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1 INTRODUCTION

This section sets a framework for the document, and contains a short description of it, how it relates to
the overall Project and Work Package(s), how it has been prepared, and ends by defining concisely the
content of each section of the document. It shall be followed by:

The document has been written in a cooperative manner : The global outline follows the description
of the tasks provided in the joint program of activities of the proposal. A first draft of the table of content
was provided during a meeting between Aline Roumy (CNRS), Claudio Weidman (FTW), and Michel
Kieffer (CNRS), assigning subsections to the corresponding set of partners. Each section has then been
edited by a task leader as follows:

• Task TR7.1 JSCC/D and the OSI Layers (Michel Kieffer, CNRS)

• Task TR7.2 New tools for JSCC/D (Gabriela Olmo, CNIT)

• Task TR7.3 Tools for multi-terminal JSCC/D (Cédric Herzet, Aline Roumy, CNRS)

• Task TR7.4 Tools for evaluating the efficiency of JSCC/D methods (Claudio Weidmann, FTW)

• Task TR7.5: Study of practical, long-term solutions plus test-beds (Pierre Duhamel, CNRS)
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2 TASK TR7.1 JSCC/D AND THE OSI LAYERS

Description of the work as in the NEWCOM++ proposal:
- 7.1.1- Compatibility: traditionally, joint source and channel coding (or even decoding) was consid-

ered as incompatible with the classical separation of the layers in the classic OSI structure. However,
results obtained in NEWCOM demonstrated that in some cases, this incompatibility problem could be
circumvented. Compatibility of the JSCC/D strategy will thus be re-considered and studied to address the
contradiction vis-a-vis the layer-independent model. In particular, compatible re-synchronization strate-
gies of source codes in the presence of channel noise will be developed. Optimal JSCD algorithms with
reduced complexity will be designed.

More generally, techniques allowing or at least facilitating the use of JSCC/D in practical situations,
accounting for the layers of the OSI structure should find their place in this task. In order to ensure
compatibility, the structure of the encoder should not be modified.

- 7.1.2- Cross-layer optimisation of the redundancy at the various layers. Another related problem is
that, in the process of globally optimizing the efficiency of the multimedia transmission, some redundancy
is introduced at many layers of the protocol. The best allocation of this redundancy, within the context of
JSCC/D, has not been found in the literature, thus it will be addressed here.

This second part goes a step further, allowing the transmitter to be modified.

2.1 State of the art

2.1.1 Permeable soft protocol stack

Due to bandwidth constraints, efficient transmission of multimedia contents requires the use of some
source coding scheme [167]. However, compressed data are very sensitive to transmission errors. A
single corrupted bit may lead to a loss of a large amount of multimedia data at the receiver. Consequently,
the bitstream entering the source decoder has to be almost error-free, according to Shannon’s separation
principle [176].

This constraint is hardly satisfied when considering transmission over wireless channels. The data
stream at receiver side may be heavily corrupted and not directly usable by the source decoder. A first
solution to this problem consists in grouping data into packets protected by an error-detection code (CRC
or checksum) [26,106]. Packets which have not been correctly received are identified, and can then be re-
transmitted. Nevertheless, retransmissions may become difficult in scenarii with strong delay constraints,
e.g., for visiophony, or may even become impossible when broadcasting data, e.g., in satellite television.

In such situations, the standard solutions make use of very strong error-correcting codes (e.g., turbo-
codes, LDPC) at Physical (PHY) layer combined with packet-erasure codes at intermediate protocol lay-
ers [122,159], see, e.g., MPE-FEC in DVB-H [53]. The redundancy introduced by these codes may how-
ever be oversized when the channel is good, reducing the bandwidth allocated for the data. In bad channel
conditions, some corrupted packets still cannot be recovered, and are assumed lost. Error-concealment
techniques [77, 105] may then be used by the source decoders at Application (APL) layer. They ex-
ploit the redundancy (temporal and/or spatial) found in the multimedia data for estimating the missing
information.

In the recent years, joint source-channel decoding (JSCD) techniques have been proposed to correct
damaged packets. These methods involve robust source decoders, which exploit the inherent redundancy
in the received packets for correcting errors. Several sources of redundancy have been identified. Con-
straints in the syntax of variable-length source codes [31, 74, 94, 149, 189] have been used first. Redun-
dancy due to the semantic of the source coders [23,141,165,191] improve significantly the performance of
robust decoders. Further redundancy due to the packetization of compressed data has been used in [111].
Altogether, the various redundancies can attain an unexpected amount. Furthermore, redundancy intro-
duced by channel codes at PHY layer can also be used in combination with residual redundancy to build
iterative decoders as in [18, 140, 188]. These joint decoding schemes provide improved performance
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when compared to classical schemes, and could be of great use in many applications. However, they are
not compliant with the standard protocol stacks in several aspects: First, they require exchange of soft
information between the channel decoders at PHY layer and the robust source decoders at APL layer.

