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Abstract— G-Cast is a wireless visual communication scheme
that conveys visual information via image gradient. It is inspired
by the characteristics of human vision systems and can pro-
vide improved perceptual quality. G-Cast is power efficient
but bandwidth demanding, because gradient data have double
the size of the original image. This paper presents a scheme
named CG-Cast for scalable image transmission in bandwidth-
limited wireless scenarios. It employs a compressive-gradient-
based image representation to describe perceptually sensitive
image details and reduce the bandwidth requirement at the
same time, combining gradient-based visual representation with
compressive sensing techniques. The compressive gradient data
are transmitted in a pseudo-analog way so that it achieves elegant
quality transition in a wide channel signal-to-noise ratio (CSNR)
range. CG-Cast also sends a small set of low-frequency data
in digital a way to provide the global and local luminance of
the image. We developed an effective optimization algorithm
for the decoder to reconstruct the original image from the
received noisy compressive gradient and the low-frequency part
of the image. Experimental results demonstrate that the proposed
scheme improves the quality of received images remarkably
under different CSNR and channel bandwidth conditions.

Index Terms— Wireless visual communication, perceptual
quality, image gradient, compressive sensing, limited bandwidth.

I. INTRODUCTION

CONVENTIONAL visual communication systems based
on separate source channel coding require the channel

capacity to be known at the time of encoding, in order
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to determine the coding bit rate. Once the compression is
done, such systems may work optimally only for a threshold
channel quality. If the actual channel quality drops below that
threshold, the decoding process may break down. In wireless
scenarios, however, the instantaneous channel condition may
fluctuate drastically and unpredictably. This brings big chal-
lenges, especially for wireless video broadcast.

Recently, uncoded transmission schemes (e.g.
SoftCast [1]–[3]) have been invented for wireless broadcast
scenarios and attracted much research interest [4]–[34]. Such
schemes first decorrelate image signals via spatial transform
and then send out the transform coefficients directly via
dense modulation based on a power allocation strategy,
leaving out the conventional quantization, entropy coding
and channel coding procedures. As a result, they achieve
graceful quality transition in a broad channel signal-to-noise
ratio (CSNR) range. In addition, they can serve multiple
receivers of different channel conditions simultaneously via a
single wireless transmission.

Just as most conventional communication systems, SoftCast
uses mean square error (MSE) of pixel intensities to measure
the fidelity of reconstructed image. Nevertheless, it is known
that MSE is not always coincident with the visual quality
perceived by human visual system [35], [36]. Research works
on image quality assessment show that a great deal of visual
information is contained in image gradients [37], [38]. Inspired
by such discoveries, Xiong et al. [39] propose G-Cast that
conveys visual information via image gradient. Compared with
SoftCast, G-Cast improves the perceptual quality significantly,
and it is quite power efficient.

However, G-Cast is bandwidth demanding because the
gradient field (consisting of the horizontal derivative and the
vertical derivative) has double data size of the original image.
In order to support bandwidth-limited scenarios, we need some
technique to compress the image gradient data. According to
the compressive sensing (CS) theory [40]–[42], a signal can
be measured at very low rate and get perfectly reconstructed,
as long as it is sparse in certain domain.

In this paper, we design a wireless visual communication
scheme that achieves appealing perceptual performance in
bandwidth-limited conditions. For this purpose, we utilize
compressive gradient to convey visual information, combining
the advantages of gradient-based visual representation and the
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Fig. 1. The G-Cast transmission scheme.

compressive sensing techniques. By applying random projec-
tion to gradient data, the data size can be significantly reduced.
The compressive gradients are transmitted in the pseudo-
analog way, so as to achieve graceful quality transition in a
wide CSNR range. The scheme is also bandwidth scalable in
that it can adapt the number of transmitted gradient measure-
ments according to available channel bandwidth. To provide
global and local luminance of image, the scheme also sends
a few low-frequency data in digital way. To reconstruct the
image from compressive gradient at the decoder, we develop
an effective optimization algorithm exploiting both the local
smoothness and the non-local similarity of natural images.

