressive sensing image
enhancement framework using multiple reconstructed signals
(CSIE-M). At IoT cloud, compressed data are decoded by
the commonly used CS reconstruction algorithms: L1 equality
constraints via primal-dual algorithm (L1EQPD) [14], spectral
projected-gradient for L1 (SPGL1) [15], orthogonal matching
pursuit (OMP) [16], and sparsity adaptive matching pursuit
(SAMP) [17]. In learning multiple-to-one mapping, it is neces-
sary to decide which branch an image should be input. Therefore,
a no-reference quality assessment module, namely Scorenet,
is proposed to score and rank reconstructed images before
feeding them to the quality enhancement network by order of
quality. In the quality enhancement module, a multiple-input
residual recurrent network (MRRN) is proposed for enhancing
the reconstructed images by exploiting and enriching useful
features via a recurrent mechanism. MRRN takes the best quality
image, which will be added to the enhanced feature for the
main branch. The two lower quality images are input to the
supporting branches. Finally, enhanced images at the IoT cloud
are displayed in monitoring devices for surveillance solutions or
transfer to other image processing tasks such as recognition and

detection. The experimental result shows that CSIE-M improves
1.88-8.07 dB peek-signal-to-noise (PSNR) compared to the
main input image on various sampling rates (SRs) from 0.125
to 0.75.

This work’s main contributions are summarized as follows.
First, a CSIE-M is designed for the first time. In CSIE-M, a
no-reference quality assessment module scores and ranks recon-
structed images before feeding them to the quality enhancement
module. Second, the proposal outperforms the state-of-the-art
works in distorted image enhancement. Finally, a study on the
number of input images is also conducted to show the effect
of using multiple inputs on enhancing the reconstructed image
quality.

II. RELATED KNOWLEDGE
A. Compressive Sensing

Given sensed signal x that can be represented by a n x 1
sparse vector s in the domain 1), CS encoder simply calculates
the m x 1 measurement y by

y = dx = s ey

where ® is the m x n measurement matrix fixed in the encoder
and the decoder [4]. The commonly designed measurement
matrices include random matrices, binary matrices, and struc-
tural matrices. The quotient of m and n defining the system’s
compression ratio, also known as sampling rate, represents the
amount of data sent to the decoder. The process of decoder, on
the other hand, is more complicated. In the CS-based image
compression, the decoder reconstructs the image x back into the
pixel domain by solving an underdetermined matrix equation
where m < n. Therefore, reconstructing x at the decoder is
solving an ill-posed problem. There have been many CS recon-
structing algorithms including greedy algorithms, convex opti-
mization, and gradient-based algorithms. The proposal adopts
L1 optimization that include LIEQPD [14] and SPGL1 [15],
and greedy algorithms include OMP [16] and SAMP [17] for
CS image reconstruction.

B. Deep Learning Based Distorted Image Enhancement

Image enhancement is one of the essential components in
image processing and image-display applications [18], [19].
Concerning deep learning based distorted image enhancement,
single image enhancement [5]-[11], and the multiframe en-
hancement, [12] and [13] are mainly focused in removing
compression artifacts and denoising. Zhang et al. [5] introduce
a denoising convolutional neural network (DnCNN) that can
deal with different Gaussian noise levels, single image super-
resolution, and JPEG image artifacts caused by different quality
factors. For denoising real-noisy images, Anwar and Barnes
[7] introduce a novel single-stage blind real image denoising
network (RIDNet). In RIDNet, local skip connections, short skip
connections, and long skip connections are utilized to exploit
low-frequency information over the feed-forward. Jia et al.
[6] introduce a content-aware loop filtering scheme based on
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recovered by different CS reconstruction algorithms. Reconstructed images are judged by the no-reference quality assessment module Scorenet
and fed to the quality enhancement network MRRN by order of quality scores for producing the enhanced image.

multiple CNN models (CACNN) for improving the performance
of the high efficiency video coding (HEVC) by enhancing the
quality of decoded frames. In [8], the authors introduce attention-
guided denoising convolutional neural network (ADNet). AD-
Net combines dilated convolutions, standard convolutions, and
an attention mechanism for real-noisy image denoising and blind
denoising. In [9], both noise removal and noise generation tasks
are trained in a Bayesian network that learns the joint distribution
of the pairs of the clean and distorted images. The authors
in [10] propose a block artifact removing convolutional neural
networks (BARCNN) for JPEG image enhancement. BARCNN
can be integrated to the receiver side to enhance image quality
without any additional cost on the IoT node ends. Building upon
DnCNN, the authors in [11] propose a theoretically grounded
blind and universal deep learning image denoiser, namely blind
universal image fusion denoiser (BUIFD), for additive Gaussian
noise removal. Recent approaches [12], [13] take advantage of
the temporal correlation between adjacent frames to enhance the
low-quality image by using its neighboring high-quality video
frames. Apart from these works, this work proposes a deep
network that enriches and synthesizes useful information via
a recurrent mechanism performing on extracted features of CS
decoded images.

Ill. PROPOSED CSIE-M FRAMEWORK
A. Overview of the CSIE-M Framework

As mentioned above, there have been many approaches for
solving the nonlinear inverse problem at CS decoder. Differ-
ent CS reconstruction methods model the solution differently,
resulting in images being recovered with different qualities.
Using different CS reconstructed images provides more rep-
resentations for CNN to exploit and enhance the performance
in recovering the original signals. To make full use of this
property, we propose a deep learning based CSIE-M that learns
a multiple-to-one mapping from the reconstructed images to the
original one (shown in Fig. 2).