This part of the workpackage aims at proposing tools to make this feasible (e.g., in a mobile receiver
containing all layers of the protocol stack, and thus, able to choose to forward soft values between layers).
The main compatibility problem is that standard protocol stacks do not even allow damaged packets
to reach the APL layer, the main reason being that the errors may impact some essential information
contained in the headers, which is necessary even for the robust APL decoders.

This problem has already motivated the proposal for the so-called MAC-lite variant of the protocol,
which already allows the CRC to protect the MAC header only. Nevertheless, there is a variety of headers,
as described on Figure 1, and the problem does not seem to be fully solved, as argued below.

Transmission Channel

PHY Payload2H-PHY2PreamblePHY Payload1H-PHY1Preamble

MAC Payload2H-MAC2 CRC2MAC Payload1H-MAC1 CRC1

RTP PayloadH-RTP

APL PayloadH-APL

UDP PayloadH-UDP

IP PayloadH-IP

Figure 1: Protocol stack for multimedia transmission over WiFi

The packetized multimedia transmission is usually based on an RTP/UDP/IP protocol stack [106].
Figure 1 illustrates an example of segmentation and encapsulation mechanisms implemented at each
protocol layer in case of multimedia packet transmission with the 802.11 standard (WiFi) [7]. Error
detection mechanisms implemented at each layer are listed below.

• At PHY layer, a fixed preamble is used to help PHY packet segmentation; a CRC protects the
header fields. Received packets with damaged headers are discarded.

• At MAC layer, a CRC protects the corresponding header and payload. When an error occurs, the
packet is retransmitted.

• At IPv4 layer, the header fields are protected by a checksum. Received packets with damaged
headers are discarded.

• At UDP layer, a checksum protects the header and the payload. When an error occurs, the packet
is discarded.

The error detection mechanisms provided by CRCs and checksums, combined with a retransmission
mechanism at MAC layer, allow APL layer to receive only error-free packets. The price to be paid is
potentially very important transmission delay due to the retransmissions which may become very frequent
at MAC level when the channel conditions worsen, or frequent use of error concealment when errors occur
at IPV4 of UDP layers (generally due to time out constraint: the limit on the number of retransmissions
at MAC level has been exceeded).
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Joint source-channel decoding techniques allow at APL layer many errors to be corrected based on
soft information provided by lower protocol layers. The recently introduced UDP-Lite [110] mechanism,
combined with lower permeable protocol layers [89, 90] allow packets with binary errors to be fed to
the APL layer. With UDP-lite, a checksum protects a limited number of bytes (generally including the
UDP-Lite, RTP, and APL header fields). Thus, packets with erroneous headers are still discarded, even
if their payloads contain only few erroneous bits. Considering the order of magnitude of the packets and
the various headers in actual wireless communications when tuned for difficult situations [29, 205], this
may happen more than expected. The bottleneck of such permeable transmission schemes is the fact that
packets are discarded due to erroneous headers.

2.1.2 Optimal JSCD algorithms with reduced complexity

In many source coding standards, entropy coding with variable length codes (VLC) is employed. Huffmann-
like VLC are used, e.g., in JPEG [82], H263+ [83] or in the baseline profile of H264 [85]. Arithmetic
VLC are used in JPEG 2000 [186] or in the main profile of H.264 [85].

It is well known that bitstreams containing VLC encoded data are particularly sensitive to trans-
mission errors, occurring for example when the bitstream is sent through radio-mobile links. This high
sensitivity is mainly due to frequent loss of synchronisation of the decoder when errors occur.

Many JSC decoding techniques for VLC rely on specific trellis construction and pruning, which result
in various efficiencies. Their complexity may become intractable when realistic Huffmann codebooks are
considered or when practical arithmetic codes are considered, due to the number of nodes in the trellis.
More generally, complexity is a very important issue for JSCD techniques.

Solutions have been proposed, e.g., in [109], where a simplified stack-based [6] decoding algorithm
is proposed for Huffmann VLCs. When the channel is not too noisy, the optimal MAP estimate of the
decoded bitstream may be obtained faster than with a standard trellis-based technique. However, the
complexity is reduced mainly for good channel conditions, while it may remain intractable in poor chan-
nel conditions. This comes in contrast with trellis-based techniques, for which the complexity remains
constant (but high). The M-algorithm [6] and its soft-output variant [218] allow to build reduced but
constant complexity estimation algorithms for variable-length codes. The price to be paid in this case is a
suboptimality of the decoder when the noise level increases: since only M decoding hypotheses are kept
at each iterations, the optimal solution may be dropped due to complexity limitations.

