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Abstract
The emergence of visual big data is a double-edged sword to mobile communications. It puts forward a huge
challenge to the wireless networks, while its abundant information provides potential to improve the spectrum
efficiency significantly. In this paper, We propose a novel data assisted communication of mobile image (DACMobi) scheme, which utilizes a large amount of correlated (similar) images stored in the cloud to improve the
spectrum efficiency and visual quality. The essence of this paper is to exploit Coset coding and denoising to
utilize correlated information. First, we propose two layers of Coset coding to quantize the coefficients. The Most
Significant Bits (MSB) of the coefficients are generated by the first layer Coset and a few MSB for low frequency
coefficients are transmitted through the most reliable channel coding and digital modulation. The middle bits of the
coefficients are generated by the second layer Coset and discarded by the sender. The residual bits are transmitted
by amplitude modulation as other uncoded transmission scheme. Based on the MSB for low frequency coefficients
and the residual, lots of correlated images in the cloud can be retrieved, the discarded MSB and middle bits can be
recovered. After the two layers of Coset coding, the data energy can be significantly decreased so as to improve the
power efficiency. Hence, the end to end distortion of uncoded transmission can be reduced. Second, based on these
retrieved images, the image quality can be further improved by joint internal and external denoising. We propose to
coordinate power allocation and external denoising to achieve additional gain at low SNR. Simulations show that the
proposed scheme outperforms conventional digital schemes about 4 dB in peak signal to noise power ratio (PSNR)
and achieves 2 dB gain over the state-of-the-art uncoded transmission. At low signal to noise power ratio (SNR),
an additional 2-3dB gain is achieved. The visual quality comparison also validates the objective image assessment
result.
Index Terms
Joint source channel coding, Correlated image, Pseudo-analog transmission.

I. I NTRODUCTION
Nowadays, people are getting used to recording their daily lives with smartphones and instantly share the pictures
on social media. As a result, recent years have witnessed the explosive growth of mobile images, which presents
a great challenge to the wireless communications. A lot of researchers and engineers are now working hard on
the fifth generation (5G) mobile communication standard and next generation WiFi to enhance the throughput.
The focus has been on the physical layer, such as massive MIMO, full duplex, and non-orthogonal transmission.
However, the throughput improvement still seriously lags behind the explosive data increase.
We propose to tackle this communication problem with a joint source-channel approach. The basic idea is
inspired by the massive information contained in the cloud and the various image processing techniques built upon
correlated information. Usually, people use smart phones to share photos like landmark buildings, selfies, or even
the dishes in a restaurant. It can be easily observed that there exist a large amount of highly correlated images
in the cloud. If such information can be retrieved and utilized, the information that has to be transmitted over
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Fig. 1. A typical analog visual communication system: SoftCast

