Signal Processing: Image Communication 29 (2014) 361–374

Contents lists available at ScienceDirect

Signal Processing: Image Communication
journal homepage: www.elsevier.com/locate/image

Compressive image broadcasting in MIMO systems
with receiver antenna heterogeneity
Xiao Lin Liu a, Wenjun Hu b, Chong Luo b,n, Feng Wu b
a
b

University of Science and Technology of China, Hefei, China
Microsoft Research Asia (MSRA), Beijing, China

a r t i c l e i n f o

abstract

Article history:
Received 6 February 2013
Accepted 9 January 2014
Available online 24 January 2014

In this work we consider image delivery in MIMO broadcast networks with diverse
channel quality and varying numbers of antennas across receivers. In such systems,
performance is normally constrained by the weakest users with either a low channel SNR
or only a single receive antenna. To address both dimensions of heterogeneity, we propose
a new analog image delivery system that adapts seamlessly along both dimensions
simultaneously. Our sender scales the DWT coefficients according to a power allocation
strategy, and generates linear combinations of the coefficients using compressive sensing
(CS), before transmitting them with amplitude modulation. On the receiving side, the
received physical layer symbols are passed directly to the source decoder without
conventional MIMO decoding, and the DWT coefficients are recovered using a CS decoder.
There are two main contributions of our system. First, integrating CS into MIMO
transmission ensures that the reconstructed image quality at the receivers is commensurate with both the channel SNR and the MIMO channel dimension. Second, we introduce a
power allocation strategy to achieve a performance tradeoff between receivers with
different antenna numbers. Experimental results show that the proposed system outperforms both the analog reference SoftCast and the conventional digital system known as
HM-STBC. The average gain is 2.92 dB over SoftCast for single-antenna users and 1.53 dB
over HM-STBC for two-antenna users.
& 2014 Elsevier B.V. All rights reserved.
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1. Introduction
Multimedia broadcasting has recently attracted a great
deal of research interest [1,2] along with growing wireless
communication capabilities [3,4] and the demand for
audio and video streaming [5]. However, broadcast systems traditionally suffer from heterogeneous channel
conditions across receivers. A transmission scheme should
normally ensure that all receivers can receive broadcast
information, resulting in the system performance often
n
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being constrained by the worst channel. This is likely to be
exacerbated in future systems featuring multiple-input–
multiple-out (MIMO) technologies, which have increasingly become building blocks for high-capacity wireless
link technologies such as 802.11n [3], WiMAX [4], and
3GPP LTE [6]. Devices in such networks may be equipped
with varying numbers of antennas. We refer to this as
receiver antenna heterogeneity.
Fig. 1 shows an example scenario. With two antennas,
the base station can send two concurrent blocks of
information that are either distinct, to achieve a higher
rate, or duplicate, for better reliability. The former is only
possible if the receiver also has two antennas. If we design
a system based on the higher rate capability of the twoantenna receiver B1, the single-antenna receivers, A1 and
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Fig. 1. A MIMO broadcast system with receiver antenna heterogeneity.

A2, are likely to get no information, since they would have
to solve an under-determined linear system. Conversely,
some of B1's channel capacity would be wasted. Ideally, we
need a transmission strategy so that both types of users
can receive information whose quality is commensurate
with the antenna setting and channel SNR simultaneously.
Some previous work has considered channel SNR
heterogeneity or antenna heterogeneity. Hierarchical modulation (HM) schemes [7,8] and SoftCast [9,10] consider
SNR heterogeneity for single antenna systems. Although
the latter can achieve a smooth rate increase with the
channel SNR (CSNR), it does not readily extend to addressing antenna heterogeneity. Diversity embedded space
time code [11], designed for a broadcast system with four
transmit antennas and varying receive antenna numbers,
does address the antenna heterogeneity issue. The scheme
separates the source into layers of different priorities, and
superimposes different layers by embedding a high diversity code within a high rate code. Each receiver derives an
amount of information matching its antenna number.
Various superimposed MIMO codes have also been
designed for cooperative channels [12], 2  1 MIMO [13]
and 2  2 MIMO systems [14]. In these schemes, the strong
users are expected to decode both layers of data with the
help of relay nodes or good channel conditions, with weak
users only able to derive the base layer. As with HM,
however, only a few discrete levels of recovery quality can
be achieved in all these schemes, and the bandwidth of the
weak receivers is reduced by the transmission of lowpriority data.
In this work we devise a new analog image broadcast
system in such MIMO systems with receiver antenna
heterogeneity. As in conventional systems, the raw image
is first decomposed into compressible wavelet coefficients
to remove spatial correlation. Unlike conventional systems
which proceed with quantization and entropy coding, our
system employs a power allocation strategy to redistribute
the transmit power among coefficients of different wavelet
bands. This step scales the coefficients with respect to their
contribution to the total distortion and balances the performance tradeoff between the single-antenna and twoantenna users. The scaled coefficients are then sampled by a
Hadamard matrix to generate linear combinations of wavelet coefficients, or measurements, before proceeding with
amplitude modulation (AM) and pseudo-analog transmission. By pseudo-analog, we mean that the transmission is
actually implemented on digital communication hardware