2.1.2.1 Compacting Huffmann VLC tables

A nearly optimal reduced-complexity algorithms have been presented in [131], which provides a tool
for compacting Huffmann VLC tables. The codewords are grouped into a minimum number of classes.
Decoding algorithms may then work on a reduced number of classes instead of working on the whole
set of codewords. VLC table reduction techniques have been used previously. Some works remove some
unlikely codewords [139], at the cost of a reduced coding efficiency.

The VLC table simplification algorithm proposed in [131] gathers VLC codewords of the same length
in classes. For example, if one considers the 16 codewords of 8 bits used to encode the texture in H263+,

A8 = {00100000, 00100001, . . . ,00101110, 00101111} ,

one notices that all of them share the same 4-bit prefix 0010, and that all other bits take all possible
values. Thus, this set of codewords may be represented by 0010XXXX, where X represents either 0 or
1. Using this simplification, 16 parallel branches in a trellis between nodes (a− 8) and (a) are replaced
by a single branch. When the a priori probability of each grouped codeword is the same or when ML
decoding is performed, this simplification is harmless and decoding techniques inspired from that of
punctured convolutional codes [34] may be put at work. When there are discrepancies between a priori
probabilities, MAP decoding may become suboptimal. While the general case is more intricate than the
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simple example above, the simplification algorithm presented in [132] is a generalization of the previous
example.

The performance of the texture block localization algorithm presented in [111] is compared using two
VLC tables: the initial H263+ VLC table and the compacted VLC table according to [132]. Data have
been put in packets of about 1024 bits and sent over an AWGN channel. A soft-input Viterbi algorithm
is employed to localize the texture blocks in packets containing INTER encoded texture blocks and in
packets containing INTRA encoded texture blocks. Performance is evaluated in terms of block location
error rate in Figures 2 and 3, and in terms of average computing time in Table 1.
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Figure 2: Block location error rate for INTER packets
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Figure 3: Block location error rate for INTRA packets

When comparing computing times, decoding with a simplified VLC table is three times faster than
with the initial VLC table.
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ML MAP
Init. table Simpl. table Init. table Simpl. table

INTRA 165.77 62.53 (−62%) 242.01 92.41 (−62%)
INTER 356.18 108.46 (−70%) 445.76 131.03 (−71%)

Table 1: Mean decoding time (ms/block)

2.1.2.2 State aggregation for Huffmann VLC

A novel set of state models and the corresponding trellises for the estimation of the Hidden Markov chain
has been proposed in [88]. The state model is defined by both the internal state of the VLC decoder
(i.e., the internal node of the VLC codetree) and the rest of the Euclidean division of the symbol clock
by a fixed parameter T . Therefore, the approach consists in aggregating states of the bit/symbol trellis
which are distant of T instants of the symbol clock. If T = 1, the resulting trellis is equivalent to the
usual bit-level trellis proposed by Balakirski. If T is greater or equal than the symbol sequence length
L(S), the trellis is equivalent to the bit/symbol trellis. The intermediate values of this parameter allow
to gracefully trade complexity against the estimation accuracy. The state aggregation leads to close-to-
optimum estimations with significantly reduced complexity. The complexity can be further reduced by
running separate estimations on trellises of parameters T1 and T2 of the sequence of emitted symbols. It
has been shown that if T1 and T2 are relatively prime, and if the two corresponding sequence estimates S1
and S2 obtained with a Viterbi algorithm are such that S1 = S2, then, this estimate is the same as the one
obtained with the trellis of parameter T1×T2.

2.1.3 Cross-layer optimization

Cross-layer optimization offers many opportunities to improve end-to-end distortion without the need to
redesign all components of the communication chain, but rather by exploiting information from one layer
in existing optimization mechanisms in another layer. An instance of this approach was explored in the
NoE NEWCOM, namely the use of feedback mechanisms provided by mobile communications standards
in order to optimize the perceived quality of mobile video streaming. Cross-layer scheduling has been
chosen as the main tool to accomplish this. The following gives a brief overview of the results reported
in [137].

2.1.3.1 Cross-layer scheduling for reduced video distortion

The transmission of real-time video services over mobile networks is particularly challenging, especially
due to the fact that limited radio resources lead to high link error probability. The redundancy has to be
kept low due to system capacity limitations. Furthermore, the impact of a lost packet on distortion is not
uniform across the stream.