The remainder of this paper is organized as follows.
Section II reviews SoftCast and G-Cast, and explains the
motivation of our work. Section III describes the transmission
procedure of CG-Cast. Section IV addresses the problem for
image reconstruction from compressive gradient. Section V
discusses the numerical solution of the optimization problem.
Section VI reports experimental results and Section VII con-
cludes the paper.

II. BACKGROUND AND MOTIVATION

A. SoftCast

SoftCast [1]–[3] is an uncoded transmission framework
proposed to handle the dynamic channel quality variations
in wireless scenarios. It applies a linear transform (e.g.
DCT) to decorrelate the image signal, producing a stream
of coefficient numbers. To transmit these coefficients through
wireless channels with minimum distortion, SoftCast scales
them individually and whiten the whole stream by Walsh-
Hardmard Transform (WHT), and then modulate the resulteing
numbers directly to a dense constellation for transmission.
The scaling factors are determined by a power-distortion
optimization procedure, and described by a limited number
of metadata and sent to the receiver. Decorrelation transform
and power allocation are the two key procedures that bring
significant performance gain and enable SoftCast to achieve
good performance [29].

B. G-Cast

One limitation of SoftCast is that it is designed using
MSE as the quality metric. It is well known, however, MSE
does not reflect well the visual quality perceived by human
eyes [35], [36]. Inspired by the recent researches in image
quality assessment (IQA) that image gradient is more relevant

to perceptual quality, Xiong et al. [39] propose G-Cast to
convey visually sensitive image details by sending the image
gradient.

The G-Cast scheme contains two layers, as illustrated by
Fig. 1. In the gradient layer, G-Cast converts the image
into gradient field and sends it out via the pseudo-analog
transmission techniques like SoftCast, using dense modulation
and OFDM. In the base layer, G-Cast sends a small set of low-
frequency coefficients in digital way, in order to provide the
local luminance of each region. At the receiver side, G-Cast
recovers the gradient values and the image via a gradient based
reconstruction (GBR) procedure. Refer to [39] for further
details.

C. Advantages of G-Cast

G-Cast has two major advantages. The first one is that
G-Cast greatly improves the perceptual quality of transmitted
images, as demonstrated in [39], because the gradient-based
image representation adopted by G-Cast takes the characteris-
tics of human vision system (HVS) into consideration.

Another advantage is that G-Cast is power efficient. Accord-
ing to the analysis presented in [28], the performance of
pseudo-analog transmission (like SoftCast) can be formulated
by

Dtotal = σ 2
n

Ptotal

��
i

�
E

�
x2

i

��2

. (1)

Here Ptotal is the total transmission power, Dtotal is the total
reconstruction distortion, σ 2

n is the variance of channel noise,
xi is the i -th element of random vector signal x, E(·) stands
for expectation, and E

�
x2

i

�
is called the “energy” of xi . Xiong

et al. [39] define

H (x)
�=

�
i

�
E

�
x2

i

�
(2)

as the “activity” of a random source x, in order to measure
the cost of transmitting x through a noisy wireless channel.
Under a fixed transmission power Ptotal and channel condition
σ 2

n , higher H (x) implies higher distortion or lower power
efficiency. Obviously, by applying gradient operator to an
image x, the “activity” of transmission signal can be signifi-
cantly reduced since the “energy” of the signal elements are
attenuated. This is because, for most natural images, the low-
frequency components contain majority of the image’s signal
energy. Gradient operator is a high-pass filter that retains the
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Fig. 2. The CG-Cast transmission scheme.

high-frequency components but suppresses the low-frequency
components significantly.

D. The Limitation of G-Cast

A limitation of G-Cast is that it needs to deliver both the
horizontal and the vertical derivatives. Obviously, the amount
of transmitted data sent by G-Cast is twice as large as that sent
by SoftCast, although G-Cast is indeed more power-efficient.
Therefore, G-Cast takes up more channel bandwidth resource
than the previous pseudo-analog transmission schemes. The
original G-Cast work [39] did not address the transmission
problem under a limited-bandwidth constraint.