but the constellation is much denser and the performance
of AM is analogous to that in analog transmission. At the
receiver, the received physical layer symbols are passed
directly to the image decoder without conventional MIMO
receiver processing, and the wavelet coefficients are decoded
using a weighted l1-minimization based decoding algorithm
[15]. Finally, the image is recovered after an inverse wavelet
transform.
Our system design makes two major contributions.
First, our system addresses the two dimensions of heterogeneity simultaneously by integrating compressive sensing (CS) into MIMO transmission. By applying CS,
receivers with an insufficient number of antennas can
solve the under-determined problem with an approximate
solution. The decoding performance scales with the quality and the number of received measurements which is
determined by the CSNR and the antenna setting respectively. While the generic framework has proved feasible in
our previous work using an abstract statistical source
model [16], the work in this paper considers performance
optimization for a practical end-to-end system for image
transmissions. Second, we introduce a power allocation
strategy to achieve a performance tradeoff between singleantenna and two-antenna users in a way that is more
flexible than in conventional digital systems. Our system is
evaluated with extensive simulations and compared to an
extension of SoftCast to MIMO systems and two conventional layered source-channel schemes.
The rest of the paper is organized as follows. We
discuss background and related work in Section 2.
Section 3 describes the proposed compressive image
broadcast system. The system performance is evaluated
through simulation in Section 4 and Section 5 concludes
the paper.
2. Background and related work
2.1. Multi-antenna systems
Due to their high spectral efficiency or improved
reliability, MIMO technologies have been increasingly
incorporated as an important building block for next
generation wireless networks [3,4,6]. By exploiting the
spatial dimension across multiple antennas at the sender
and the receiver, MIMO could potentially improve a wireless system's capacity, range and reliability [17–19]. In such
a setup, each of the nt transmit antennas could transmit an
independent packet fragment, called a spatial stream,
concurrent with other antennas. Each of the nr receive
antennas would measure a linear combination of the
transmitted signals. The original streams could be decoded
as long as enough linear combinations are received, i.e.,
nr Z nt , through a process analogous to solving simultaneous linear equations. This is referred to as spatial multiplexing. The maximum number of streams that can be
supported is M ¼ minðnt ; nr Þ. This nt  nr system could
potentially achieve M times the 1  1 rate.
Even with a single antenna at the receiver end, but
multiple antennas on the transmitter, the system could
benefit from improved reliability, or diversity gain, by
having antennas transmit redundant information. Even
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better, more diversity could be achieved through spacetime block codes (STBC) [19]. The Alamouti scheme provides an example for the 2  1 case [20], extending over
two time slots, where the two antennas transmit the
symbols x1 and x2 in the first time slot, and  xn2 and xn1
in the second slot.
A fundamental challenge of point-to-point MIMO
transmission lies in how to derive the optimal diversitymultiplexing tradeoff [21]. For broadcasting, there is also a
performance tradeoff among different users. First, if all
users have the same number of antennas, the tradeoff is
mainly across different CSNRs. Assuming a rich scattering
environment that favors MIMO, the situation is then
analogous to traditional single-antenna broadcast systems,
where sufficient reliability must be provided for the
lowest-SNR users. Second, if receivers have varying numbers of antennas, i.e., there is receiver antenna heterogeneity, the transmitter is constrained to a single spatial stream
to ensure decoding at the single-antenna receivers. Therefore, the system can only benefit from diversity gain from
the extra transmit antennas, and the multiplexing capacity
of multi-antenna users would be wasted. This exacerbates
the heterogeneity challenge in a broadcast system. We
need a scheme that will strike a balance between achieving diversity gain for low-SNR or single-antenna users and
multiplexing gain for multi-antenna users when channel
condition permits.
2.2. Layered source-channel schemes
In conventional broadcast systems, the overall performance tends to tailor to the receiver with the worst
channel condition, since every user in the system needs
the broadcast content. In a multimedia broadcast system,
multi-resolution coding is often used to successively refine
the source rate-distortion tradeoff, such as the Scalable
Video Coding (SVC) extension of H.264 [22] and JPEG2000
[23,24]. The entropy coded bits are separated into layers
with varying levels of importance. The base layer data are
always expected to achieve acceptable quality, while
higher quality is derived from the enhancement layers
for users with sufficient channel conditions.
At the channel, superposition coding is recognized as an
efficient approach [7,8] to deal with diverse channel conditions in a broadcast system. The PHY implementation of
superposition coding is also known as hierarchical modulation
(HM), where part of the symbol is decoded first and its effects
are removed before the remaining symbol is decoded. Multiresolution coding at the source naturally combines with
superposition coding at the channel, such that layered source
data with different priorities are mapped to different parts of
the HM symbol. The weak receivers only aim to decode highpriority but low-quality content, while strong receivers are
also expected to decode the enhancement layers.
There have been several efforts to combine superposition coding with multi-antenna technologies. For multiple-input–single-output (MISO) systems, it is natural to
transmit HM modulated signals with STBC to harness
diversity gain [25,26]. For MIMO systems, the main issue
is whether users with good channel conditions can derive
multiplexing gain. Given that a pure spatial multiplexing
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scheme is too aggressive for low-SNR users, a number of
schemes[11,14,12] have been proposed to use multiplexing
and STBC for different parts of an HM symbol, corresponding to different source layers. The more important data are
sent via STBC to ensure reliable transmission, while the
less important data, coded at a higher rate, are sent via
spatial multiplexing.
However, these layered source-channel schemes only
alleviate the cliff effects of digital systems and introduce
new design challenges. First, multi-resolution coding
imposes a particular decoding order and dependency
between layers, and the bandwidth of the weak receivers
is reduced by the transmission of the enhancement layer
data. Second, due to the power difference requirement
between layers for successful decoding, only two or three
levels can be embedded in an HM symbol, which constrains the granularity of code rates. Third, STBC codes for
MIMO systems with more than two transmit antennas
cannot achieve full diversity. Therefore, such systems are
still far from fully accommodating users with diverse
antenna settings and channel conditions.
2.3. Compressive Sensing
Compressive Sensing (CS) [27,28], also known as Compressive Sampling, is an emerging theory that deals with
the acquisition and recovery of sparse or compressible
signals. According to CS theory, even when the number of
sampled measurements of a source vector is smaller than
the source dimension, which gives rise to an ill-posed
problem, source decoding from the measurements is still
feasible. It has been used for multimedia coding and
transmission in wireless communication [29–32]. The CS
measurements of raw signals are transmitted and the
receiver is expected to achieve fine-grained quality scalability with the number and noise energy of the received
measurements.
We first introduce the basic process of CS based image
transmission. Let XWH denote a W  H image that we
vectorize into a column vector x of size N  1ðN ¼ W  HÞ.
Transforms like discrete cosine transform (DCT) and discrete wavelet transform (DWT) [33] can convert the image
signal from the spatial domain to the frequency domain
in which images are normally regarded as compressible
for CS sampling and reconstruction [34,35]. Hence, the
signal x can be represented by a set of coefficients
θ1 ; θ2 ; …; θN in the frequency domain. Let us sort the
coefficients in descending order according to their absolute values, and stack them into an N-dimensional signal
θ ¼ ðθ1 ; θ2 ; …; θN ÞT . Then θ is a compressible signal if jθi j
decays with i  1=p , which means that it obeys
jθi j≲C 0  i  1=p