In UMTS (Universal Mobile Telecommunication System) DCH (Dedicated Channel) downlink di-
rection, scheduling is performed in the Radio Network Controller (RNC) at the Radio Link Control
(RLC) protocol layer. The scheduling mechanism is not standardized, but rather implementation-specific.
Scheduling of the packets belonging to one user’s stream can considerably improve the quality of service
at the receiver, especially in case of streams containing informations with different importance. In [96]
and [199] (opportunistic) scheduling algorithms are presented which make use of the characteristics of
the streamed video data. In [96], the more important parts of the video stream are transmitted prior to the
less important ones, in order to ensure more opportunities for retransmissions in case of error; in [199],
the priority-based scheduling exploits the diversity gains from the channel variations when having more
than one stream. Another approach is [103], where prediction of link errors is used in connection with
call admission control and scheduling algorithms in order to avoid overloading the system, thus improv-
ing the quality of the services with higher priority. Rate-distortion optimized (RDO) video streaming is
proposed in [95]. Here, a model for delay and loss in the Internet is used to perform scheduling at the

Reference DR.7.1
8 / 74



216715 NEWCOM++ DR.7.1

IP layer. In [98], we proposed a simple and efficient IP packet based mechanism that predicts the trans-
mission intervals with low probability of errors and postpones the transmission of packets containing
the intra-predicted frames to these intervals, meanwhile transmitting packets containing inter-predicted
frames. The following extends that work and proposes scheduling for UMTS at the RLC packet layer that
utilizes link error prediction and a novel reference-free distortion estimation. The underlying model con-
siders losses at the RLC PDU (Protocol Data Unit) level, rather than at the frame/slice level; we assume
that the video decoder can use the information in a NALU (Network Abstraction Layer Unit, typically
encapsulated further in an RTP/UDP/IP packet) up to the first missing RLC PDU as proposed in [136].

2.1.3.2 Distortion Model

Various distortion models have been proposed in literature so far. In [24], a semi-analytical model is
proposed for H.264/AVC considering the impairments resulting from the loss or damage of the entire
frame. Another approach can be seen in [97], where the visibility of packet loss is modeled depending
on a set of motion and spatial video parameters. The method proposed in [208] combines the analysis-
by-synthesis approach with model-based estimation. Full decoding of the damaged frame as well as the
knowledge of the undamaged original are required to obtain the resulting distortion; the distortion caused
by propagation is estimated by an empirical model. In [179], the distortion over the whole sequence is
estimated for both compression and packet loss impairments.

Our proposed scheduling mechanism deals with RLC PDUs. We thus need a distortion model with
RLC PDU granularity, instead of the more common IP/RTP/NALU granularity. The task of designing
such a model is somewhat simplified by the fact that the decoder will not be able to recover information
in PDUs after the first lost PDU of a NALU. Thus, if a NALU is made up of k PDUs, only k cases need
to be tested. The impairments caused by the loss of a PDU will propagate from the frame of origin to all
frames that reference it. Thus, we subdivide the distortion estimation into two steps:

1. determine the primary distortion, i.e. the distortion within the frame caused by a lost PDU,

2. determine the distortion propagation, i.e. the distortion in the following frames until the end of the
GOP.

Note that the distortion is estimated after error concealment, and therefore depends on the performance
of the latter. The estimation considers the position and amount of lost data, as well as the size of the
corresponding picture area. The number of lost/damaged MBs required by the model can be obtained
without fully decoding the video as a proportion of the MBs per NALU packet (if it is fixed) corresponding
to the proportion of lost RLC PDUs, by reading of the entropy encoded stream (without decoding the
video) or by extra signaling.

The acquisition of the data necessary to build the model is detailed in [137]. In order to build a model
based on the obtained data set, the estimated primary distortion ε̂0 has to be represented as a function of
the number of missing RLC packets (PDUs) N and the corresponding number of missing macroblocks
M:

ε̂0 = f (M,N). (1)

The task is to find an appropriate model function f (.) and its best fitting parameters for the given scenario
(i.e. encoder settings/error concealment assumptions).