the wireless channels will be dramatically reduced. Actually, the correlated images have been used to solve many
image processing problems, such as image colorization [1], image completion [2], [3], sketch to photo [4], [5] and
computer generated graph to photo [6]. However, to the best of our knowledge, there does not exist a concrete
scheme to utilize the correlated information to improve the transmission efficiency with the support of Cloud.
The reason is probably that the traditional digital image coding and transmission paradigm cannot realize the
full potential of data-assisted image transmission in the cloud. In an end-to-end image transmission system, source
coding and transmission are two modules that may cause image impairment. However, in the traditional paradigm,
the impairment caused during transmission cannot be cured by the correlated images in the cloud. This is because,
after digital source coding, the transmitted image is represented by 0/1 bits, and bit errors cannot be mapped to
any specific type of image impairments. In other words, the physical layer does not have the application layer
knowledge, and therefore is very hard to utilize it.
Fortunately, the recently proposed analog visual communication paradigm paves the way for the data-assisted
image transmission in the cloud. The analog visual communication paradigm is basically a joint source-channel
design which changes the network stack to act like a linear transform [7]. As shown in Fig.1, it skips all the
non-linear processing, including quantization and entropy coding in traditional digital source coding, and channel
coding, interleaver and digital modulation in the physical layer. The linear transformation of the pixel values is
directly transmitted over the channel, so that the perturbation of channel noise translates into the approximation in
the original pixel values. Such a design allows the physical layer to access the application layer information and
makes it possible to utilize the correlated image information in the cloud.
In this paper, we propose a data-assisted communication of mobile image (DAC-Mobi) scheme based on the
analog visual communication paradigm, and explore two techniques to make use of retrieved correlated images
from cloud in image transmission. First, we propose to use distributed source coding (DSC) to utilize the retrieved
correlated information in the cloud. As a typical DSC, the Coset coding reduces power of the image to be transmitted,
and re-allocates the saved power to other coefficients, thus increases channel signal to noise ratio (SNR) equivalently.
Second, we analyse the tradeoff of denoising and power allocation, and propose to employ the retrieved correlated
images to perform denoising without power allocation at low SNR. The proposed DAC-Mobi has shown super
performance in the wide range of channel SNR. In addition, we have implemented the proposed scheme over the
public dataset Oxford Building [8] and have proved its feasibility.
The rest of the paper is organized as follows. Section II reviews related work in analog visual communications
and cloud-assisted image processing. Section III presents the DAC-Mobi framework and system design based on
Coset coding and denoising. Section IV presents detailed Coset design and analyses the parameter selection of
Coset coding. Section V depicts detailed internal and external denoising design and analyses how to coordinate
power allocation and denoising. Section VI presents the experimental results. Finally, we conclude in Section VII
with some discussions on future work.
II. R ELATED WORK
A. Analog Visual Communications
Recently, analog transmission has attracted a surge of interest in visual communications due to its graceful
performance degradation under the varying wireless channel. The pioneering work is a mobile video multicast
system named SoftCast [7]. SoftCast changes the network stack to act like a linear transform. All the non-linear
steps in the conventional digital coding, including quantization and entropy coding, are all skipped. As such, the
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perturbation of channel noise translates into the approximation in the original pixel values. Therefore, a poor channel
only causes a large additive noise but will not cause a complete transmission failure.
SoftCast was originally designed for the one-size-fits-all video multicast. It was also shown to be very robust and
efficient even in the unicast because it avoids the cliff effect in digital communications. However, people seldom
realize that turning the network stack to act like a linear transform brings another benefit. That is, it will allow
us to leverage existing signal processing tools to improve the received signal quality, which equivalently enhance
the transmission efficiency or reduce the power expenditure. Cui et al. [9] share the same vision with us and they
designed a video transmission system named Cactus with an integrated image denoising module at the receiver.
The denoising algorithm, known as BM3D [10], basically reduces the channel noise through the correlated image
patches within the same frame. However, the number of correlated image patches within a frame is still limited. In
addition, when the channel condition is poor, all the image patches experience similar bad channel and the quality
improvement will be quite limited.
Distributed source coding has also been considered in some follow-up efforts of analog transmission. LineCast
[11] is a satellite image broadcast system. The per-line DSC utilizes the correlations among image lines so as to
improve the transmission efficiency. DCast [12] is a DSC-based multicast video transmission scheme which utilizes
the inter-frame correlation. However, neither of them have considered utilizing the external correlated information
(outside of the transmitted signal) in the cloud.
B. Cloud-based Image Coding
With the dynamic increase of images in the cloud, cloud-based image coding schemes are presented in literature
which manage to empower image compression by taking advantage of images in the cloud.
Rather than compressing pixel values, Yue et al. [13] proposed describing an input image by joint local and
global descriptors. These descriptors are compressed and sent to the cloud to reconstruct the image by highly
correlated images retrieved from the cloud. Inspired by [14], SIFT local descriptors [15] of the image are bounded
to find highly correlated images [16] and further used for identifying patch-level correspondences. Authors also
introduced a super down-sampled version of the image to enhance the reliability as well as perceptually quality
of the proposed scheme. Due to the exploration of cloud images, the proposed scheme enables the thousand to
one compression at the visually pleasant quality level. However, the reconstructed quality of this approach highly
depends on large-scale images in the cloud. It cannot recover a high quality image when there is no related images
available in the cloud.
To solve this problem, Song et al. [17] presented a cloud-based distributed image coding method which not
only fully exploited images in the cloud but also ensured the fidelity of the reconstructed image. Similar to [13], a
thumbnail of the image is transmitted to the cloud for retrieving correlated images and performing reconstruction.
Instead of regarding the reconstructed image as the output, they proposed using it as the side information in the
cloud in the distributed coding system. Then the target image is compressed via a transformed syndrome coding,
which is transmitted in bit plates to incrementally enhance the fidelity of the final reconstructed image.
Recently Yue et al. [18] proposed a Combined Image Denoising (CID) scheme which utilize both internal
correlation due to redundancy in image and cloud correlated image to reduce noise. Yue et al. [19] further improved
CID using Wiener filter instead of media filter to process cloud correlated images. Both schemes are designed for
image denoising in cloud without consideration of transmission problems, but they inspire us to investigate denoising
in analog image transmission.
These solutions, though promising, are in the early stage as they paid little attention to the transmission cost
between client and cloud. Efficient algorithms for a joint source, channel, and cloud computing is desirable to make
the cloud-based image coding optimal for real applications.
III. DAC-M OBI S YSTEM D ESIGN
The traditional analog visual communications system, i.e. Softcast, mainly consists of transform and power
scaling, and the receiver performs power descaling and inverse transform. The proposed DAC-Mobi introduces
Coset coding and denoising in order to make use of cloud correlated information.
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Fig. 2. Block diagram of DAC-Mobi transmitter