III. COMPRESSIVE GRADIENT BASED SOFTCAST

A. Potential Solutions

When the available bandwidth is limited, SoftCast may
reduce the data size by dropping the coefficients of least
energy, without affecting the reconstruction performance sig-
nificantly. In G-Cast, however, it is difficult to find such
unimportant data, since the gradient transform cannot diversify
the importance of different data elements as DCT does in
SoftCast. However, we find another way to compact the data,
exploiting the sparsity of image gradient. The compressive
sensing (CS) theory shows that a signal can be well recovered
from measurements sampled at a much lower rate than Nyquist
rate, if the signal can be sparsely represented in some domain.
This provides a solution for using G-Cast in bandwidth-limited
condition.

It is interesting to note that, in terms of power-distortion
efficiency, it would not be a good choice to apply compres-
sive sensing directly to the image pixels and send out the
measurements in the SoftCast way through noisy wireless
channel. This is because the random projection matrix does
not have the capability of signal decorrelation or energy
compaction. On the contrary, the random projection in CS
actually almost equalizes the energy of all measurements and
makes it impossible to conduct efficient power allocation. See
[28] and [29] for a theoretical analysis on transform gain and
power allocation for uncoded transmission schemes.

B. The Transmission Scheme

Considering the advantages and disadvantages of G-Cast
and CS respectively, this paper employs random projection
(RP) to compress the image gradients before they are transmit-
ted, so that the channel bandwidth occupation can be lowered.

The proposed scheme is expected to achieve improved percep-
tual performance in bandwidth-limited and power-constrained
conditions. We call the scheme Compressive Gradient based
SoftCast (CG-Cast).

The CG-Cast scheme is illustrated in Fig. 2. The CG-Cast
sender first extracts gradient field from the input image via
gradient transform (GT), which simply calculates the hori-
zontal and vertical intensity derivatives at each pixel. It then
divides the gradient data into blocks of size N ×N and applies
random projection (RP) on each block to generated compres-
sive gradient measurements. The RP matrix �B ∈ R

n×N2
is

an orthonormal Gaussian random matrix [43], in which each
element is independently Gaussian distributed. Here n is the
number of gradient measurements to transmit for each block,
and the random projection ratio rp = n/N2. The gradient
measurements are organized into a stream of real numbers, and
sent directly through OFDM channel via dense modulation,
as done in [39]. Note that the random matrix is assumed to
be known by both the encoder and the decoder and does not
need to be transmitted via communication channel, since it
can be generated in the same way at both the sender and the
receiver. Furthermore, the sampling rate is controlled by n,
the number of rows in �B, and can be adjusted for different
channel bandwidth scenarios.

Besides the compressive gradients, CG-Cast also sends a
low-frequency part of the image to provide global and local
luminance of each region. For this purpose, it first transforms
the original image to Fourier domain and extracts a small block
of its low-frequency coefficients. It then converts this low-
frequency coefficients block to an equivalent low-resolution
image, via inverse Fourier transform. Then it compresses this
low-resolution image into a bitstream of B bits via an existing
image coder, and send it out via digital transmission using
strong FEC protection, so that the receiver can recover the
low-frequency components with sufficiently high probability.
This paper adopts a 1

2 -rate channel code, which produces a
channel-coded bitstream of 2B bits. We use BPSK modulation
so that the bitstream is mapped to 2B complex numbers for
OFDM transmission. It is equivalent to 4B real numbers in
terms of bandwidth usage.

Suppose the size of the original image is H × W , but the
available bandwidth only allows to transmit C real numbers.
We denote the available bandwidth ratio as α = C

H W . As
explained before, the transmission of low-frequency part takes
the bandwidth of 4B real numbers, hence the bandwidth
left for gradient transmission is C − 4B . Since gradient
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data consists of horizontal gradients and vertical gradients,
the total size of gradient data is 2H W . Therefore, the random
projection ratio rp should be selected by

rp = C − 4B

2H W
= 1

2
α − 2

B

H W
. (3)

Note that B
H W is the bit-rate (bits per pixel) of the low-

frequency image part, measured in terms of the original image
size.