ð1Þ

where ≲ means “less than or approximately equal to” and
C0 is a constant. Previous research has shown that, for
natural images, p is approximately 1.67 [36]. It should be
noted that the parameter p dominates the degree to which
a signal is compressible. A smaller p indicates a more
compressible signal, as the magnitudes decay faster.
In compressive sensing based image transmission, the
measurements of the signal x are transmitted instead of
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the raw signal. In particular, we obtain these measurements by m ¼ ðm1 ; m2 ; …; mk ÞT ¼ Φx, where Φ is a k  n
matrix, which is referred to as a sensing matrix or a
measurement matrix. The received measurements at the
users are always contaminated by channel noise.
When matrix Φ satisfies certain conditions, the reconstruction of signal x can be achieved by solving an l1-minimization
problem, which is a relaxed form of the l0 norm based
minimization problem of a combinatorial nature. Candès
et al. [15] constructed a weighted l1-minimization problem,
and showed that using weights that are inversely proportional
to the true signal magnitudes can improve CS reconstruction
performance.
Multimedia coding via compressive sensing has three
desirable properties that motivate its emerging application in
wireless transmission. First, the generated measurements are
democratic, which ensures that the transmitted measurement symbols have equal importance [37]. Second, for a
compressible source that is not strictly sparse, CS recovery
performance scales with the number of available measurements when they have similar noise levels [38,29]. Third, the
lower the noise level of the received measurements, the
better the CS decoding performance [39]. These properties
illustrate that multimedia transmission based on compressive sensing could achieve fine-grained quality scalability
matching the channel condition and avoiding the cliff effect
in conventional multimedia broadcasting. However, to the
best of our knowledge, no existing work applies compressive
multimedia broadcasting to MIMO systems with receiver
antenna heterogeneity.

Fig. 2. Block diagram of the compressive image broadcast system.

in Fig. 1. The base station is equipped with two antennas,
i.e., nt ¼2, and single-antenna and two-antenna receivers
coexist, i.e., nr ¼1 or nr ¼2. For simplicity, we will refer to
such a setup as a 2  f1; 2g MIMO system throughout the
paper. We assume that the number of available time slots
is T ¼ N=4 to transmit an image of size N ¼ W  H in this
system.
3.1. Overview

2.4. SoftCast
Unlike most digital systems, SoftCast [9,10] uses a linear
codec that combines video and channel coding to achieve
graceful video recovery performance in line with the CSNR.
It avoids a digital scheme of pre-specified bitrates altogether.
It starts with a DCT transform, and then allocates power
weights based on the energy distribution of these DCT
coefficients. After power allocation, a Hadamard transform
based whitening is applied across packets to ensure that
transmitted packets have equal power and importance.
Besides the linear encoder, the transmitted signal strength
is designed to be proportional to the source magnitude, and
hence graceful decoding performance can be achieved for
users with diverse channel quality.
However, SoftCast's decoder always constructs an approximately full-rank matrix to feed into a Linear Least Squares
Estimator (LLSE) [40]. The decoding performance degrades
significantly when the number of received symbols is far
smaller than the source dimension, such as in our scenario of
a single-antenna setup. Therefore, SoftCast cannot be readily
extended to our setting while maintaining the same performance as in a homogeneous case. Since we only consider
image transmission in this work, we will mainly refer to the
2D version of SoftCast [9] hereafter.
3. Compressive image broadcast system
We propose an analog image delivery system over
MIMO links with receiver antenna heterogeneity as shown

Fig. 2 depicts a block diagram of our proposed compressive image broadcast system. There are four steps on
the encoder side, DWT transform, power allocation, compressive sampling to generate measurements, and amplitude modulation and transmission of the measurements.
The main decoding steps are CS decoding and inverse
transform.
3.1.1. Encoder
The encoder first transforms the image to the frequency
domain to remove the spatial correlation of the raw image
using DWT, as in the JPEG2000 standard [24]. We use
orthogonal Daubechies wavelets [41] as the DWT basis,
with a filter length of 8 and decomposition level L ¼5.
Next, the encoder redistributes power across the DWT
coefficients of different frequency bands. The wavelet
coefficients are grouped into chunks, and we calculate
the variance of the coefficients within each chunk. The
total transmit power is split among these chunks according to their variance, with consideration to the antenna
heterogeneity across receivers.
The scaled coefficients are then divided into a number
of base vectors for the compressive sampling stage from
which measurements are generated by using a Hadamard
sensing matrix. Note that this sampling process preserves
the power distribution across coefficients after the power
allocation step.
Finally, the measurements are directly transmitted as
real (I) or imaginary (Q) components of complex wireless
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signals instead of being quantized and digitized. A distinct
complex symbol is sent from each transmit antenna via
spatial multiplexing. The per-chunk variance information
is also broadcast to all receivers as metadata, but through a
reliable digital modulation and coding scheme.
3.1.2. Decoder
At the receiver, the real and imaginary parts of the
complex symbol on each antenna are separated and
collected into the overall measurement vector. Regular
MIMO decoding is skipped, and the original coefficients
per vector are recovered via a weighted l1-minimization CS
decoder with the help of the variance metadata. The raw
image is then reconstructed from the coefficients through
an inverse DWT.
3.1.3. Addressing heterogeneity
The power allocation strategy and the CS module
combine to address CSNR heterogeneity and receiver
antenna heterogeneity simultaneously. Our power allocation strategy adjusts the source data so that the subsequent CS module is more effective, specifically tuning the
performance tradeoff between receivers with varying
antenna numbers.
CS theory makes it feasible to decode underdetermined systems at single-antenna users, as shown
when we previously proved that the MIMO channel would
not invalidate CS recovery [16]. On the other hand, multiantenna receivers are able to benefit from additional
antennas via higher rates, because the CS recovery quality
scales with the number of received measurements.
Furthermore, the lower the noise level in each measurement, the higher the CS decoding performance. With the
antenna setting determining the number of received
measurements, and the CSNR governing the quality of
each measurement, the overall recovery quality will then
be simultaneously in line with the antenna number and
the CSNR.
3.2. Power allocation
Since we transmit the DWT coefficient via amplitude
modulation, the energy carried in a coefficient can serve as
protection at the channel to guard against noise. Therefore,
transmit power allocation directly affects reconstructed
image's quality.
In particular, we need to adjust the relative power
differences between the coefficients of different frequency
bands. This is essential for two reasons. First, the energy of
DWT coefficients is concentrated in low-frequency bands.
If the coefficients are transmitted verbatim without any
power redistribution, low-frequency coefficients would
consume most of the transmit power so much so that
high-frequency coefficients would be left with very little
power budget. Second, receivers with different capabilities
would favor different power allocation strategies. Since we
target a heterogeneous broadcast system with diverse
antenna settings, we need to balance the reconstruction
performance of all types of users with a single scheme.
This is a distinctive feature of our system.
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3.2.1. Power scaling factors
It has been proven that, for a SISO (single-input singleoutput) AWGN channel and a linear decoder, linear scaling
proportional to λ  1=4 achieves optimal performance under
the mean square error (MSE) criterion [40,10]. Here, λ
denotes the variance of the random variable representing
the transform coefficients. Although this works well for
SoftCast, it is suboptimal for our system for two reasons.
First, the optimality of a power allocation scheme depends
on the decoding algorithm. Unlike SoftCast, our system
adopts CS decoding instead of LLSE. Second, since singleantenna and two-antenna users coexist in our target
broadcast system, the power allocation strategy should
balance the achievable multiplexing capability of twoantenna users and the diversity benefit for singleantenna users.
Let us first provide some intuition to this problem. The
purpose of power allocation is to adjust the compressibility of the DWT coefficients s. As mentioned earlier in
Section 2, the parameter p dominates the degree to which
the signal s is compressible. Therefore, we limit our
discussion to scaling operations in which the power
scaling factors are exponential functions of the coefficients, or mathematically
g i ¼ C 1  s2α
i