A. Overview
DAC-Mobi is a cloud image transmission scheme aiming to achieve high spectrum efficiency and high quality
with assistance of correlated images in cloud. The block diagrams of transmitter and receiver are shown in Fig. 2
and 3, respectively. The essence of DAC-Mobi is exploring how to utilize correlated cloud information efficiently
for image delivery. Both DSC and denoising are utilized to make use of correlated information in DAC-Mobi.
The scenario of DAC-Mobi is to have correlated (side) information only available at receiver, but not at transmitter,
which matches well with DSC scenario. A Coset coding is a typical DSC, it takes modulus of DCT coefficients
at transmitter, thus reduces the power and increases signal to noise power ratio (SNR) equivalently. The Coset
decoder resolves the ambiguity by the side information at receiver. DAC-Mobi uses two successive Coset encoders
to divide DCT coefficients into three layers of bit planes, as shown in Fig. 2. The first layer of bit plane is MSB,
the MSB for a small portion of low frequency DCT coefficients are kept and digitally transmitted to receiver. The
remaining MSB and the second layer of bit plane (middle bits) are discarded. The third layer of bit plane (LSB) are
transmitted using analog modulation. At receiver as shown in Fig. 3, the digitally decoded MSB of low frequency
DCT coefficients and the received analog LSB of low frequency DCT coefficients, are used to reconstruct a downsampled small image. Then the features such as SIFT are extracted from the small image to retrieve correlated
images in cloud. The retrieved correlated images will be used as side information to resolve ambiguity due to
discarded MSB and middle bit plane, and reconstruct the whole image.
The DSC coding mainly exploits MSB information of correlated images to resolve ambiguity, the LSB information
of correlated images is to be further utilized. With the analog visual communication framework adopted in DACMobi, the channel noise is directly superposed onto transmitted image. The DAC-Mobi uses both internal denoising
at the front end and external denoising at the back end of the receiving processing chain, to further exploit LSB
information of correlated images, as shown in Fig. 3. The internal denoising make use of preserved redundancy in
the received image to reduce noise, but the internal correlation is limited. With correlated images in cloud, more
external correlation can be used to denoise received image. The internal denoising is also applied in low frequency
coefficients recovery to improve quality of down-sampled small image, thus improves correlated image retrieval.
B. Transmitter
The block diagram of DAC-Mobi transmitter is depicted in Fig. 2, which consists of pseudo analog part and
digital part.
The lower branch in Fig. 2 is pseudo analog transmission chain. Compared to Softcast [7], we introduce Coset
coding after DCT to take modulo to reduce the big DCT coefficients. What modulus parameter should be chosen is
related to how much correlated information is statistically available at receiver side, even we do not need to know
correlated images at transmitter. The following power scaling functional block will re-allocates the saved power to
all the coefficients. Then the following Inverse DCT block transform DCT coefficients back to pixels to facilitate
internal denoising.
In order to recover a small down-sampled image at receiver side to fulfil correlated image retrieval, the Most
Significant Bits (MSBs) for a small portion of low-frequency DCT coefficients are sent using digital modulation
in upper branch. Due to Laplacian distribution of DCT coefficients, run-length coding can effectively compress
MSBs of low-frequency DCT coefficients. Then the robust 1/3 turbo code and QPSK are used to protect and
transmit the MSBs and the meta data needed for analog transmission [7]. The typical overhead caused by MSBs
of low-frequency coefficients and meta data is insignificant.
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Fig. 3. Block diagram of DAC-Mobi receiver

C. Receiver
Fig. 3 shows the block diagram of DAC-Mobi receiver, which is composed of recovery of small down-sampled
image, correlated image retrieval, and reconstruction of received image.
The first part, as shown in red dash line block, includes the digital decoding of low-frequency DCT coefficients
MSB, analog demodulation of low-frequency DCT coefficients LSB, and the first Coset decoding to recover a
down-sampled transmitted image. In order to improve its quality, the internal denoising based on Block Matching
and 3D filtering (BM3D) is fulfilled right after pseudo analog demodulation. The digital decoding and analog
demodulation chains are basically the reverse of their transmit chains, respectively.
In the second part, shown in yellow shaded block, the feature such as scale-invariant feature transform (SIFT)
is extracted from the recovered down-sampled image, then the SIFT feature is used to retrieve correlated image
in cloud database. How many correlated images and how similar of these correlated images are closely related to
DAC-Mobi performance.
In the third part, shown in gray shaded block, the correlated images are used as side information to perform the
second Coset decoding to reconstruct the whole image. In order to improve image quality, the BM3D based internal
denoising is used at the front end, and the correlated images are further utilized to perform external denoising at
the back end.
IV. C OSET C ODING WITH C ORRELATED I MAGES
A. Coset Coding Design
In analog linear visual communication system, the image to be transmitted can be represented as a random vector
X = (x1 , x2 , · · · , xN ) ∈ RN , each element xi may be a pixel or a transformed coefficients. Typically, a certain
transformation is applied in linear visual communication to decorrelate image signal, thus element xi represents a
transformed coefficients.
The proposed DAC-Mobi uses two layers of Coset encoders to divide the DCT coefficients into three bit planes,
which are the Most Significant Bit (MSB) plane, the middle bit plane, and the Least Significant Bit (LSB) plane,
respectively. The partial MSBs for low-frequency coefficients are transmitted in digital coding/modulation for
recovering a down-sampled image. The remaining MSBs and all the middle bits are discarded since the retrieved
correlated images in receiver can provide the side information. All the LSBs are transmitted in pseudo analog
modulation.
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Fig. 4. DCT coefficients before and after coset coding