The CG-Cast receiver first retrieves the gradient
measurements from the noisy OFDM signal, and reconstruct
the low-resolution image from the bit-stream. It transforms
the low-resolution image to Fourier coefficients and uses
them to estimate the low-frequency components of the
original image. The CG-Cast decoder finally reconstructs the
transmitted image from the noisy compressive gradient and
the low-frequency data, via a carefully designed optimization
algorithm, as we shall describe in the next section with
details.

IV. COMPRESSIVE GRADIENT BASED IMAGE

RECONSTRUCTION

Let Dv and Dh be the vertical and the horizontal gradient
operator, respectively. We use �v and �h to denote the effect
of block-wise random projection on the whole vertical and
horizontal gradient image. The gradient measurements are
influenced by channel noises during transmission, as formu-
lated by:

mv = �v · Dvx + nv, mh = �h · Dhx + nh, (4)

where x is the original image, mv and mh are the received
measurements, nv and nh are assumed to be white Gaussian
noise. We write

� =
�
�v

�h

	
, D =

�
Dv

Dh

	
, m =

�
mv

mh

	
(5)

for simplicity.
We aim to reconstruct the image x from the noisy mea-

surements m and the low-frequency part. This is a highly ill-
posed inverse problem. Therefore, it is important to exploit
prior knowledge of natural images in order to choose the
optimal solution of reconstruction. The proposed algorithm is
built upon two observations. First, natural images usually have
very sparse gradient field. Second, natural images usually have
strong local correlation and non-local similarity.

A. Basic Approach

Since gradient data is the main ingredient to reconstruct
the image, a straightforward method is to first recover the
gradient from the received noisy compressive gradient mea-
surements, and then use the obtained image gradient and the
low-frequency data to reconstruct the image. In this way,
the recovery of gradient data is essentially a CS decoding
problem. It requires the signal to be sparse in certain domain.
Considering the sparsity of image gradient, we handle the
problem by

g̃ = min
g

�
i

�gi�p + μ1

2
��g − m�2

2, (6)

where gi = Di x ∈ R
2 represents the gradient vector of x at

pixel i , g = Dx, p is typically set to be 1 or 2, ��g − m�2
2

is l2-norm data-fidelity term, and μ1 is the regularization
parameter.

After the image gradient is obtained and the low-frequency
coefficients available, the image is reconstructed via

x̃ = min
x

�Di x − g̃�2
2 + μ2

2
�E ◦ F(x) − L�2

2, (7)

where L is the low-frequency coefficients of x, F stands for
2-dimensional (2D) Fourier transform (DFT), E represents the
matrix to extract the low frequency coefficients, and ◦ denotes
component-wise multiplication.

B. Joint Sparsity Regularization in Dual Domains

The reconstruction in (7) relies on an accurate estimate for
gradient in (6). However, CS reconstruction procedure in (6)
is sensitive to noise, thus may fail in low CSNR conditions.
We combine (7) and (6) into a single optimization:

x̃ = min
x

�
i

�Di x�2 + μ

2
�� · Dx − m�2

2

s.t. E ◦ F(x) = L. (8)

Taking one step further, since our ultimate goal is to recon-
struct visually pleasant images, it is worth exploiting the
sparsity of the latent reconstruction image besides that of
gradients. Motivated by the success of nonlocal means [44]
and subsequent works [45]–[55], this paper utilizes the non-
local similarity of natural images to obtain highly sparse
presentation of the image. We non-locally search for simi-
lar patches, stack them into patch group, and perform 3D
transform on the patch group as done in BM3D [45]. The
resulting coefficients are highly decorrelated and sparse. We
denote the i -th patch group in x by Gx

i , and let T3D be the
3D transform applied to patch groups. Then we can formulate
the regularization term as

�(x) =
�

i



ηi ◦ T3D
�
Gx

i

�


1 , (9)

where ηi is the weight matrix for Gi .
Exploiting the sparsity of both 3D transform coefficients and

gradient data, estimate of the original signal x is formulated
as

min
x

�
i

�Di x�2 + �(x) + μ

2
�� · Dx − m�2

2

s.t. E ◦ F(x) = L, (10)

where μ is the regularization parameter controlling the trade-
off between the competing terms, and �Di x�2 is isotropic
gradient regularization corresponding to �gi�p in (6) with
p = 2. The improvement of reconstruction based on (10)
over that based on (8) will be empirically demonstrated in
Section VI.
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C. Bayesian Interpretation