First, a sensed signal is encoded by CS in sensors or cameras.
At the decoder, different CS reconstruction algorithms perform
on the compressed data to obtain different reconstructed images.
Let X = {zy,,alg € {LIEQPD, SPGL, OMP, SAMP}} indi-
cate the images reconstructed by the four algorithms LIEQPD,
SPGL, OMP, and SAMP. In CSIE-M, the highest quality re-
constructed image takes the highest responsibility in generating
the enhanced image. The other inputs are considered additional
features generated by designed filters: CS reconstruction al-
gorithms. We propose a no-reference quality ranking module
including a deep learning based no-reference image quality
assessment (IQA) Scorenet for scoring and ranking CS recon-
structed images. Scorenet predicts the quality score z,, of image
Talg AS

Zalg = fscorenet(xulg)' (2)

Images in list X are sorted based on the corresponding quality
scoresinlist Z. The best quality image x|, the second best quality
image x,, and the third best quality image x3 are fed to MRRN
denoted as fyrrn, and the enhanced image I, can be formulated
as

I, = furrn(21, T2, 23). 3)

B. No-Reference Quality Assessment Module: Scorenet

In reality, the original image does not always exist. There-
fore, full-reference metrics PSNR and structural similarity in-
dex (SSIM) cannot be used for assessing the distorted image
quality. In this work, we propose a deep learning based no-
reference quality assessment module, called Scorenet, to guide
the enhancement module. Our Scorenet simulates full-reference
IQA metrics: estimating the difference between the distorted
image and the reference image. Scorenet (shown in Fig. 3)
includes two main components: the reference generative net G
for generating the pseudo-original image and the quality-score
prediction network .S predicting the quality score of the distorted
image. Given the distorted image x, our objective is to infer the
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Fig. 3. Proposed Scorenet architecture. A distorted image is input to
the reference generative net G for the corresponding pseudo-original
image. Distorted image and the pseudo-original image are then split
into 224 x 224 patches by a stride of 40 before being fed to quality-
score prediction net S. The final predicted score of the input image is
the average score of all patches.

quality score z. In full-reference IQA tasks, quality scores can be
calculated by comparing the distorted image and the reference
image. Scorenet simulates the full-reference IQA by estimating
the pseudo-original image ' = fo () where fy. (z) indicates
the learnt mapping of reference generative net G. Predicting
score z of an image = can be formulated as

7 = fscorenet(x) = fas ('T7 f9G (I)) “

where g and Og denote the learnt parameters of G and S,
respectively. In general, the reference generative net G has the
same purpose of the quality enhancement module MRRN: to
generate undistorted images. We design the reference gener-
ative net and the quality enhancement module to share some
architectures and the loss function. The difference between the
reference generative net architecture and MRRN architecture is
the number of inputs, where the prior takes one, the latter takes
three.

We define the basic convolution layer in our network
as Conv(k,s) with & kernels size s x s. For the reference
generative net GG, the distorted image is first fed into two
convolution groups, and each group is defined as Conv(32,3) —
ParametricRectified LinearUnit(PReLU) —
Conv(32,3) — PReLU. In reference generative net G, PReLU
activation function follows all the convolution layers except the
final one. We set stride and padding to one during convolution.
The main part of the reference generative net G is the recurrent
dense skip connection block (explained in Section III-C), also
used in MRRN. Feature maps output from the recurrent dense
skip connection block are synthesized in the final Conv(32, 3)
producing an enhanced feature. This enhanced feature is added
onto the distorted image « for a pseudo-original image y/'.

In the quality-score prediction net S, rectified linear unit
(ReLU) activation function follows all the convolution layer

Conv(32, 3). Our network, inspired by the VGG16 model [20],
aims to infer the quality score, given the pair of a distorted
image and the corresponding pseudo-original image. Image is
first splitinto 224 x 224 patches with a stride of 40. A pair of 224
x 224 patches from the distorted image x and pseudo-original
image 3’ are fed to a group of siamese convolution layer that in-
cludes Conv(32,3) — ReLU — Conv(32,3) — ReLU. We use
a siamese convolution on both the distorted and pseudo-original
images to extract comparable feature maps. The rest of the net
then focuses on finding the difference between these feature
maps. Feature maps after siamese convolutional layer will be
pooled by a pooling layer with a window of 2 x 2 to the size
of 112 x 112. Pooled feature maps from two inputs will be
concatenated before feeding into the network. The output from
the final fully connected layer is the predicted mean opinion
score (MOS) score of a patch. The score of the entire image is
the average score of all patches. L2 has been chosen as the loss
function. Training S on [V training samples becomes minimizing
loss function Lg
1
Ls = 55 D (2 = fos (2i,9)). )

i=1

C. Quality Enhancement Component: Multiple-Input
Residual Recurrent Network

Recently, Li et al. [21] introduced an image super-resolution
feedback network (SRFBN) which has achieved outstanding re-
sults in image super-resolution tasks. Inspired by [21], this work
introduces a feedback mechanism for enhancing the quality of
input images. Our network architecture MRRN (Fig. 2) includes
the main branch, two supporting branches, a recurrent dense skip
connections block (RDBlock), and a global skip connection for
residual learning. x|, x;, and x3, respectively, denote the best,
the second best, and the third best quality images by order of the
predicted MOS scores. The original image before CS encoding
is denoted as y. The goal of our quality enhancement module is
to learn the mapping fyrrn between the input images zy, x7,
and x5 and the target enhanced image v/’

Y = furrn (1, 22, 23; ©). (6)

Input images are fed into a group of Conv(ns,3) — PReLU —
Conv(nys,3) — PReLU in each branch. In the quality-score
prediction net S, the first convolution group extracts the same
features from the distorted image and the pseudo-original image.
The rest of the network S aims to find the differences between
these features. MRRN, on the other hand, aims to keep the diver-
sity of extracted features from different input images. Therefore,
convolution layers for each input are preferred over a siamese
convolution layer. We formulate the output feature map f at
convolution layer [th at branch k as

fI'=PReLU(fF, *w} +bf) @)

where wlk and bf are, respectively, the learnt weight and bias of
convolution layer /th in branch k and f} is {z), k = 1,2,3}.
After the first two convolution layers, ny feature maps in each
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branch will be concatenated to a convolution layer f3
f3 =PReLU(cat(f,, f3, f3) * w3 + bs) ®)

where cat (f1, f2,. . .,[n) denotes the concatenate operation for
the list of the feature maps fi, f», .. ., f, on channel dimension.
Later, the output from the fourth convolution layer f; is input
to the RDBlock. Stride for every convolution layer is set as one.
To keep the size of input image through doing convolution, all
the paddings are set as (s — 1) /2.