The first Coset encoder divides each DCT coefficient X by a step q1 to get the MSB H and remainder L1 .
X
1
H=b + c
q1
2
(1)
L1 = X − H · q1
The H for partial low-frequency coefficients are transmitted in digital coding/modulation, the remaining H s are
discarded.
The second Coset encoder further divides L1 by a smaller step q2 to get the remainder L.
L1 1
+ c
M =b
q2
2
(2)
L = L1 − M · q2
where M is the middle bits, L represents LSBs in real value here, q1 is integer multiple of q2 . All the M s are
discarded and the Ls are transmitted in pseudo-analog modulation.
The DCT coefficients before and after Coset encoding are shown in Fig. 4. The left is the original DCT coefficient
with a few peak values, while the right is the Coset encoded coefficients without obvious peaks. Thus Coset coding
saves the power to transmit the signal or equivalently increases SNR under constrained power.
The Coset coded vector is represented as L = (l1 , l2 , · · · , lN ), where li is one element of the vector. In order to
use power efficiently, the transmitter scales the Coset coded signal li by factor gi
yi = li · gi

(3)

The power scaling operation is trying to re-allocate power in optimal way to minimize the mean square error,
subjecting to total power available.
X
X
X
Pi =
E[yi2 ] =
gi2 · E[li2 ] ≤ P
(4)
i

i

i

E[li2 ]

Note that the
is related to both Coset coding parameter q2 and image energy distribution, while the traditional
analog scheme is only related to image energy distribution. Let λi = E[li2 ] be the power of li for brevity.
Then yi can be transmitted directly over OFDM subcarriers as Softcast. In order to facilitate denoising, the
inverse DCT is applied after power scaling, thus the pixels of a scaled image are transmitter over the air.
After DCT, the received signal is represented
ŷi = yi + n = li · gi + n

(5)

where n is Additive White Gaussian Noise (AWGN) with mean 0 and variance σn . Due to orthogonality of IDCT
and DCT, the distribution of channel noise is not affected.
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Following zero forcing rule, the receiver uses power de-scaling to recover signal
ˆli = ŷi /gi = li + n/gi

(6)

Correspondingly there are two Coset decoders at the receiver. With the digitally decoded MSBs Ĥlf and the
received LSBs for partial low-frequency coefficients, the first Coset decoder can reconstruct the low-frequency
coefficients directly
X̂lf = Ĥlf · q1 + L̂lf
(7)
These low-frequency coefficients are used to recover a small down-sampled image for feature extraction and
correlated image retrieval.
With the received Coset encoded value L̂ and the retrieved correlated image as side information S , the second
Coset decoder can reconstruct DCT coefficients. Given a Coset value L̂ at the decoder, there are multiple possible
reconstruction value of X which forms a Coset C
C = {L̂, L̂ ± q2 , L̂ ± 2q2 , · · · }

(8)

In order to resolve the ambiguity, Coset decoder chooses the one which is the closest to the side information S
in C as the reconstructed DCT coefficient X̂
X̂ = arg min | c − S |

(9)

c∈C

B. Coset Coding Analysis
Obviously the value of q1 affects how many quantization bits are for MSBs, thus the quality of restored downsampled image and bandwidth of digital transmission. The value of q2 has an impact on the performance of the
second Coset coding. Too large q2 decreases power efficiency, while too small q2 lowers resistance to channel
noise, thus resulting in wrong decision in Coset decoding. The value of q2 can be calculated by estimating the l1
distance statistically between the original signal X and the correlated information S , and the channel noise, which
are denoted by |X − S| and NL = L̂ − L, respectively. Then the Coset coding parameter q2 is constrained by
q2 > 2(|X − S| + |NL |

(10)

Thus the Coset step q2 and power scaling factor gi can be formulized as the following optimization problem
X
X
min
Di =
E[(lˆi − li )2 ]
q2 ,gi

s.t.

i

i

X

Pi =

X

gi2 · λi ≤ P

(11)

i

i

q2 > 2(|X − S| + |NL |

In order to solve the above optimization problem, we fix the Coset coding parameter q2 first, then it falls back
into the traditional Softcast problem, which is a convex optimization problem. Thus we get the power scaling factor
gi
s
P
gi = P p (λi )−1/4
(12)
λj
j
and the minimized total distortion based on zero forcing receiving technique
X
X
σ2 X p 2
Dzf =
Di =
σn2 /gi2 = n (
λi )
P
i

i

(13)

i

Thus the total distortion depends on channel SNR and summation of square root coefficient energy.
We further analyse how Coset coding parameter q2 and distribution of li affects the total distortion. With big
enough parameter q2 , no DCT coefficients will be modulo, the coefficient li obey Laplacian distribution, thus li is
significantly diversified. With the parameter q2 decreases, some of big DCT coefficients will be modulo, thus their
power is saved and re-assigned to other coefficients, at the same time li is less diversified. With the parameter q2
decrease further, more DCT coefficients are modulo, more power is save and assigned to other coefficients, but the
li is approaching to uniform distribution.
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Fig. 5. Noisy image with and without power scaling