In Bayesian framework, (10) can be interpreted as maximum
a posterior probability (MAP) estimate of x. We empirically
consider that the gradient data and the 3D-transform coef-
ficients conform to Laplace distribution. Since statistics of
the coefficients in different 3D-transform bands may vary
dramatically, we model the distribution of each coefficient
separately. This paper uses a 3D block Si of the same size
as Gi to record the standard deviation values of coefficients
in Gi , i.e. the j -th element in Si is the standard deviation of the
j -th coefficient in Gi . Following the mathematical derivation
in [56], the MAP estimate of x is

x̃ = min
x

√
2

σ�

�
i

�Di x�2 +
�

i







√

2

Si
◦ T3D

�
Gx

i

�





1

+ 1

2σ 2
n

�� · Dx − m�2
2, (11)

where σ� is the standard deviation of the gradients, σ 2
n is the

variance of the Gaussian white noise, which is decided by
CSNR and the energy of the transmitted signal. Comparing
(10) and (11), we have

μ = σ�√
2σ 2

n

, ηi = σ�

Si
. (12)

In practice, we can estimate σ� using gradient data of the
whole image at the sender, and estimate Si using a pilot image
x̃ (which can be initialized by (8)) at the receiver.

V. NUMERICAL SOLUTIONS

In order to solve the optimization problem (10), we adopt
variable splitting technique [57], [58] to transform (10) into

min
x

�
i

�wi�2 + �(y) + μ

2
��z − m�2

2

s.t. E ◦ F(x) = L, wi = Di x, y = x, w = z (13)

by introducing the auxiliary variable w, y and z, where w is the
lexicographically stacked version of wi , and wi = [wv

i ; wh
i ].

The corresponding augmented Lagrange function writes:

LA(x, w, y, z) =
�

i

�wi�2 + β

2
�w − Dx�2

2 − λT(w − Dx)

+ �(y) + τ

2
�x − y�2

2 − ωT(x − y)

+ μ

2
��z − m�2

2 + γ

2
�w − z�2

2 − θT(w − z)

+ δ

2
�E ◦ F(x) − L�2

2 − ρT(E ◦ F(x) − L),

(14)

where δ, β, γ and τ are regularization parameters; ρ, λ, θ and
ω are Lagrange multipliers associated with the constraints. The
problem can be solved by solving (15) and (16) iteratively:�

x(k+1), w(k+1), y(k+1), z(k+1)

�
= min

x,w,y,z
LA

�
x(k), w(k), y(k), z(k)

�
(15)

ω(k+1) = ω(k) − τ(k)(x − y),

λ(k+1) = λ(k) − β(k)(w − Dx),

Algorithm 1 The Proposed CGBR Algorithm
Data: measurements m, low-frequency coefficients L,

σ�, σn .
Initialize x̃ via (8);
ω = λ = θ = ρ = 0;
Choose μ according to (12);
while Outer stopping criteria unsatisfied do

while Inner stopping criteria unsatisfied do
Obtain w by computing Eq. (19);
r = x̃ − ωT/τ ;
Choose η according to (12);
for k = 1, 2 · · · , K do

Obtain group Gr
k via block matching;

Zr
k = T3D(Gr

k);
Calculate Zy

k by (24);
G̃y

k = T −1
3D (Zy

k );
end
Aggregate groups G̃y

k into ỹ;
Obtain z by solving (25);
Obtain x̃ by calculating (29);

end
Update multipliers ω,λ, θ ,ρ by Eq. (16);

end
Result: Reconstructed image x̃.

θ (k+1) = θ (k) − γ(k)(w − z),

ρ(k+1) = ρ(k) − δ(k)(E ◦ F(x) − L), (16)

where k is the iteration number. We adopt alternating direction
techniques [59], [60] to decompose (14) into w-problem, y-
problem, z-problem and x-problem, each of which can be
solved by existing techniques effectively.