Feedback mechanism. We introduce the RDBlock that inte-
grates the two elements: depth and skip connections. In RD-
Block, no information is omitted: The extracted low-level fea-
tures F}, are reused in each loop and inside the RDBlock, and the
high-level features F’, ' are also used to fine-tune the low-level
feature input Fj; of RDBlock. RDBlock does recurrence for R
times; each r = {1,2,..., R} corresponds to an output ¢, of
the network. In the loop rth, RDBlock returns an output of F,

out
given a pair of I and Fli, !

Fr. = RDBlock(F}, Fih). )

out in» * out

FrVatr = lissetas F. Forr > 2, the output feature maps
F7 are stored and be concatenated with the F}] for the next loop
until » = R. In training recurrent neural network, the feedback
mechanism receives the information from previous loop (r —
1)th to further improve the input of the recurrent mechanism.
We denote gg as the input of the RDBlock

go = cat(Fr Fr!

ins + out )

(10)

Our RDBlock is built from nine convolution layers and dense
skip connections. In each loop rth, the input gy and feature
maps from the lower level layers are concatenated and fed to the
higher level ones. Let g; ;c[1 o denote output from convolution
layer jth. In our RDBIlock, all layers jth, excluding the final
one, synthesize information from (j — 1) previous layers and
the input go. The final layer g9 takes only feature maps output
by convolution layer gs. The output of each convolution layer at
layer jth, 5 < 9, in the RDBlock is defined as

g; = PReLU(cat(go, g1, - - 11

Convolution layer jth with j € [1, 8] in RDBlock takes an input
of (j+ 1) x ny concatenated feature maps and outputs n;
feature maps. In this work, we set the value of ny to 32 for all
convolution layers in RDBlock, and the number of loop R is set
as four. There is no PReLU activation for the final convolution
of MRRN. The enhanced feature from each loop will be added
onto the best quality image input z; for the output g,.. There
is only one ground-truth label y, for R outputs of the network.
In testing, only output from the final loop yr is considered the
result of the network. However, all the outputs ¢, are used to
calculate the loss function

M R
1 T i 1
L(®) = WRZZI 96— 9 I
: i=1 r=1

where M is the number of training samples, and © denotes the
learned network parameters. L1 loss is used to optimize the

.,gj,l) * ’lUj + bj)

(12)

TABLE |
SROCC AND LCC COMPARISON ON TID2013 DATASET OF OUR SCORENET
COMPARED TO THE WIDELY USED METRIC PSNR AND SSIM

Metric PSNR  SSIM  Scorenet (Ours)
SROCC 0.571  0.604 0.731
LCC 0.593  0.635 0.774

Note: Blue indicates the best result.

network parameters. I"” is the importance of output 7 in the
outputs list. Following [21], we set I" to 1 for all the outputs.

IV. EXPERIMENTAL RESULTS AND COMPARISON
A. Experiment Settings

MRRN settings. For training MRRN, we use images with
different sizes from DIV2K [22] for the training set and images
from BSDS500 training set [23] for evaluating during training.
Set 5 [24], Set 14 [25], Urban100 [26], and 200 images from
the testing set of BSD500 [23] are used for testing. The inverse
fast Walsh—Hadamard transform and binary Hadamard matrix
are applied for transforming and measuring the input images.
The other CS reconstruction algorithms and other matrices can
replace the reconstruction algorithms and measurement matrix
used in CSIE-M. Images in the training and testing sets are fed to
the Scorenet to get the ranking scores and then fed to the quality
enhancement module MRRN by order of quality scores.

Scorenet settings. For training Scorenet, we mostly focus on
the dataset TID2013 [27], which is commonly used for learning
no-reference IQA tasks. TID2013 contains a total of 3000 im-
ages generated by 24 types of distortions. We randomly divide
reference images into 80% for training and 20% for testing as the
no-reference IQA works have done [28]. Distorted images will
goto the set that its reference image belongs to, ensuring no over-
lap between the training and testing sets. In testing, 20% images
in the testing set are used for evaluating our Scorenet. Like the
other IQA works [28], we evaluate the efficiency of our Scorenet
via Spearman’s rank order correlation coefficient (SROCC) and
the linear correlation coefficient (LCC). The higher SROCC
and LCC represent the higher correlation between the predicted
scores and the human-ranked MOS scores.

Training settings. Our experiments on the CSIE-M frame-
work are conducted on Pytorch 1.0.0 with NVIDIA Tesla V100
GPUs’ support. Adam optimization is used in training all the
networks in CSIE-M. In training MRRN, the learning rate starts
at 0.0001 and is divided by 2 every 300 epochs. The commonly
used PSNR and SSIM metrics are applied for evaluating quality
enhancement results. For these metrics, the higher value indi-
cates a better result. Four models for four SR of 0.125, 0.25, 0.5,
and 0.75 are trained and converged in different training epochs.