V. D ENOISING WITH I NTERNAL AND E XTERNAL C ORRELATION
A. Internal Denoising
With pseudo analog transmission of image, the redundancy of source is preserved, thus receiver is possible to
make use of the redundancy to reduce transmission noise. The state-of-the-art denoising tecnique Block Matching
3-Dimension (BM3D) is effective to Gaussian noise.
The dilemma for internal denoising is to keep noise Gaussian and preserve image internal correlation at the
same time. If the internal denoising locates after power descaling, the noise will not be Gaussian any more, as
shown in Fig. 5(a), BM3D doesn’t work well for non-Gaussian noise. But In this case the internal correlation is
well preserved since it is a natural image. If the internal denoising locates before power decaling, the noise is kept
Gaussian, but the scaled image is applied to internal denoising which is not a nature image, shown as Fig. 5(b).
The denoising for scaled image suffers from a certain loss of correlation. The proposed scheme adopts the second
option to put internal denoise at the front-end of processing chain, shown as the receiver block diagram Fig. 3.
For a noisy scaled image, as shown in Fig. 5(b), we divide it into some image block BI , and search for similar
blocks locally. Suppose that there are n − 1 simiar blocks B2i , B3i , · · · , Bni found for the noisy image block B1i
where the superscribe i indicates the internal correlation, stack them together to form a 3D data cube. Then, 3D
transformation, hard thresholding, and inverse 3D transformation are consecutively conducted to generate estimates
for all the involved pixels. The denoising process is described as follows:
−1
i
i
B̂3D
= T3D
(γ(T3D (B̂3D
)))

(14)

−1
where T3D and T3D
are the 3D DCT and IDCT operation, γ stands for the hard thresholding. The first block B1i
i
is the denoising result for further processing.
in cube B̂3D

B. External Denoising with Correlated Images
Compared to limited information provided by image redundancy itself, the exteral cloud image provides much
more information, thus larger potential gain. The external denoising has to locate after Coset decoder, since the
recovered image is available till then. As shown in receiver block diagram Fig. 3, the external denoising is at the
end of processing chain. The external denoising also suffers from scaled non-Gaussian noise, we will leave this
problem to be solved in the next subsection.
In order to retrieve correlated images, we first extract SIFT descriptors from the recovered down-sampled image.
The SIFT is resistant to additive Gaussian noise because Gaussian filtering and down-sampling in SIFT processing
greatly attenuate the noise. The retrieved correlated images may have different viewpoints, scales, and orientations
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from the received image. Based on the location of matched SIFT, we can estimate the geometric transform from
every retrieved image to the received noisy image. Since the retrieved images may have different illuminations, we
need remove the mean value of every block before denoising. In contrast, the internal denoising have the same
illumination and structure information since the blocks come from the same image.
For every noisy image block, we first search for the most similar blocks in the retrieved images. Assume that
we find n − 1 similar blocks B2e , · · · , Bne based on l2 distance to the received image block B1e , the superscript e
denotes external correlated blocks. The external cube contain one noisy block B1e and n-1 noise free blocks, which
is not sparse in frequency domain. Thus hard thresholding operation in BM3D will result in loss of many image
details.
We know that an optimal solution for extracting a signal from its noisy version B1e = B1 + n is Wiener filtering
B̂1 = G ∗ B1e
G = R(R + σ 2 I)−1

(15)

where G is Wiener filter coefficients, R is the correlation matrix R = E[B1e B1eT ] and I is the identity matrix.
Since the correlated images share the similar correlation with the received image, we may use weighted average
of their correlation instead of received correlation only. Obviously, the weighting should be proportional to how
similar the retrieved image is. Thus the correlation matrix R can be rewritten as
R=

n
X

wi Bie BieT

(16)

i=1

where the weighting coefficient wi can be defined as a Gaussian kernel function of l2 distance
wi = exp(−

kB1e − Bie k22
)
σ2

(17)

Based on the denoised full image X̂ we can recalculate the geometric transform by extracting SIFT descriptors
from X̂ . Since the pixel values of X̂ are closer to the original image, we can also estimate photometric transforms
between X̂ and the retrieved images, to improve performance of block matching.
Finally, a similar operation as the second step in BM3D is performed. We use block matching within the denoised
full image X̂ to find the locations of the blocks similar to the currently processed one. Two 3D cubes are built
using these locations, one is from image X̂ , the other is from the noisy image. The second step operation is similar
as internal denoising Eq. (14). The key difference from the first operation is the hard thresholding on 3D cubes is
replaced by a Wiener filtering and its coefficients are calculated from the two 3D cubes [10].
C. Denoising Analysis
As we discussed in the previous subsection, the external denoising algorithm is also sensitive to image correlation
and noise Gaussianity. We will analyse how to trade them off in our system.
The Wiener filter in Eq. (15) can be transformed to another domain using a suitable orthogonal base. The
eigenvectors can be one of the orthogonal bases obtained by eigenvalue decomposition of correlation matrix R.
Assume the rank of R is r, uk is the eigenvector of R and λwk is the corresponding eigenvalue. We stack the
eigenvectors [u1 , u2 , · · · , ur ] as matrix U , and construct a diagonal matrix Λw by the eigenvalues, the Eq. (15) can
be rewritten as
G = U Λw U T (U Λw U T + σ 2 I)−1
= U Λw (Λw + σ 2 I)−1 U T
r
X
λwk
=
uk uTk
λwk + σ 2