A. w-Problem

When x, y and z are fixed, the optimization problem
associated with w reduces to

arg min
w

LA(w)

= arg min
w

�
i

�wi�2 + β

2
�w − Dx�2

2 − λT(w − Dx)

+ γ

2
�w − z�2

2 − θT(w − z)

= arg min
w

�
i

�wi�2 + β + γ

2
�w − ��2

2, (17)

with

� = β

β + γ


Dx + λT

β

�
+ γ

β + γ


z + θT

γ

�
. (18)

The solution to (17) is a shrinkage operation:

wi = shrink(���2,
1

β + γ
) · �

���2
, (19)

where shrink(x, b) = max(|x | − b, 0) · sgn(x).
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Fig. 3. PSNR results of simulated transmissions for different CSNRs with bandwidth ratio α = 0.8.

Fig. 4. PSNR results of similated transmissions for different bandwidth ratios with CSNR = 4dB.

B. y-Problem

Fixing w, x and z, the y-problem can be rewritten as:

LA(y)=
�

i



ηi ◦ T3D
�
Gy

i

�


1+ τ

2





y −


x − ωT

τ

�




2

2
, (20)

Let r = x − ωT/τ , which can be regarded as a noisy
observation of y. Suppose N is the size of image, K is the total
number of the groups generated by block matching over the
whole image, and i is the group index. Assume that elements
of u − r conform to an i.i.d zero-mean distribution, and that
every pixel appears in the groups equally frequently, then it
can be inferred that

�y − r�2
2 = ι

K�
i



Gy
i − Gr

i



2
2 , ι = N

k2 × M
. (21)

Suppose Z = T3D(G), we have

Gy
i − Gr

i



2
2 = 

Zy

i − Zr
i



2
2 (22)

since the transform is orthonormal. Then (20) is equivalent to

LA(Zy) =
K�
i

�

η ◦ Zy
i




1 + τ ι

2
�Zx

i − Zr
i �2

2

�
. (23)

The solution is a component-wise shrinkage operation:

Z̃y
i = max(

��Zr
i

�� − η

τ ι
, 0) · sgn(Zr

i ). (24)

After this, the estimated y can be obtained by taking inverse
transform for every Z̃y

i , putting back the patches and perform-
ing weighted average.

C. z-Problem

With w, x and y fixed, the z-problem can be rewritten as:

LA(z) = ��z − m�2
2 + γ

μ






z −
�

w − θT

γ

�





2

2

, (25)

which is a quadratic function and it is standard to use the
deepest descent method to tackle it:

z̃ = z − s · d, (26)

where s is the step length and d is the gradient direction of
the objective function:

d = �T (�z − m) + γ

μ

�
z −

�
w − θT

γ

��
. (27)

x̃ = F−1

⎛
⎝F∗(D) ◦ F

�
w − λT

β

�
+ τ

βF
∗(I ) ◦ F

�
y + ωT

τ

�
+ δ

β

�
L + ρT

δ

�
F∗(D) ◦ F(D) + τ

βF∗(I ) ◦ F(I ) + δ
β · E

⎞
⎠. (29)
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Fig. 5. SSIM results of simulated transmissions for different CSNRs with bandwidth ratio α = 0.8.

Fig. 6. SSIM results of simulated transmissions for different bandwidth ratios with CSNR = 4dB.

Fig. 7. Average GSNR results of 15 natural images. Left: average GSNR for different CSNR with bandwidth ratio α = 0.8; right: average GSNR for different
bandwidth ratios with CSNR = 4dB.

D. x-Problem

Suppose w, y and z are known, the corresponding x-problem
can be simplified as

LA(x) = β





Dx − w + λT

β






2

2
+ τ





x − y − ωT

τ






2

2

+ δ





E ◦ F(x) − L − ρT

δ






2

2
, (28)

which can be solved very efficiently in the Fourier transform
domain, see Eq. (29), as shown at the bottom of the previous
page, where I is the identity matrix.

We summarize the main procedures of the reconstruction
using compressive gradient in Algorithm 1.

VI. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the proposed
CG-Cast, and compare it with existing schemes. We also

test several technical modules of CG-Cast to analyze the
performance gain of each module.