B. Ablation Studies

Study on Scorenet. Table I presents the ten-time average
of SROCC and LCC metrics of our Scorenet compared to the
widely used full-reference IQA metrics PSNR and SSIM. Ob-
serve from Table I that our Scorenet performs closer prediction to
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TABLE Il
PSNR AND SSIM x 102 COMPARISON OF THE ENTIRE PROPOSAL WITH
AND WITHOUT SCORENET IN N-INPUT MRRN AT SAMPLING RATE OF 0.5

Number of Max quality diff. Random-based Scorenet-based
MRRN between inputs input ranking input ranking
inputs APSNR / ASSIM PSNR / SSIM PSNR / SSIM

1 0.23/0.21 31.647 /1 94.862  32.772 / 95.207
2 0.218 /0.21 31.747 1 94.882  32.964 / 95.36
3 0.33/0.22 31.882 / 94.94 33 /95.387

4 0.33/0.21 31.871/94.946 32978 / 95.384

the human eyes (presented in MOS score) than the full-reference
IQA metrics PSNR and SSIM. In detail, we obtain SROCC
relative improvements of 28.02% and 21.02% compared to
PSNR and SSIM metrics, respectively. In the LCC metric,
improvements of 30.52% and 21.88% are achieved compared to
PSNR and SSIM metrics. These results show an adequate ability
of Scorenet to guide MRRN on enhancing the reconstructed
image quality.

To verify the effectiveness of the proposed Scorenet, Scorenet
has been replaced by a random-based input ranking. We perform
a ten-time random-based input ranking and average these results
for comparison. Table II shows the quality comparison of using
random-based ranking and Scorenet-based ranking. As observed
from Table II, applying Scorenet can gain up to 1.127 dB and
4.8 x 1073 on average PSNR and SSIM improvements com-
pared to randomly setting the input images of MRRN when it
comes to three-input MRRN. On the other hand, CSIE-M with
multiple-input images and Scorenet can significantly improve
the reconstructed image quality compared to using one input
image or randomly set the order for multiple input images.

Study on the number of input images. This experiment
validates the effect of the number of input images on the
performance of enhancing CS reconstructed images. We train
our dataset on single-input, two-input, three-input, and four-
input MRRN. The N-input MRRN takes N images ranked by
the no-reference quality ranking module. To fully evaluate the
performance of N-input MRRN, reconstructing time is also
considered besides PSNR and SSIM. Table II shows the PSNR
and SSIM of N-input network, N € {1,2,3,4}. We choose an
SR of 0.5 for validating this experiment. Obtain from Table II, the
three-input MRRN obtains the highest performance compared
to the other N-input MRRNSs. From single-input MRRN to
two-input MRRN, average PSNR and SSIM have significantly
increased by 0.19 dB and 0.002, respectively. It is well-known
in learning deep networks that more the representations that
are obtained, the better the results that can be achieved. In
learning to enhance CS reconstructed images, other supporting
images x; and z3 can be considered the representations obtained
from special filters: CS reconstruction algorithms. Moreover,
the reconstructing time increases the amount of 5 ms from
single-input MRRN to two-input MRRN. That has shown the
advantage of multiple-input MRRN compared to single-input
MRRN: The image quality is significantly improved, and the
running time slightly increases. We report the small differences
in performance of multiple-input CSIE-M networks, and the best

performance, over the test images, belongs to the three-input
MRRN.

Performance on other CS reconstruction algorithms. We
present the CSIE-M performance on different CS reconstruction
algorithms in Table III. In this experiment, four other CS recon-
struction algorithms from convex optimization algorithms that
include two-step iterative shrinkage/thresholding (TwIST) [29]
and group-sparse basis pursuit (GroupBP) [30], and from greedy
algorithms that include compressive sampling matching pur-
suit (CoSaMP) [31] and stagewise orthogonal matching pursuit
(StOMP) [32] have been used. Over the testing sets, quality
difference between images reconstructed by the above algo-
rithms is up to 1.5, 2.07, 3.22, and 2.79 dB PSNR, while the
CS reconstruction algorithms used in the original proposal is up
t0 0.04, 0.07, 0.33, and 0.2 dB PSNR at SRs of 0.125, 0.25, 0.5,
and 0.75, respectively.

Table IIT illustrates the quantitative results (PSNR and SSIM)
comparison among the combinations of CS reconstruction algo-
rithms: the proposed CSIE-M, the combination of the other four
CS reconstruction algorithms (CSIE-M*), the combination of
the greedy algorithms (CSIE-M**), the combination of convex
optimization algorithms (CSIE-M**%*), the other combinations
of CSIE-M used greedy algorithms and other convex optimiza-
tion algorithms (CSIE-M*#**%)_ the combination of CSIE-M
used convex optimization algorithms and the other greedy al-
gorithms (CSIE-M***%*) Tt can be seen that CS reconstruction
algorithms used in CSIE-M obtain the highest quality in terms
of PSNR and SSIM over all the SRs. Generally, the other
combinations reduce the quality of the enhanced images up to
an amount of 0.136 dB PSNR and 3.8 x 1072 SSIM on average.
Also, note that even though two CS reconstruction algorithms
are shared between some groups, the results are different since
the input images fed to the network are different. For example,
OMP, SAMP, and L1EQPD reconstructed images of foreman
(Set14) have been fed into MRRN as the best quality, the second
best quality, and the third best quality images, respectively.
Meanwhile, the feeding order in CSIE-M** is, respectively,
StOMP, OMP, and SAMP reconstructed images. It concludes
that choosing the top-three CS reconstruction algorithms and
the order of input images of MRRN takes a high responsibility
on generating high-quality images.