(18)

k=1

An engineering approximation is to use DCT as orthogonal base, then the Wiener filter is equivalent to frequency
domain MMSE. We notice the Linear Least Square Estimator (LLSE) is applied in Softcast [7] receiver, which is
written as
λi gi
lˆi =
yˆi
(19)
λi gi2 + σn2
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Fig. 6. Power allocation vs no power allocation

where gi is power scaling factor in transmitter, as shown in Eq. (12). Actually this is the difference between Softcast
and Wiener filtering based denoising. The Softcast use combination of power allocation at transmitter and LLSE at
receiver, while denoising only applies Wiener filtering at receiver. If there is no power allocation (or equal power
allocation at transmitter), then Softcast is degraded to Wiener filtering. The equal power scaling factor is to rewrite
Eq. (12) as
s
P
gi = P
(20)
j λj
Thus the distortion with equal power allocation at transmitter and LLSE at receiver is
X
σ2
P n 2
Dnopa+llse =
P/ j λj + σn /λi

(21)

i

We would like to compare several combinations of power allocation and receiving techniques in their close-form
distortion equation. The distortion for combination of power allocation and zero forcing at receiver is shown in Eq.
(13). The distortion for combination of power allocation and LLSE [7] at receiver is
X
σn2
Dpa+llse =
(22)
√ P p
P/( λi j λj ) + σn2 /λi
i
The optimal power allocation in [20] discards some coefficients below noise, and reassign the power, the distortion
for combination of optimal power allocation and LLSE is
P √
N
2
X
( m
i=1 λi )σn
Doptimalpa+llse =
+
λi
(23)
P + mσn2
i=m+1

where
PN m is the number of kept coefficient chunks, and N is the total number of coefficient chunks, the second term
i=m+1 λi is the distortion caused by discarded coefficient chunks.
For a given image and SNR, their distortion can be calculated as the lower four curves in Fig. 6. The power
allocation with zero forcing performs worst at low SNR. The power allocation with LLSE balances at both low
SNR and high SNR. The optimal power allocation with LLSE perform best. A surprise is that no power allocation
with LLSE (equivalent to Wiener filter) have good performance at low SNR (< 0dB ), and very close to optimal
performance at very low SNR (< −5dB ). This hints us we should give up power allocation at transmitter, and
only rely on LLSE or Wiener filter at receiver for low SNR. With coset coding, additional gain is achieved as the
upper two curves in Fig. 6. Their crosspoint is at similar channel SNR as that without Coset coding.
Based on the above observation, we propose a piecewise operation to obtain super performance. At low SNR,
no power allocation is at transmitter and Wiener filtering based external denoising is applied at receiver; At middle
to high SNR, both power allocation at transmitter and LLSE at receiver are applied. The Coset coding is always
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applied to get additional gain. The switch point can be calculated beforehand for each given image based on their
energy distribution, and the meta data can be used to inform receiver whether there is power allocation at transmitter.
VI. E VALUATION
A. Settings
Image source: The images for evaluation come from the public dataset Oxford Building [8]. In total, there are
5063 images of buildings and the size is at least 1024 × 768. The images can be classified into several groups
according to the content. In each group, we select one image as the data for transmission and let others be the
candidate images for retrieving in the cloud.
Assessment metrics: To differentiate the performance of our proposed scheme, both PSNR and SSIM are used
to assess the image quality. In addition, we also assess the image quality through human vision to validate the
result of objective metric.
System Parameters: In the proposed scheme, we perform Coset coding on the DCT coefficients. The step
size for the MSB is 20000 and that for the middle bits is 8500. The MSB is transmitted by the most reliable
modulation BSPK and Turbo coding. The residual of Coset coding is transmitted by pseudo-analog module, where
the coefficients are divided into 64 equal chunks and each of them is modelled as a Gaussian source. Whether or
not performing power allocation is determined according to the channel SNR. At the receiver end, most MSB and
all the middle bits are recovered based on the retrieved images. After image reconstruction, internal and external
denoising is performed. The number of correlated images for external denoising is 4. The block size of denoising
is 8 × 8. The numbers of blocks in the internal and external one are 16 and 5, respectively. The hard thresholding
parameter is set to 2.7.
B. Microbenchmark
In previous section, we have presented a cloud image based transmission scheme which utilize the cloud image
to perform Coset coding and image denoising. However, there are still some questions not answered: what kind of
images can be used? how to use the images? what step size should be used for the Coset coding? Theoretically,
these questions are quite complicated and are difficult to answer, but we can give some heuristic results through
experiment.
1) Selection of the retrieved images: Our image retrieving module is based on the SIFT algorithm. Based on the
features extracted from an input image, it can always get some similar images from the cloud database. Some of
the retrieved images may be very similar to the input image and can improve the reconstructed image quality. Some
of them may be quite different and may result in reconstruction error. In order to guarantee a stable performance,
we need to figure out what images can be used. This experiment will show how to select the candidates from the
retrieved images.
We transmit an image over AWGN channel and the channel SNR is -5 dB. The input for image retrieving is
reconstructed from the MSB and the residual of the DCT coefficients. There is an important parameter for SIFT,
i.e. the distance between matched feature points, which determines the similarity between retrieved images and the
input image. For each retrieved image, we use 3 distances to compute the number of matched features, as shown in
Table. I. For each distance, the first 10 images are selected as a set. The intersection of the 3 sets will be selected
as the candidate images. Each of the retrieved images is used to recover most MSB and all the middle bits of
the coefficients which is dropped at the sender end. The PSNR of the reconstructed images are show in the last
column. We can see that almost all the candidate images achieve the first 10 highest PSNR.
2) Robustness to the distortion from retrieved images: Through the above selection, we can get a set of relative
good candidate images to recover the MSB and middle bits. The performance of MSB and middle bits recovery
will be determined by the difference between the transmitted image and the candidate images. When performing
the Coset coding, the sender does not have any information about the retrieved images. To minimize the difference,
the easiest way is to select the image with the maximum number of matched features. However, the image may still
have non-negligible difference with the transmitted image and the reconstructed image quality will dramatically
degrade. In fact, all of the candidate images can be utilized to improve the robustness.
In this experiment, we also transmit an image over AWGN channel with SNR -5 dB. The selected candidates
from the retrieved images are ordered by the number of matched features. We can use a number of candidates to
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TABLE I
R ETRIEVED I MAGE S ELECTION .
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