A. Experiment Settings

We evaluate the effectiveness of CG-Cast by comparing
it with SoftCast and CS in bandwidth confined and power
limited scenarios. G-Cast is not compared here because it
cannot reduce the data size. To make fair comparison, the three
schemes are tested under the same CSNR conditions to trans-
mit equal amount of data for reconstruction, using equivalent
power and bandwidth. The SoftCast scheme employs whole-
frame DCT for decorrelation and uses 64 equalsize chunks for
power allocation, and the implementation of CS reconstruction
is based on TVAL3 [59]. With α varying from 0.6 to 1.0 and
CSNR ranging from 4dB to 12dB, we tested 15 natural images,
including Parrot (768 × 512), Sailboats (768 × 512), Window
(512 × 768), Lena (512 × 512), and Caps (512 × 768) etc.
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Fig. 8. Reconstructed Cameraman for CSNR = 4dB. From left to right: results of CS, SoftCast and CG-Cast. From top to down: α = 0.6 and α = 1.0.

Fig. 9. Reconstructed Parrot for CSNR = 4dB. From left to right: results of CS, SoftCast and CG-Cast. From top to down: α = 0.6 and α = 1.0.

In the implementation, the gradient image is divided into
blocks of 64 × 64 to conduct random projection. In order to
effectively convey the low-frequency data, the digital stream of
the low-resolution image generated from low-frequency DFT
coefficients is compressed via PNG format.

We use structural similarity (SSIM) as the main qualitative
measurement, because it may better reflect visual quality than
other popular measurements like peak signal-to-noise ratio
(PSNR) [35], [61], [62]. Besides, since CG-Cast aims to
achieve better perceptual quality via minimizing distortion of
gradients, we also evaluate the reconstruction results by means
of gradient signal-to-noise ratio (GSNR). The GSNR index is
just the standard SNR calculated by gradient data, i.e.

GSNR(x, x̃) = 10 · lg

�
σ 2

�Dx − Dx̃�2
2

�
. (30)

where σ 2 is the gradient variance of the original image, and
�Dx − Dx̃�2

2 is the mean square error of the gradient data
from the reconstructed image.

B. Overall Performance

The performance is mainly influenced by two factors, i.e.
CSNR and bandwidth ratio. Given a certain CSNR condition,
higher bandwidth ratio leads to better performance, because
more visual information of the original image is provided for
reconstruction. Given a fixed bandwidth ratio, higher CSNR
results in better performance, in that higher CSNR means
lower noise level in the transmission process.

This paper reports PSNR in Fig. 3. The average PSNR
of CG-Cast higher than SoftCast when CSNR is below
10dB, but is inferior to SoftCast otherwise because it is not
optimized w.r.t. MSE of pixels. Fig. 5 and Fig. 7 show that,
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Fig. 10. Reconstructed Sailboats for CSNR = 4dB. From left to right: results of CS, SoftCast and CG-Cast. From top to down: α = 0.6 and α = 1.0.

Fig. 11. Reconstructed Peppers for CSNR = 4dB. From left to right: results of CS, SoftCast and CG-Cast. From top to down: α = 0.6 and α = 1.0.

in average, CG-Cast evidently outperforms SoftCast and CS
in terms of SSIM and GSNR at different bandwidth ratios
and different CSNR conditions. Comparing with SoftCast in
different channel conditions, the average SSIM gain of CG-
Cast on all the tested images varies from 0.05 to 0.17, and
the average GSNR gain ranges from 1dB to 2.5dB. The gain
is more significant when CSNR is low. CS is rather unstable
in power limited conditions due to the inefficiency in power
usage, while SoftCast performs better than CS because of its
effective power allocation.

Fig. 8, 9 and Fig. 10 demonstrate perceptual improvement
of the proposed scheme over the two baselines in a certain
CSNR condition with different bandwidth ratios. Fig. 11 shows
reconstruction results of SoftCast and CG-Cast in different
CSNR conditions at a certain bandwidth ratio. It is evident
that the reconstructed images of CG-Cast are clearer with
most noise removed, while the results of SoftCast suffer from
obvious low-frequency noise, and the reconstruction of CS
exhibits severe distortions.