Study on numbers of iteration R of the recurrent dense
skip connections block. In this experiment, we find the corre-
lation between R and network performance. The investigation
is conducted on the three-input network under the SR of 0.5.
We separately train five CSIE-M models in which the recurrent
iteration R is set as 1, 2, 3, 4, and 5. In Table IV, a clear trend
is performed: the larger the R is, the better the quality of the
image. At R = 1, the network is considered a traditional neural
network. It obtains the lowest image quality compared to using
the recurrent neural network where R > 2. The reconstructing
time between different R’s is about 4 ms if the number of loops is
increased by one. This experiment will consider the performance
and training time of different R’s. For R = 1, the network takes
45 h to converge. For recurrent network R > 2, it takes about
three days for training the network whose recurrent iteration is
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TABLE IlI
CSIE-M PERFORMANCE IN TERMS OF PSNR AND SSIM COMPARISON ON DIFFERENCE COMBINATIONS ON CS RECONSTRUCTION ALGORITHMS
SR CSIE-M CSIE-M* CSIE-M** CSIE-M*%#%* CSIE-M#*##* CSIE-M###3#%
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
0.125 26.824 0.825 26.815 0.813 26.811 0.786 26.781 0.813 26.823 0.814
0.25 27.747 0.864 27.612 0.849 27.691 0.849 27.665 0.849 27.707 0.853
0.5 33 0.953 32.924 0.949 32.951 0.948 32.905 0.949 32.981 0.949
0.75 38.24 0.984 38.193 0.982 38.186 0.982 38.198 0.982 38.164 0.982
Note: Blue indicates the best result and orange indicates the second best result. Reconstruction algorithms for inputs: CSIE-M: LIEQPD, SPGL, OMP, and SAMP. CSIE-M*:
TwIST, StOMP, GroupBP, and CoSaMP. CSIE-M**: SAMP, OMP, CoSaMP, and StOMP. CSIE-M***: GroupBP, SPGL, LIEQPD, and TwIST. CSIE-M****: SAMP,
OMP, TwWIST, and GroupBP. CSIE-M*##**; CoSaMP, LIEQPD, SPGL, and StOMP.
TABLE IV
STUDY ON NUMBERS OF THE RECURRENT ITERATION R OF THE NETWORK UNDER PSNR AND SSIM x 10~2 AT SAMPLING RATE 0.5
Dataset R=1 R=2 R=3 R=4 R=5
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Set 5 37.485 97.16 37.552  97.173  37.559 97.177  37.596 97.196
Setl4 33.657 94.92 33.673 94.92 33.668 94927 33767  94.948
BSD500 33.278  95.429 33.318 95452 33371 95.493 33.421 95.525
Urban100  31.544 94.893 31.632 94945 31.773 95.056 31.923  95.155
Average 32.817  95.266  32.871 95.297 32949  95.358 33.032 95.41
Note: Averages are calculated over the number of images. Blue indicates the best result and orange indicates the second best result.
TABLE V
APSNR AND ASSIMx10~2 COMPARISON TO THE STATE OF THE ARTS
DnCNN RIDNet CACNN ADNet BUIFD CSIE-M
Dataset SR TIP’17 [5] ICCV’19 [7] TIP’19 [6] N.N. "20 [8] TIP’20 [11] (ours)
APSNR ASSIM  APSNR ASSIM APSNR ASSIM APSNR ASSIM APSNR ASSIM APSNR  ASSIM
1/8 3.12 5.99 3.23 3.06 5.94 3.37 6.44 6.31 3.71 6.76
Set5 1/4 2.81 4.25 2.61 4.09 3.01 491 3.02 4.59 3.46 5.14
12 4.46 2.73 4.3 2.85 4.65 2.82 4.42 2.74 5.05 3.04
3/4 5.84 2.54 5.86 2.86 5.8 2.77 7.11 2.9 8.59 3.28
1/8 2.05 5.21 2.08 5.72 2 5.26 2.14 5.5 2.32 5.96
Setl4 1/4 1.78 34 1.63 3.34 1.83 3.77 1.85 3.62 2.08 4.18
172 3.27 3.52 3.18 3.66 3.37 3.58 3.13 3.49 3.62 3.82
3/4 5.03 3.71 5.15 4.09 6.48 4.45 4.88 3.91 7.75 4.87
1/8 1.43 4.58 1.45 4.93 1.41 4.64 1.5 4.93 1.65 53
BSD500 1/4 1.16 2.78 1.24 1.13 2.8 3.12 1.24 3.11 1.46 3.57
172 2.92 3.76 2.81 3.95 3.03 3.8 291 3.77 34 4.15
3/4 5.08 4.12 5.37 4.69 5.01 4.44 6.4 4.7 7.73 5.19
1/8 2.06 6.62 2.1 7.37 2.07 6.88 2.14 7.18 2.6 8.4
Urban100 1/4 1.91 4.94 2.09 5.71 1.82 4.8 1.91 5.19 2.61 6.65
172 3.88 5.37 3.59 5.37 4.04 5.52 3.57 5.15 4.86 6.16
3/4 5.49 5.39 5.53 5.81 6.77 6.15 5.36 5.63 8.78 6.95
1/8 1.68 5.27 1.71 5.76 1.67 5.39 1.77 5.68 2.01 6.32
Average 1/4 1.45 3.51 1.56 1.39 347 3.99 1.51 3.81 1.88 4.59
172 3.26 4.24 3.09 4.36 3.38 4.31 3.15 4.18 3.89 4.75
3/4 5.21 4.48 542 4.99 6.64 5.13 4.76 5.16 8.07 5.7

Note: Blue indicates the best result and orange indicates the second best result.

2,3,and 4. For R = 5, it takes more than three days to converge
on the DIV2K dataset. Observing from Table IV, the network
with R = 5 shows the best performance; however, on the other
hand, the training time increases. The recurrent iteration of four
has average performance while the complexity is in the middle.
The following experiments take a feedback iteration of four for
analysis.