# matched features
D = 0.6 D = 0.8 D = 0.9
16
142
453
17
122
482
21
113
469
8
124
484
18
133
475
13
114
478
15
144
526
21
146
481
8
104
454
14
123
501
9
93
426
23
136
494
12
111
463
11
127
496
3
79
407
3
55
413
6
84
434
1
64
380
1
59
376
4
69
409
1
61
375
3
76
397
9
95
411

PSNR (dB)
25.56
25.51
25.50
25.49
25.49
22.37
22.35
22.26
22.23
20.49
20.49
20.48
19.17
19.16
17.43
16.22
15.65
15.19
14.76
14.09
13.76
13.49
13.13
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Fig. 7. Coset decoding based on single image vs. averaged image with different coset step size.

derive an averaged image for the recovery of the MSB and middle bits. For different number, there are several
combinations of candidates. As shown in Fig. 7, for all Coset step size, the reconstructed image quality based
on averaged image can always outperform that based on single candidate image. Therefore, the robustness to the
distortion from retrieved images can be improved by averaging the 6 candidate images.
3) The impact of step size in Coset coding: There are two Coset coding in the proposed scheme. The coding
for the transmitted MSB of DCT coefficients is delivered to the receiver. There is no mismatch and the transmitted
MSB can be correctly recovered. While the coding for the discarded MSB and middle bits may exist a mismatch at
the receiver end. With a total power constraint in the pseudo-analog module, the smaller data energy is the higher
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Fig. 8. Performance comparison with the reference schemes.
TABLE II
P ERFORMANCE C OMPARISON OF D IFFERENT R EFERENCE S CHEMES .