Besides, to show the relative contribution of the gradient
sparsity (GS) regularization in (8) and the 3D-transform
domain sparsity (3DTS) regularization in (9) to the overall
performance of the joint dual domain sparsity regularization
(DDS) in (10), we plot the reconstruction performance of
CG-Cast using DDS and that using GS or 3DTS separately
in Fig. 12. It is obvious that the proposed DDS is more
effective than GS and 3DTS. The PSNR gain of GS and 3DTS
is about 2dB and 1dB respectively, and the SSIM gain is about
0.05 for both of the regularization terms.

C. Impact of the Number of Low-Frequency Coefficients

There are two aspects in the impact of the number of
low-frequency coefficients. Choosing the number of such
coefficients is not only a tradeoff in transmitting different
components of image contents (i.e. low-frequency data and
gradient data), but also a tradeoff in allocating bandwidth for
different ways of transmission (i.e. digital transmission and
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Fig. 12. Reconstruction performance of CG-Cast using dual domain sparsity (DDS), gradient sparsity (GS) and 3D-transform domain sparsity (3DTS) at
different bandwidth ratios when CSNR = 4dB. The curves are averaged results on 4 test images (Peppers, Parrot, Window and Lena).

Fig. 13. Reconstruction performance of CG-Cast using different amount of low-frequency coefficients. Here “1.56% coefficients” means that the number of
transmitted low-frequency coefficients is 1.56% of all coefficients. The results are obtained with 4 test images (Peppers, Parrot, Window and Lena).

TABLE I

BANDWIDTH ALLOCATION BETWEEN THE LOWPASS DATA AND THE GRADIENT DATA. B : THE NUMBER OF BITS FOR ENCODING

OF LOWPASS DATA. R: BITRATE (BPP) OF LOWPASS DATA. PL : PERCENTAGE OF BANDWIDTH USED BY LOWPASS DATA.
PG : PERCENTAGE OF BANDWIDTH USED BY GRADIENT DATA

pseudo-analog transmission). On the one hand, more low-
frequency coefficients can provide more information about the
global and regional luminance, but meanwhile, they occupy
more channel bandwidth and thus reduce the bandwidth for
gradient data, leading to loss in important visual information.
On the other hand, more low-frequency coefficients means
that, more bandwidth is used for digital transmission, which
can be effective in terms of power-distortion performance
but suffers from threshold effect; and correspondingly, less
bandwidth is used for pseudo-analog transmission, which is
not so effective in power-distortion performance but pro-
vides graceful transition for different CSNR. We plot the
performance of CG-Cast with different numbers of transmit-
ted coefficients in Fig. 13. It is evident that, in terms of
PSNR and SSIM scores, by transmitting more low-frequency
data we can achieve better results when CSNR is relatively
low but worse results when CSNR is relatively high. Since
the provided gradient information reduces, the GSNR score
constantly decreases as the number of low-frequency data
increases.

Since there does not seem to exist an optimal setting for
all the channel conditions, this paper takes into account the
overall performance in different conditions and empirically
chooses the number of low-frequency coefficients as 1.56%
of the number of pixels, i.e. if the image is H × W , we utilize
the �H/8� × �W/8� low-frequency DFT coefficients. Table I

shows the allocation of bandwidth between the low-frequency
part and the gradient part.

VII. CONCLUSIONS

Recent IQA research works demonstrate that image gra-
dients contain visual-sensitive information, hence delivering
gradient data can be more perceptually efficient than conven-
tional visual communication ways of sending pixel intensi-
ties or DCT coefficients. In order to handle wireless commu-
nication scenarios where the channel bandwidth and power are
both limited, this paper presents a scheme called CG-Cast to
transmit random projection measurements of gradient data so
as to reduce required bandwidth. CG-Cast is scalable, power-
efficient and perceptual friendly. The paper also develops an
effective reconstruction algorithm exploiting both the local
and non-local sparsity of natural images. Experimental results
demonstrate that the CG-Cast scheme outperforms SoftCast
in terms of SSIM and GSNR, and more importantly, achieves
better visual quality.
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