C. Overall Results

Table V shows our results in APSNR and ASSIMx 102
of our proposal CSIE-M compared to the main input x; since
x; takes the highest responsibility in generating the enhanced
image. Generally, CSIE-M strongly improves the quality of CS

reconstructed images. In the PSNR evaluation metric, the best
and the lowest improvements belong to the SR of 0.75 and
0.25, respectively. In other words, CSIE-M improves an average
PSNR of 2.01, 1.88, 3.89, and 8.07 dB for the SRs of 0.125,
0.25, 0.5, and 0.75, respectively. Under the SSIM evaluation,
the best and the lowest improvements belong to the SR of 0.125
and 0.25, respectively. Notably, CSIE-M shows outstanding
results on dataset Urban100 which contains aliasing edges and
complex scene structures. We obtain improvements of 4.71 dB
PSNR and 7.04 x 1072 SSIM on average over all the SRs on
Urban100.

Comparison to the state of the art: For a fair comparison,
we retrain the related work models DnCNN [5], RIDNet [7],
CACNN [6], ADNet [8], and BUIFD [11] on our training set.
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40 1.00 Pretrained
-4 DnCNN
0.95 Pretrained
35 RIDNet
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> % 050 ADNet
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Sampling rate Sampling rate CSIE-M (Ours)
Fig. 4. PSNR and SSIM comparison to the pretrained state of the art in distorted image enhancement under sampling rates of 0.125-0.75.

For the image denoising works [5], [7], [8], [11], we set the CS
reconstructed images as the noisy input image, and the original
image is set as the clean ground truth. For enhancing the decoded
image by HEVC [6], we assign the network to take an input and
a ground truth of reconstructed images and the corresponding
original image, respectively. All the settings are default. No noise
or preprocessing is added to the training data of these related
works. Since MRRN and related works’ inputs are from differ-
ent CS reconstruction algorithms, it is better to compare how
much quality improvements each approach can obtain. In this
comparison experiment, we assume the highest quality image
in PSNR for the related works. While the difference in image
quality of the related works’ input and CSIE-M main input x;
is 0.02 dB PSNR, the proposal significantly improves the image
quality in PSNR and SSIM. In other words, the related works
increase from 1.39 to 6.69 dB, where ours is from 1.88 to 8.07 dB
in average PSNR improvement over the testing images. In terms
of SSIM, our improvement is 4.59 X 1072 t0 6.32 x 1072 while
that of others are from 1.45 x 1072 to 5.68 x 1072 on average.
Our proposal shows significant improvements compared to the
related works in a high SR of 0.75 and complex structures such
as edge and aliasing in the test set Urban100. At an SR of 0.75,
CSIE-M scores an improvement of 8.07 dB and 5.7 x 1072 in
terms of PSNR and SSIM, where the related works are up to
6.69 dB PSNR and 5.16 x 10~2 SSIM improvement in average.

We also make a comparison to the pretrained related works
(Fig. 4). In this experiment, we compare our models using
training from scratch and using the pretrained model with the
related works [5], [7], [8], [11]. Noisy images from DIV2K
and Flickr2K created by BUIFD [18] at noise levels of 10, 15,
and 20 are first used for training MRRN. After convergence,
the pretrained model is used as initialized network weights for
training on our dataset. Pertaining to applying transfer learning
to MRRN, it has been recorded that image quality improvements
have been increased by averages of 0.13 dB PSNR and 4 x 1073
SSIM compared to training from scratch. Compared to the re-
lated works, both pretrained and training from scratch CSIE-Ms
obtain 0.3-2.9 dB PSNR and 0.8 x 1072 to 2.3 x 1072 SSIM
improvements compared to the related works.

We perform the rate-distortion (RD) curves to visualize the
coding performance of CSIE-M compared to the related works

35049 (BSDS500 test set) Baby (Set 5)

45

40

PSNR (dB)

0 0.25 0.5 0.75 0 0.25 0.5 0.75

40 Img_041 (Urban100)

—e—DnCNN

~—~35

g RIDNet

g 30 —+—ADNet

& —+—CACNN
——BUIFD

1S}
S

=

——CSIE-M (Ours)

Sampling rate

Fig. 5. RD-curves of CSIE-M and related works on sampling rates
0.125-0.75.

(Fig. 5). In these charts, the horizontal axis and vertical axis
indicate the four SRs and the corresponding PSNR of the images
refined by CNN. We randomly pick images from Set5, BSD500
testing set, and Urban100. It can be seen that at each SR, our
proposal CSIE-M exceeds the related works in the PSNR metric.
Generally, the RD curves of CSIE-M and the related approaches
are distinct. In the complex scene of img_004 and img_041 of
Urban100, there are significant improvements compared to the
related works. Moreover, the improvement of CSIE-M is more
stable than related works. In img_041, BUIFD shows third place
in terms of PSNR at SRs of 0.125 and 0.25, sixth place at SR
0.5, and second place at SR 0.75.

Fig. 6 visualizes the CS enhanced images by CSIE-M and the
related works under SRs of 0.125-0.75. From top to down, every
two rows are images reconstructed from SRs of 0.75-0.125. It
can be observed from Fig. 6 that CSIE-M returns the enhanced
image with sharper edges than the related works. CSIE-M
removes compression artifacts such as ringings and aliasing.
At the low SRs of 0.125 and 0.25, CSIE-M sharpens the local
details such as blurring edges and aliasing. At high SRs of
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Fig. 6. Visualizations of reconstructed images enhanced by DnCNN [5], RIDNet [7], CACNN [6], ADNet [8], BUIFD [11], and CSIE-M (ours) under
the sampling rates of 0.125-0.75, and the ground-truth label.
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0.5 and 0.75, where more information is sent to the decoder,
CSIE-M tends to produce better structures in the enhanced
images.