ð2Þ

where gi is the scaling factor for coefficient si, and C1 is a
constant to ensure that the allocated power satisfies the
total transmit power constraint. The constant 2 in the
exponent is included so that α can be compared directly to
its counterpart in SoftCast.
Since we have assumed that the compressibility parameter of the wavelet coefficients s is p, the scaled coefficient s0i after power adjustment is
js0i j ¼ g i  jsi j ¼ C 1  jsi j1 þ 2α ≲C 1  C 10 þ 2α  i  1=ðp=ð1 þ 2αÞÞ

ð3Þ

The compressibility parameter now becomes p=ð1 þ2αÞ.
Since a smaller p indicates higher compressibility, a
positive α improves compressibility and a negative α does
the opposite. From a channel protection perspective, on
the other hand, a larger α tends to provide more protection
to low-frequency bands. Conversely, the smaller the α
value, the better protected the high-frequency bands.
From (3), we can see that setting α ¼ 1=2 means
flattening out all coefficients, and setting α ¼ 0 means
transmitting the coefficients as they are. In SoftCast, α is
selected to be  1=4, which sets larger power scaling
factors for high-frequency coefficients to avoid overprotecting the low-frequency bands. In our system, however,
two types of receivers have different preferences. In
particular, two-antenna users receive as many CS measurements as the number of unknown coefficients. They
prefer a power scaling factor that properly amplifies highfrequency coefficients as in SoftCast, while single-antenna
users only receive half of the CS measurements and would
prefer a larger α which suppresses the high-frequency
coefficients, because those coefficients cannot be decoded
anyway. Therefore, the best α that optimizes the entire
multicast performance would depend on the proportion
of the two types of receivers. In our design, we simply
assume an equal number of single-antenna and two-antenna

366

X.L. Liu et al. / Signal Processing: Image Communication 29 (2014) 361–374

Table 1
The effect of different numbers of chunks.
Number of chunks
PSNR gain (dB)
Overhead (%)

1
0
0.14

16
2.77
2.40

25
2.83
3.07

70
2.96
6.69

259
3.19
21.11

receivers, and choose α based on extensive simulations. We
finally select α ¼  1=8 which strikes a good balance for
system performance. More detailed simulation results will
be presented in the next section.

3.2.2. Aggregating coefficients
A practical problem arises as the power scaling parameters need to be reliably transmitted to the receivers. If
we select unique scaling factors for each of the coefficients
and transmit them all, it immediately makes our system a
trivial design at a huge overhead, because all si can be
directly computed from the scaling factors. Fortunately, it
has been shown [10] that adjacent coefficients in the same
frequency band can be viewed as samples of the same
zero-mean Gaussian distributed random variable. Therefore, we can group the coefficients into chunks and perform power scaling on a per-chunk basis. All coefficients in
the same chunk share the same scaling factor gi, in the
2
computing of which the si in (2) will be replaced by the
variance of chunk i, denoted by λi. Then, the variance
information used to calculate scaling factors are broadcast
to all receivers through a reliable modulation and coding
scheme.
Obviously, smaller chunks allow for finer-grained
adjustment, but they will incur higher overhead when
transmitting metadata. Table 1 shows the bandwidth
overhead and the corresponding PSNR gain for the image
Lena divided into different numbers of chunks. Here the
overhead is evaluated as the ratio of time slots for
transmitting metadata to that of transmitting DWT coefficients. We find that using 70 chunks achieves a good
tradeoff between overhead and performance gain. The
variance metadata are quantized into integers and then
encoded by Exponential-Golomb codes. After this step,
they are transmitted using 1/2 rate channel coding, QPSK
and STBC. The chunk division details are shown in Fig. 3.
The 10 upper left wavelet bands correspond to 10 chunks,
while each of the remaining 6 bands is split into several
chunks of equal size. The chunks in the upper left corner
are smaller than the others because there are fewer
coefficients in the lowest-frequency band, and coefficients
from different frequency bands should not be mixed into
the same chunk.
In summary, in the power allocation module, the DWT
coefficients are divided into 70 chunks, and the transmit
power is allocated among these chunks according to their
variance. The matrix representation of the power allocation process is
s0 ¼ Gs

ð4Þ

where G is a diagonal power weight matrix with diagonal
elements gi (2), while s and s0 are the image coefficient
vectors before and after power scaling respectively.