Omni-JPEG
Softcast
Softcast+BM3D
Cactus
DAC-Mobi

Channel SNR(dB)
PSNR
SSIM
PSNR
SSIM
PSNR
SSIM
PSNR
SSIM
PSNR
SSIM

-10

-5

0

16.1383
0.2734
16.4415
0.2797
20.4179
0.5082
25.3311
0.7153

19.9107
0.4233
20.0492
0.4185
23.4970
0.6496
27.5483
0.7938

23.7170
0.5985
23.7896
0.6129
26.4829
0.7726
28.6971
0.8319

5
29.9473
0.8518
27.9227
0.7552
27.9209
0.7950
30.0402
0.8711
32.0028
0.9008

10
32.9849
0.9191
32.3216
0.8721
32.5023
0.9085
33.9807
0.9350
36.0646
0.9511

15
36.0652
0.9549
37.0724
0.9464
37.3422
0.9621
38.2418
0.9694
40.2851
0.9769

20
39.8117
0.9770
41.9440
0.9803
42.2221
0.9843
42.5860
0.9864
44.6670
0.9898

25
40.3627
0.9795
46.6793
0.9930
46.9509
0.9937
47.0153
0.9942
48.9888
0.9957

PSNR can be achieved. To minimize the data energy, a smaller Coset step size is preferred. However, it increases
the probability that the mismatch exceeds the step size and result in reconstruction error. In order to minimize the
probability that the mismatch exceeds the step size, a larger step size will be selected. In this case, the data energy
will increase and will also result in performance loss because of lower power efficiency.
In this experiment, we will study the tradeoff between the mismatch and the power efficiency. An image is
transmitted over AWGN channel with SNR -5 dB and the 6 candidates of retrieved images are averaged as the
reference image. By performing Coset coding for the MSB and middle bits with different step size, we get the
reconstructed image quality as shown in Fig. 7. We can observe that although lower power efficiency could result
in performance loss, the loss can be negligible compared to the reconstruction error caused by the mismatch.
C. Comparison with reference schemes
The proposed system can be implemented with proper parameters based on the above result in Macrobenchmark.
The implementation of the reference schemes are as follows.
1) Reference Schemes: The first reference scheme Omni-JPEG is a conventional digital transmission scheme
which is based on separate source and channel coding. In this scheme, JPEG is adopted as image compression
method and 802.11a/g is adopted as the PHY layer. There are 7 effective rates which are the combinations of
BPSK, QPSK, 16QAM and 64QAM with different channel coding rates. We name it Omni-JPEG because we
assume that the sender in this scheme knows the concurrent channel SNR and always chooses the most appropriate
coding/modulation combination to transmit the packet. The performance of Omni-JPEG provides an upper bound
of a typical 802.11 based digital system.
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The second reference scheme Softcast is the most typical joint source and channel coding based scheme. We
implement Softcast as described in the original paper [7]. Although Softcast encoder does not perform Coset coding,
it needs to transmit the power scaling factors with reliable digital method as in our scheme. There are 64 metadata
per each video frame. As the percentage of metadata is small, we do not actually transmit them in the evaluation
and assumes that the receiver could always obtain error-free metadata.
The third reference scheme Softcast+BM3D is to provide a post-processing for Softcast. The state of the art
internal image denoising algorithm BM3D is adopted as the post denoising method.
The fourth reference scheme Cactus is the state of the art joint source and channel coding scheme. In the
implemented Cactus, the advanced technique MCTF is not used for image transmission. The power allocation is
based on the equal size chunk division of the DCT coefficients. Noted that the transmitted data in Cactus is spatial
data after power allocation but not the coefficients, which can be utilized efficiently by the BM3D algorithm.
2) Overhead: In an analog visual communication system, a small amount of metadata is transmitted to assist
the receiver in computing the scaling factor. The metadata is send in digital mode, i.e. channel coding and digital
modulation. The typical overhead introduced by metadata is insignificant. In SoftCast and Cactus, the encoder sends
the variance of each chunk as metadata at 0.0078 bits/pixel. In DAC-Mobi, the additional MSB(Most Significant
Bits) of low frequenct coefficients are also sent for image retrieval, which causes a little bit increase of metadata
compared with Softcast and Cactus. In DAC-Mobi, we choose an appropriate coset interval and use run-length
coding to compress the additional overhead to 0.0007bits/pixel, thus the total overhead of DAC-Mobi is 0.0085
bits/pixel.
3) Result: The PSNR and SSIM under different channel SNR are shown in Fig. 8. More detailed comparison
can be found in Table. II. Due to the cliff effect of 802.11 PHY, the performance of Omni-JPEG shows a stair case
and lack of graceful adaptation with channel condition. Post denoising could improve the image quality, especially
on lower channel SNR. Since BM3D is designed for white Gaussian noise, the power allocation and IDCT could
destroy the white property. Therefore, Cactus could be better than Softcase+BM3D. In the proposed scheme, not
only the power efficiency could be improved by Coset coding, the cloud image denoising can be also utilized. That
is why our scheme outperform the reference schemes. Generally, the proposed scheme achieves 4.5 dB gain over
Omni-JPEG, 3.5 dB gain over Softcast, 3.2 dB gain over Softcast+BM3D and 2 dB gain over Cactus. The gain is
enlarging with decreasing SNR, achieving 4dB and 5dB over Cactus at channel SNR -5dB and -10dB, respectively.
The visual results with 5 dB AWGN channel are shown in Fig. 9. It is easy to observe that the proposed scheme
also achieve better visual quality than the reference schemes.
VII. C ONCLUSION
In this paper, a novel data-assisted communication of mobile image (DAC-Mobi) framework is proposed, Distributed Source Coding (DSC) and denoising are explored as two key techniques to exploit cloud information in
this framework. In the proposed scheme, the DSC divides the image to be transmitted into three layer bit planes, the
MSB of partial low frequency DCT coefficients are sent in digital modulation, the remaining MSB and all middle
bit plane are discarded to save transmission power, the LSB are transmitted in pseudo analog modulation. The
receiver uses digitally decoded MSB and analog demodulated LSB to recover a small down-sampled image, then
extracts features, and retrieves correlated (similar) image in cloud. The retrieved images are used for DSC decoding
and denosing. We further analyse how to select Coset coding parameter, and coordinate the power allocation and
external denosing. The proposed DAC-Mobi scheme can achieve 2-5dB PSNR gain compared to Cactus system,
and it can work at very low channel SNR, i.e., -10dB with a high perceived image quality, i.e., 25dB PSNR. Our
future work will investigate advanced DSC coding scheme and improve denoising performance at high SNR.
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