V. CONCLUSION

Different from the other image compression standards, such
as JPEG and JPEG2000, CS can reconstruct many images with
different qualities. Using this property, this is the first time to
propose a deep learning based CSIE-M. In the decoder, recon-
structed images are scored and ranked by a no-reference quality
ranking module before feeding to the quality enhancement mod-
ule. In the quality enhancement module, low-level and high-level
features extracted from CS reconstructed images were exploited
and enriched by the proposed RDBlock. As a result, 1.88-
8.07 dB PSNR improvements under the SRs of 0.125-0.75 were
obtained. We further experimented on the effectiveness of CSIE-
M with and without the no-reference quality ranking module.
The result showed that 1.127 dB PSNR can be improved when
using the no-reference quality enhancement module. Moreover,
our framework CSIE-M, which utilizes multiple-input images
to enhance the reconstructed image quality, outperformed the
one-to-one learning networks. The proposal can be integrated
into IoT imaging systems to enhance the CS reconstructed
images, giving better visual quality for end users and a promising
approach for designing AloT systems.

ACKNOWLEDGMENT

The authors would like to thank Rikken for their kind sharing
of powerful GPU servers.

REFERENCES

[1]1 Y. Zhang, P. Wang, H. Huang, Y. Zhu, D. Xiao, and Y. Xiang, “Privacy-
assured FogCS: Chaotic compressive sensing for secure industrial big
image data processing in fog computing,” IEEE Trans. Ind. Informat.,
vol. 17, no. 5, pp. 3401-3411, May 2021.

[2] Y. Zhang, Q. He, G. Chen, X. Zhang, and Y. Xiang, “A low-overhead,
confidentiality-assured, and authenticated data acquisition framework
for 10T,” IEEE Trans. Ind. Informat., vol. 16, no. 12, pp. 7566-7578,
Dec. 2020.

[3] Y. Zhang, P. Wang, L. Fang, X. He, H. Han, and B. Chen, “Secure
transmission of compressed sampling data using edge clouds,” IEEE Trans.
Ind. Informat., vol. 16, no. 10, pp. 6641-6651, Oct. 2020.

[4] D. L. Donoho et al., “Compressed sensing,” IEEE Trans. Inf. Theory,
vol. 52, no. 4, pp. 1289-1306, Apr. 2006.

[5] K. Zhang, W. Zuo, Y. Chen, D. Meng, and L. Zhang, “Beyond a
gaussian denoiser: Residual learning of deep CNN for image denois-
ing,” IEEE Trans. Image Process., vol. 26, no. 7, pp.3142-3155,
Jul. 2017.

[6] C. Jia et al., “Content-aware convolutional neural network for in-loop
filtering in high efficiency video coding,” IEEE Trans. Image Process.,
vol. 28, no. 7, pp. 3343-3356, Jul. 2019.

[7]1 S. Anwar and N. Barnes, “Real image denoising with feature attention,”
in Proc. IEEE Int. Conf. Comput. Vis., 2019, pp. 3155-3164.

[8] C. Tian, Y. Xu, Z. Li, W. Zuo, L. Fei, and H. Liu, “Attention-
guided CNN for image denoising,” Neural Netw., vol. 124, pp. 117-129,
2020.

[9]1 Z. Yue, Q. Zhao, L. Zhang, and D. Meng, “Dual adversarial network:
Toward real-world noise removal and noise generation,” in Proc. Eur. Conf.
Comput. Vis., 2020, pp. 41-58.

[10] H. Qiu, Q. Zheng, G. Memmi, J. Lu, M. Qiu, and B. Thuraisingham,
“Deep residual learning-based enhanced JPEG compression in the Internet
of Things,” IEEE Trans. Ind. Informat., vol. 17, no. 3, pp. 2124-2133,
Mar. 2021.

[11] M. ElHelou and S. Siisstrunk, “Blind universal Bayesian image denoising
with Gaussian noise level learning,” IEEE Trans. Image Process., vol. 29,
pp. 4885-4897, Mar. 2020.

[12] Z. Guan, Q. Xing, M. Xu, R. Yang, T. Liu, and Z. Wang, “MFQE 2.0: A
new approach for multi-frame quality enhancement on compressed video,”
1IEEE Trans. Pattern Anal. Mach. Intell., vol. 43, no. 3, pp. 949-963, Mar.
2021.

[13] R.Yang, M. Xu, Z. Wang, and T. Li, “Multi-frame quality enhancement for
compressed video,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2018, pp. 6664-6673.

[14] E. Candes and J. Romberg, “l11-Magic: Recovery of sparse signals via
convex programming,” vol. 4, p. 14, 2005. [Online]. Available: www.acm.
caltech.edu/l1 magic/downloads/l1magic.pdf

[15] E. Van DenBerg and M. P. Friedlander, “Probing the pareto frontier for
basis pursuit solutions,” SIAM J. Sci. Comput., vol. 31, no. 2, pp. 890-912,
2008.

[16] J.A.Troppand A.C. Gilbert, “Signal recovery from random measurements
via orthogonal matching pursuit,” /EEE Trans. Inf. Theory, vol. 53, no. 12,
pp. 4655-4666, Dec. 2007.

[17] T.T. Do, L. Gan, N. Nguyen, and T. D. Tran, “Sparsity adaptive matching
pursuit algorithm for practical compressed sensing,” in Proc. 42nd IEEE
Asilomar Conf. Signals, Syst. Comput., 2008, pp. 581-587.

[18] D. Vijayalakshmi, M. K. Nath, and O. P. Acharya, “A comprehensive
survey on image contrast enhancement techniques in spatial domain,” Sens.
Imag., vol. 21, no. 1, pp. 1-40, 2020.

[19] D. Potap, “An adaptive genetic algorithm as a supporting mechanism for
microscopy image analysis in a cascade of convolution neural networks, ”
Appl. Soft Comput., vol. 97, 2020, Art. no. 106824.

[20] K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” 2014, arXiv:1409.1556.

[21] Z.Li, J. Yang, Z. Liu, X. Yang, G. Jeon, and W. Wu, “Feedback network
for image super-resolution,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2019, pp. 3867-3876.