Fig. 3. Pyramidal structure of 5-level wavelet decomposition and chunk
division for Lena.

3.3. Compressive sampling
After power allocation, the CS sampling module generates measurements through linear projections. However,
the number of DWT coefficients to represent an image is
usually in the hundreds of thousands. Performing CS
sampling and decoding on such a large vector is impractical. Since coefficients in the same chunk have the same
statistical characteristics, we may form short vectors with
the same compressibility characteristic by taking one
element from each chunk.
However, due to the wavelet transform, not all chunks
are the same size. We tackle this problem with an
approximation. In particular, we merge the 7 upper left
bands into one sampling chunk, while still computing and
transmitting the variance for each band separately, and
retain the other 63 chunks. As such, we form 64 new
chunks of equal size. Since CS decoding favors a larger
source dimension for better recovery performance [35],
we generate compressible source vectors of length 256 by
taking 4 coefficients from each chunk at a time. n ¼256 is
chosen to strike a balance between good recovery performance and decoding complexity.
Let s0b be one such source vector of length n and sb be
the corresponding vector before power allocation. Therefore s0b ¼ Gb sb where Gb is the corresponding submatrix of
G. Then we can obtain the linear projections mi of s0b by
m ¼ ðm1 ; m2 ; …; mn ÞT ¼ Φs0b

ð5Þ

where Φ is an n  n sensing matrix.
To ensure information capture capability and CS decoding performance, Φ should satisfy some requirements, such
as the restricted isometry property (RIP) and mutual
coherence [42,43]. The most commonly used sensing
matrix ensembles, such as random Gaussian matrices
and Hadamard matrices, have normalized or approximately
normalized columns. This means that the transmit power
distribution among different coefficients will not be changed in the sampling process. We use a Hadamard sampling
matrix in the proposed system. It has been shown [44,45]
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that a Hadamard sampling matrix has the same desirable
properties and comparable recovery performance as the
optimal random Gaussian matrix ensemble, but allows us to
generate measurements at a lower complexity. It is known
that using the Hadamard sampling matrix may impose
some constraints on the size of the source vector. We
circumvent this problem by dividing the image coefficients
into length-256 vectors according to the method described
above.

3.4. Amplitude modulation and transmission
Since the measurements generated after the power
allocation and linear sampling steps are compact and
resilient representations of the original coefficients,
further channel coding, such as that defined in the conventional 802.11 PHY layer, is not necessary. Instead, pairs
of these linear projections are directly mapped to the I and
Q components of the complex signal to be transmitted.
This is the same pseudo-analog modulation as proposed in
SoftCast. Each transmit antenna at the base station sends
out a distinct complex symbol.
t
t
Mathematically, the sender transmits x1 and x2 on the
two antennas in the tth time slot, where
xt1 ¼ m4t  3 þ j m4t  2
xt2 ¼ m4t  1 þj m4t

ð6Þ

For each source vector with length n, the sender generates
n measurements and takes T 0 ¼ n=4 time slots to
transmit them.
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Matrix Ht21 can be written as
0
t
t
t
Rðh1;1 Þ  Iðh1;1 Þ Rðh1;2 Þ
t
H21 ¼ @
t
t
t
Iðh1;1 Þ
Rðh1;1 Þ
Iðh1;2 Þ

t

 Iðh1;2 Þ
t

Rðh1;2 Þ

For each receiver, the received signal quality is determined by the matrix channel defined by the nt transmit
antennas and nr receive antennas. Within the broadcast
system, the source transmission strategy is independent of
the exact channel details between the sender and any
receiver, and we assume that such knowledge is not
available to the sender. However, the receivers can normally obtain such knowledge through the frame preamble.
Let Ht be the nr  nt channel matrix in the tth time slot,
t
and each matrix element hi;j denotes the path gain from
transmit antenna j to receive antenna i.
For a single-antenna receiver, or a 2  1 case, the path
gain from the two transmit antennas to the receive
t
t
antenna are h1;1 and h1;2 in the tth time slot. Then the
t
received signal y in the tth time slot is
t

t

yt ¼ h1;1 xt1 þh1;2 xt2 þ et

ð7Þ

where et is the Gaussian noise. From yt, the receiver
obtains two new measurements:
0
1
m4t  3
!
!
B
C
0
m2t  1
Rðet Þ
B m4t  2 C
t
B
C
ð8Þ
¼ H21 B
C þ Iðet Þ
m02t
@ m4t  1 A
m4t

A

ð9Þ

where RðÞ and IðÞ are the real and imaginary parts of a
complex number respectively.
For two-antenna receivers, or 2  2 cases, each receiver
derives four new measurements per time slot, 2 on each
antenna:
1
0 0
1
0
1 0
m4t  3
Rðet1 Þ
m4t  3
C
B m0
C
B
C B
B 4t  2 C
Bm
C B Iðet1 Þ C
C
B 0
C ¼ Ht B 4t  2 C þ B
ð10Þ
t C
22 B
B
Bm
C
C
@ 4t  1 A
@ m4t  1 A @ Rðe2 Þ A
0
t
m4t
Iðe2 Þ
m4t
where the matrix
0
t
Rðh1;1 Þ
B
B Iðht1;1 Þ
B
Ht22 ¼ B
B Rðht2;1 Þ
@
t

Iðh2;1 Þ

Ht22 can be written as
t

 Iðh1;1 Þ
t

Rðh1;1 Þ
t

 Iðh2;1 Þ
t

Rðh2;1 Þ

t

Rðh1;2 Þ
t

Iðh1;2 Þ
t

Rðh2;2 Þ
t

Iðh2;2 Þ

t

 Iðh1;2 Þ

1

C
t
Rðh1;2 Þ C
C
C
t
 Iðh2;2 Þ C
A
t
Rðh2;2 Þ

ð11Þ

After T0 time slots, the single-antenna receiver gets 2T0
new measurements. Stacking these new measurements to
form a vector
0
1
m1
0 1
1
0
⋯
0
H21
B
C
B
CB m2 C
B 0
C
H221 ⋯
0 CB
B
C
B
Cþe
⋮
m1 ¼ B
B
C
⋮
⋱
⋮ C
@ ⋮
AB m
C
@ 4T 0  1 A
T0
0
0
⋯ H21
m4T 0
¼ Hc Φs0b þ e
¼ Hc ΦGb sb þ e

3.5. CS decoder

1

ð12Þ

The two-antenna receiver gets 4T0 new measurements, and
the measurement vector m2 can be represented similarly.
For both types of users, the conventional MIMO decoding at the channel is skipped, and the receiver collects the
raw signal samples for the measurements across all of its
antennas over T0 time slots. Decoding over many slots
permits CS operations over a much larger matrix than a
typical MIMO channel matrix, whose dimension is far too
small to satisfy CS requirements.
Since the variance information can be sent to the
decoder as metadata, we adopt the weighted l1-minimization decoder [15], instead of the standard l1-minimization
pﬃﬃﬃﬃ
for better recovery performance. Define wi ¼ 1= λi , where
λi is the known variance of the ith source element at the
decoder. Then the minimization problem for decoding the
source vector sb is
s^ b ¼ minn ‖Wsb ‖l1
sb A R

s:t: J m1  Hc ΦGb sb J o ε

ð13Þ

where W is the diagonal matrix with wi on the diagonal
and ε represents the noise power at the receiver.
The weighted l1-minimization decoding problem for
two-antenna users can be presented similarly. As we
stated before, T 0 ¼ n=4 time slots are needed to transmit
each source vector. Therefore, the problem to be solved for
single-antenna users is under-determined, and the CS
decoding algorithm based on Eq. (13) is quite efficient.
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Although the linear system for two-antenna users has full
rank, we find that the performance of the weighted l1minimization based CS decoder matches that of the
optimal linear decoder LLSE.
4. Simulation evaluation
This section serves two purposes. First, we evaluate the
performance of the proposed compressive image broadcast
system, and validate some key design parameters. Second,
we compare our system with alternatives, and demonstrate
how well we achieve the design goal, i.e., every receiver
obtains image recovery quality that is commensurate with
its antenna setting and channel quality.
In line with our previous description, we mainly focus
on the 2  f1; 2g MIMO setting and will discuss cases with
more antennas later. Block Rayleigh fading channel with
perfect receiver CSI is assumed if not otherwise stated. For
clarity and without loss of generality, we assume that the
two receive antennas of two-antenna users have the same
average per receive antenna SNR. The recovery performance is evaluated using the standard objective measure
Peak Signal-to-Noise Ratio (PSNR).
4.1. Microbenchmarks for our system
We first evaluate the two main components of our
system separately, the transmit power allocation strategy

and the compressive sensing decoding algorithm. In particular, we evaluate the effect of different power scaling
factors. In addition, the LLSE decoder and the l1-minimization based CS decoder with or without reweighting are
also evaluated. We use three 256  256 gray images,
Cameraman, Lena, and Peppers, which are frequently used
as test images in related literature.

4.1.1. Performance of power allocation
Recall that the sender scales the DWT coefficients by λα ,
where λ is the variance of the coefficients of a chunk and α
is a parameter to be determined, which adjusts the
coefficients' compressibility. When the α value is too large
ð Z0Þ, too much power is distributed to the significant
coefficients. Similarly, when α is too small ð r  1=4Þ, too
much power is distributed to the insignificant coefficients.
In either case, the recovery performance is bad for both
single-antenna and two-antenna users. Therefore, we
mainly consider α in the range [ 1/4, 0]. Further simulation results show that a minor change of α has little
influence on system performance. Therefore, we test five
values of α ( 1/4, 3/16, 1/8,  1/16 and 0) and
compare their performance. The exact choice also depends
on the decoder and the CSNR.
Fig. 4 shows the received image PSNR for both singleantenna users (marked with 2  1) and two-antenna users
(marked with 2  2) under different parameter settings.
Here we only show the performance when α equals  1/4,

Fig. 4. The recovery PSNR (dB) for images Cameraman, Lena, and Peppers under various power scaling factors and decoding methods. The subfigures in the
two rows indicate the performance for single-antenna (labeled 2  1) and two-antenna users (labeled 2  2). (a) Cameraman, 2  1; (b) Lena, 2  1;
(c) Peppers, 2  1; (d) Cameraman, 2  2; (e) Lena, 2  2; (f) Peppers, 2  2.
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1/8 and 0 for the sake of clear presentation. From Fig. 4
(d)–(f), we can see that α ¼ 0 performs the worst for twoantenna users, introducing a 2.4–3.8 dB loss in the
received image PSNR. This confirms our assumption that
transmitting wavelet coefficients verbatim tends to overprotect low-frequency bands and is suboptimal.
From Fig. 4(a)–(c), we have two findings. First, unlike
the 2  2 cases where the LLSE decoder and the CS decoder
have similar performances, the CS decoder shows its
superiority in 2  1 cases. This is because single-antenna
users receive only half as many measurements as there are
coefficients. The CS decoder is designed precisely for such
an underdetermined system and therefore outperforms
the LLSE decoder. Second, among the five α settings,
α ¼  1=8 achieves the best performance in most channel
conditions. As discussed earlier, the parameter used in
SoftCast α ¼ 1=4 is unfavorable to single-antenna users,
and it incurs a PSNR loss of as much as 2.4 dB when the
CSNR is 25 dB.
Given all the combinations of the α settings and the
decoding algorithms, the option of α ¼  1=8 combined
with CS decoding achieves the best performance for both
single-antenna users and two-antenna users.
4.1.2. Performance of the decoder
Next, we compare the performance of using weighted
l1-minimization (referred as W-L1) against using the
standard l1-minimization CS decoder (referred as S-L1)
for decoding. The results for transmitting image Lena for
different channel conditions are presented in Fig. 5. We
can observe that the weighted l1-minimization using the
coefficient variance metadata wins by more than 3 dB
in PSNR.
4.1.3. Impact of channel estimation errors
In practical systems, the receiver may not obtain perfect
channel state information. We evaluate the impact of
misestimated channel matrices in our system. Without
loss of generalization, we assume that the channel estimation error he is zero-mean complex Gaussian distributed.
Hence, the estimated path gain from transmit antenna j to
receive antenna i at some time slot can be written as
0

hi;j ¼ hi;j þ he

ð14Þ

Fig. 5. Recovery PSNR of weighted l1 and standard l1 decoders.
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Fig. 6. The effect of channel estimation error on image recovery PSNR
values.