[22] E. Agustsson and R. Timofte, “NTIRE 2017 challenge on single image
super-resolution: Dataset and study,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit. Workshops, 2017, pp. 1122-1131.

[23] D. Martin, C. Fowlkes, D. Tal, and J. Malik, “A database of human
segmented natural images and its application to evaluating segmentation
algorithms and measuring ecological statistics,” in Proc. 8th IEEE Int.
Conf. Comput. Vis., 2001, pp. 416-423.

[24] M. Bevilacqua, A. Roumy, C. Guillemot, and M.-L. A.Morel, “Low-
complexity single-image super-resolution based on nonnegative neighbor
embedding,” in Proc. Brit. Mach. Vis. Conf., 2012, pp. 135. 1-135. 10.

[25] R. Zeyde, M. Elad, and M. Protter, “On single image scale-up us-
ing sparse-representations,” in Proc. Int. Conf. Curves Surfaces, 2010,
pp. 711-730.

[26] J.-B.Huang, A. Singh, and N. Ahuja, “Single image super-resolution from
transformed self-exemplars,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2015, pp. 5197-5206.

[27] N. Ponomarenko et al., “Image database TID2013: Peculiarities, results
and perspectives,” Signal Process.: Image Commun., vol. 30, pp. 57-77,
2015.

[28] X. Liu, J. van de Weijer, and A. D. Bagdanov, “Rankiqa: Learning from
rankings for no-reference image quality assessment,” in Proc. IEEE Int.
Conf. Comput. Vis., 2017, pp. 1040-1049.

[29] J. M. Bioucas-Dias and M. A. Figueiredo, “A new twist: Two-
step iterative shrinkage/thresholding algorithms for image restora-
tion,” [EEE Trans. Image Process., vol. 16, no. 12, pp.2992-3004,
Dec. 2007.

[30] W. Deng, W. Yin, and Y. Zhang, “Group sparse optimization by alternat-
ing direction method,” in Wavelets Sparsity XV, Bellingham, WA, USA:
International Society for Optics and Photonics, 2013.

[31] D. Needell and J. A. Tropp, “Cosamp: Iterative signal recovery from in-
complete and inaccurate samples,” Appl. Comput. Harmon. Anal., vol. 26,
no. 3, pp. 301-321, 2009.

[32] D. L. Donoho, Y. Tsaig, I. Drori, and J.-L. Starck, “Sparse solution of
underdetermined systems of linear equations by stagewise orthogonal
matching pursuit,” IEEE Trans. Inf. Theory, vol. 58, no. 2, pp. 1094-1121,
Feb. 2012.



PHAM et al.: CSIE-M: CS IMAGE ENHANCEMENT USING MULTIPLE RECONSTRUCTED SIGNALS FOR loT SURVEILLANCE SYSTEMS

1281

Chi Do-Kim Pham received the B.S. degree
in computer science from the University of In-
formation Technology (UIT), Vietnam National
University-Ho Chi Minh City, Ho Chi Minh City,
Vietnam, in 2017, and the M.E. degree in ap-
plied informatics from Hosei University, Tokyo,
Japan, in 2019. She is currently working toward
the Ph.D. degree in applied informatics with the
Graduate School of Science and Engineering,
Hosei University.

She is currently a Research Assistant with
Hosei University. Specifically, she is interested in applying learning-
based techniques to image and video coding standards. Her primary
research interests include deep learning and image processing.

Ms. Pham is a Reviewer for [EEE Access.

Jian Yang received the B.S. degree in com-
puter science and technology from the South-
west University of Science and Technology, Mi-
anyang, China, in 2019. He is currently working
toward the master’s degree in applied informat-
ics with the Graduate School of Science and
Engineering, Institute of Integrated Science and
Technology.

He is a Member of the Intelligent Media Pro-
cessing Lab, Hosei University, Tokyo, Japan. He
has been interested in machine learning and
image processing since he was an undergraduate. His current research
interests include image enhancement, super-resolution, and learning-
based compressive sensing.

Jinjia Zhou (Member, IEEE) received the B.E.
degree in electronic engineering from Shanghai
Jiao Tong University, Shanghai, China, in 2007,
and the M.E. and D.E. degrees in system LSI
from Waseda University, Tokyo, Japan, in 2010
and 2013, respectively.

She was a junior Researcher with Waseda
University, Fukuoka, Japan, from 2013 to 2016.
Currently, she is an Associate Professor and a
Codirector of the English-based graduate pro-
gram with Hosei University, Tokyo, Japan. She
is also a Senior Visiting Scholar with the State Key Laboratory of ASIC
& System, Fudan University, Shanghai, China. Since 2020, she has also
been a specially appointed Associate Professor with Osaka University,
Suita, Japan. Her research interests include algorithms and very large-
scale integration architectures for multimedia signal processing.

Dr. Zhou was selected as JST PRESTO Researcher during 2017—
2021. She was the recipient of the research fellowship of the Japan
Society for the Promotion of Science during 2010-2013. She is a re-
cipient of the Chinese Government Award for Outstanding Students
Abroad of 2012. She was a recipient of the Hibikino Best Thesis Award
in 2011. She was a corecipient of ISSCC 2016 Takuo Sugano Award for
Outstanding Far-East Paper, the best student paper award of VLSI Cir-
cuits Symposium 2010, and the design contest award of ACM ISLPED
2010. She participated in the design of the world-first 8 K UHDTV video
decoder chip, which was granted the 2012 Semiconductor of the Year
Award of Japan. She is an Associate Editor for IEEE Access, an editorial
board member for Cognitive Robotics, and a Reviewer for journals
including IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO
TECHNOLOGY, IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS |, IEEE
TRANSACTIONS ON VLS| SYSTEMS, and /EEE Transactions on Multimedia.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