The energy ratio of estimation error to actual channel
parameter, which could be denoted by ρh, determines the
magnitude of channel estimation error. We evaluate the
impact of misestimated channel matrices by comparing
the system performance between ρh ¼ 0 and ρh ¼ 0:01,
where ρh ¼ 0 means that there is no channel estimation
error. The experimental results for transmitting image
Lena are shown in Fig. 6. They show that the channel
estimation error has a larger impact on high-SNR receivers
than low-SNR receivers. When the channel estimation
error parameter ρh is 0.01, the reconstruction PSNR is
decreased only by 0.1–0.6 dB for single-antenna users
and 0.1–0.9 dB for two-antenna users, when the SNR is
between 5 dB and 20 dB. The loss is larger (around 2.6 dB)
for two-antenna users when channel SNR equals 25 dB.
4.2. Performance comparison with other broadcast systems
In this section, we compare our proposed system with
representatives of two classes of broadcast systems. One
reference system is SoftCast, which adopts a similar analog
framework and was originally designed for SISO broadcast.
We extend it to MIMO settings and adopt a spatial multiplexing based MIMO transmission to transmit the Hadamard
whitened linear projections. The other class encompasses
conventional digital systems that adopt layered sourcechannel schemes. We also use more test images in addition
to the three previously tested.
4.2.1. Comparison with SoftCast
SoftCast implements power allocation with α ¼  1=4
and adopts LLSE decoding for all receivers. Fig. 7 shows the
comparison between our system and SoftCast when transmitting the three test images. Not surprisingly, our system
achieves significant gains of up to 4.96 dB over SoftCast for
single-antenna users. Meanwhile, our system does not
incur any performance degradation for two-antenna users.
For test image Cameraman, our system even achieves a
1 dB gain in 2  2 cases because DWT compacts energy
much better than frame-based DCT for this image. This
comparison clearly demonstrates the importance of power
allocation and weighted CS decoding in a MIMO broadcast
system with antenna heterogeneity.
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Fig. 7. Our system vs SoftCast using images (a) Cameraman, (b) Lena, and (c) Peppers under different CSNRs.

Fig. 8. Our system vs two conventional reference systems, HM-STBC and SP-MIMO, using the image Cameraman. (a) Single-antenna users. (b) Twoantenna users.

4.2.2. Comparison with conventional digital systems
We compare our system with two layered sourcechannel schemes. They adopt the same layered source
coding but different MIMO transmission strategies.
In these two schemes, the state-of-the-art image codec
JPEG2000 [23,24] is used to generate a layered source.
A (204,188) short Reed-Solomon code is employed as
suggested by the DVB-H standard. The encoded bit stream
is then divided into the base layer and the enhancement
layer. The encoded packets of both layers are subjected to
convolutional coding and interleaving before modulation.
The convolutional coding rate for the base and the
enhancement layer is set to 12 and 23 respectively in our
simulation. Correspondingly, the receiver performs deinterleaving, de-convolution, and RS decoding to obtain
the JPEG2000 stream.
Regarding MIMO transmission, our first reference system, referred to as HM-STBC, relies on STBC to fully exploit
transmit diversity from multiple antennas on the base
station [25,26]. In this system, the channel coded bit
stream is modulated into HM symbols. We implemented
two typical HM variants, namely QPSK-in-16QAM (i.e.,
hierarchical 4/16QAM, QPSK for both layers) and QPSKin-64QAM (i.e., hierarchical 4/64QAM, QPSK and 16QAM
for the two layers) [8]. The parameter that governs the
ratio of protection of the base over the enhancement layer
is set to 2. The HM symbols are sent using the Alamouti
scheme.

Our second reference system, referred to as SP-MIMO,
employs superposition MIMO coding [14,12]. In this system, the base layer data are coded with the Alamouti
scheme for higher reliability, and spatial multiplexing is
used to code the enhancement layer to leverage the higher
capacity of strong receivers. The transmitter combines
them into HM symbols with a parameter ρ [12], which is
the ratio of the amplitude of the second layer to that of the
first layer. The value of ρ determines the extent of protection of the two layers in signal superposition, and based on
experiments we set ρ ¼ 0:3 to balance protecting both
layers. As an example, if x1 and x2 are two successive
symbols for the base layer data, and xi, for i ¼ 3; 4; 5; 6
represents successive enhancement layer data symbols,
then SP-MIMO transmits ðx1 þx3 Þ and ðx2 þ x4 Þ on the two
antennas in the first time slot, and ð  xn2 þx5 Þ and ðxn1 þ x6 Þ
in the second slot, where ‘þ’ means superposition. Weak
receivers with low CSNRs or a single antenna are expected
to decode x1 and x2, while two-antenna receivers with
good channel conditions can also decode x3 to x6. To
ensure that SP-MIMO sends the enhancement layer at
the same rate as in HM-STBC, we use both BPSK and QPSK
to match the two HM settings in HM-STBC.
Fig. 8 (image Cameraman) and Fig. 9 (image Lena) show
the performance of our system as well as the two reference
digital systems. For the same enhancement layer data rate,
we can make three major observations between the two
reference digital systems. First, for both single-antenna and
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Fig. 9. Our system vs two conventional reference systems, HM-STBC and SP-MIMO, using the image Lena. (a) Single-antenna users. (b) Two-antenna users.

Fig. 10. Visual quality comparison of decoded Cameraman at CSNR ¼ 12 dB. The images in the top and bottom rows show the perceived quality by the
single-antenna (labeled 2  1) and two-antenna users (labeled 2  2) respectively. (a) Ours, 2  1, 26.8 dB; (b) SoftCast, 2  1, 23.4 dB; (c) J2K, 2  1, 26.7 dB;
(d) Ours, 2  2, 29.8 dB; (e) SoftCast, 2  2, 28.3 dB; (f) J2K, 2  2, 26.7 dB.

two-antenna users, the CSNR required to decode the base
layer in SP-MIMO is always lower than for HM-STBC.
Second, single-antenna users cannot decode the enhancement layer at all in SP-MIMO, but they can in HM-STBC
when the channel condition permits it. Third, in order to
decode the enhancement layer, two-antenna users in SPMIMO need much higher CSNRs than in HM-STBC.
When comparing our system with HM-STBC and SPMIMO, an immediate observation is that the two digital
systems only obtain stair-shaped incremental increases in

quality while our system has a very smooth quality scaling
behavior. Furthermore, in our system, two-antenna users
always derive higher PSNRs over the single-antenna users
when the per-antenna CSNR is the same. In HM-STBC and
SP-MIMO, however, the additional antenna is underutilized in most cases, because the system performance
stops improving when the CSNR exceeds a threshold
(known as the level-off effect of digital systems).
Between our system and SP-MIMO, we find that both
single-antenna and two-antenna users in our system can
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Fig. 11. Visual quality comparison of decoded Lena at CSNR ¼ 14 dB. (a) Ours, 2  1, 28.6 dB; (b) SoftCast, 2  1, 25.8 dB; (c) J2K, 2  1, 27.6 dB; (d) Ours, 2  2,
32.3 dB; (e) SoftCast, 2  2, 31.6 dB; (f) J2K, 2  2, 27.6 dB.

derive higher PSNRs at most CSNRs. The exceptions are
when the CSNR is just high enough to allow the decoding
of the base layer data, for example at 6 dB for singleantenna users and 4 dB for two-antenna users.
Between our proposed system and HM-STBC, our
system always performs better for two-antenna users at
CSNRs of 8 dB or higher. At a CSNR of 26 dB, the PSNR
from our system is more than 3 dB higher than that for the
QPSK-in-16QAM variant of HM-STBC, and about 7 dB
higher than the QPSK-in-64QAM variant of HM-STBC. For
single-antenna receivers, our system is superior over
HM-STBC at low CSNRs. However, when the channel is
good enough to allow single-antenna users to correctly
receive enhancement layer bits, our system incurs some
performance loss. This is the cost our system has to pay in
order to trade off the performance between singleantenna and two-antenna users. However, although HMSTBC with hierarchical 4/64QAM can achieve high PSNR at
high CSNR, the single-antenna users can barely get anything at a CSNR below 15 dB. In contrast, our system has a
significantly larger operational range.
Figs. 10 and 11 show the visual quality of Cameraman
and Lena respectively. Our scheme consistently produces
better visual quality than SoftCast, especially for singleantenna users. Compared to HM-STBC, although our system delivers images that appear less smooth in some
places, the image details are better preserved.

Table 2
Comparison between our system, SoftCast, and J2K.
Test Image

Cameraman
Lena
Peppers
Boat
Couple
Girl
House
Tree
Average

Single-antenna users

Two-antenna users

Ours

SoftCast

J2K

Ours

SoftCast

J2K

27.73
28.76
26.16
29.42
30.26
30.45
32.41
26.48
28.96

23.76
25.77
22.80
28.02
26.25
27.17
29.86
24.72
26.04

27.14
28.55
25.94
28.39
30.86
31.35
33.24
25.76
28.90

31.58
32.77
29.73
33.32
33.32
33.62
35.91
30.23
32.56

30.13
32.18
29.30
34.13
32.22
33.39
36.32
31.07
32.34

29.56
30.08
28.49
31.26
33.23
33.16
34.45
28.01
31.03

4.2.3. Overall performance in a broadcast session
We compare the overall performance of our system
with two reference systems, namely SoftCast and HMSTBC, in a broadcast session. We assume 100 singleantenna users and 100 two-antenna users in the session,
with average per-antenna SNR 15 dB, and variance 4 dB.
Table 2 lists the average received PSNR for eight test
images. In the table, J2K denotes the digital system which
encodes images with JPEG2000 standard and transmits
them using HM-STBC scheme. We do not show the results
for SP-MIMO, because previous experiments have shown
that it significantly underperforms our system.
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From the last row of the table, we can see that our
system achieves the highest PSNR among the three systems
for both types of receivers. On average, our system obtains
2.92 dB gain over SoftCast for single-antenna users, and
1.53 dB gain over HM-STBC for two-antenna users. As more
advanced techniques on CS reconstruction for images are
proposed, the compressive image broadcast system is
expected to achieve even better performance. For example,
it is reported in a recent body of work [46] that the
reconstruction PSNR for Lena (256  256) could be as high
as 29.16 dB and 33.58 dB when the number of CS measurements is only 15% and 30% of the original pixel numbers.
This suggests great potential for the proposed system.

5. Conclusion
In this work we have proposed a compressive image
broadcast system to simultaneously address heterogeneity
across receiving antenna numbers and diverse channel
SNRs. By integrating compressive sensing into the MIMO
transmission of multimedia data, our framework ensures
decoding for single-antenna users while two-antenna
users can achieve multiplexing gain. By designing a
suitable power allocation strategy, we can reach a performance tradeoff between single-antenna and two-antenna
users in a flexible way. Simulation results demonstrate the
advantages of our system when compared with an analog
system extended from SoftCast and two other conventional digital systems.
Our system is likely more beneficial for systems with
more antennas. A digital approach would be even more
constrained in such a scenario, since we would need to
divide the source into more layers. Hybrid multiplexing
and STBC schemes would also be limited by the inherent
difficulty of designing efficient STBC codes for large channel dimensions. The LLSE decoder in SoftCast would suffer
further if the number of received measurements becomes
even smaller, e.g., for a 3  1 or 4  1 scenario. In comparison, the main components in our system naturally cope
with higher channel dimensions, merely using slightly
different parameter choices for two possible reasons. First,
the most suitable power scaling factor may be different.
Second, it is likely that the system should send more
measurements than are needed by the user with the most
antennas. This would trade off more multiplexing gain for
diversity gain and help the single-antenna users.
Finally, although this work focuses on image transmission, we can treat images as intra-coded video frames
without considering temporal correlation among successive frames. Our system can be extended to video broadcasting by using a 3D wavelet transform, which requires
consideration of the tradeoff between system performance
and the decoding complexity.
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