The distortion grows monotonically with increasing number of missing RLC PDUs. We observed
that this growth is better described by a rational rather than exponential function. With increasing number
of missing MBs, the distortion decreases. Thus, we propose the distortion model

ε̂0 = ea·M+ b
N +c (2)

with parameters a,b, and c determined by least square fitting. For the model data set, the following values
were obtained: a =−0.041, b =−6.371, and c = 4.482.
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In order to model the error propagation in a GOP, all obtained distortion sequences {εk}k=1,2..., where
k is the frame index, were normalized by the corresponding primary distortion ε0. On average, an expo-
nential decrease was observed:

ε̂k = ε̂0 · e−s·k, (3)

where s determines the speed of decay, which depends strongly on the nature of the motion in the se-
quence. Since we assume that only M and N are available, the error propagation has to be estimated by
an average over all sequences in the model data set. The decay thus obtained is s = 0.08.

Video sequence ρ(ε0) ρ(εk)
1 0.86 0.84
2 0.88 0.81
3 0.85 0.78
4 0.68 0.80
5 0.84 0.77
6 0.87 0.85
7 0.79 0.67
8 0.83 0.73

Table 2: Performance of the distortion estimation for video sequences in the model data set (1–5) and
new sequences (6–8).

The estimation performance of the proposed method was tested for all video sequences in the model
data set, as well as for three additional ones. Table 2 summarizes the results in terms of Pearson correlation
coefficient ρ for both primary distortion and error propagation model, obtained by decoding of all possible
RLC PDU loss error patterns.

The performance of the distortion estimation varies for different video sequences. Especially scene
cuts and frames with significant amount of I-MBs cause lower correlation. However, in the scheduling
application absolute distortion values are not as important as the relation between the distortions caused
by different error patterns.

2.1.3.3 Link Error Model

Based on the analysis of the link error characteristics from UMTS DCH (Dedicated Channel) measure-
ments in live networks [100], we know that there is correlation and thus memory in the link. Furthermore,
in [99] the authors have shown that the impact of the UMTS DCH quality based power control — which
provides error prediction properties — on the link error characteristics becomes significant especially in
static scenarios.

Defining the number of subsequently received erroneous TBs (Transport Blocks) as error burst, the
successive error-free TBs as error gap, and erroneous TBs which are separated by less than or equal to 12
(for the 384 kbit/s bearer) error-free TBs as error cluster (Fig. 4), we can describe the UMTS DCH link
error process in the following way.

Due to the effects of jointly coded and interleaved TBs within one TTI (Transmission Timing Inter-
val), the UMTS radio link produces error bursts which are separated by short gaps (gap length ≤ 12).
These bursts and short gaps, lying within up to three successive TTIs, then form an error cluster. The
power control algorithm of the UMTS DCH separates successive clusters by long gaps in order to reach
the link quality target (block error rate of 1% in the considered networks) as illustrated in Fig. 4.

For a prediction of future link errors, the knowledge of past transmission errors is necessary at the
transmitter. That is accomplished in UMTS via the RLC AM (Radio Link Control Acknowledged Mode).
Of course, the transmitter receives the RLC AM error feedback information from the receiver after a
certain feedback delay dFB which is in the order of three TTIs (= 30 ms for the measured 384 kbit/s

Reference DR.7.1
10 / 74



216715 NEWCOM++ DR.7.1

short gap

dmindFB

FB:

Tx: ...

...

time
Li

low Pe > mean Pe

long gap burst

clusterTB

Figure 4: Schematic illustration of the link error characteristics for UMTS DCH in downlink direction.

bearer). Thus, error prediction within one error cluster is not possible but the location of the error clusters
or in other words the length of the long gaps can be estimated.

We have shown in [99] that the lengths of the long gaps are not geometrically distributed, thus pro-
viding memory. Furthermore, it was argued that the long gaps follow a Weibull distribution with shape
parameter a > 1, meaning the distribution is convex from zero up to the inflection point (mode). This
leads to a region with a very small probability of having gaps between the maximum of the short gap
lengths (∼= 12) and about 300 TBs [99]. Therefore, if within a time interval dmin (larger than the maxi-
mum of the short gaps) after the last error there are no error reports, we can assume to be out of an error
cluster, within a long error gap and thus at the beginning of an interval with a very low probability for the
occurrence of another error cluster, due to the convex distribution of the long gaps.

This capability of predicting the start of intervals with very low error probability has already been
used by the authors for cross-layer optimized video streaming (presented in [98]), where a significant
gain in quality of the streamed video was obtained. For the scheduling mechanism presented in this work
it is not enough to detect the beginning of the intervals with very low error probability at dmin after the
last error report, but it is also necessary to estimate the length Li of these intervals.

To determine the length Li of the intervals with lower error probability, we make use of a theoretic
analysis with long gaps separating single error events only. In Fig. 5 the simulated error probability Pe

at a point x TBs after an error event (in practice corresponding to the occurrence of an error cluster) is
presented with Weibull-distributed gap lengths. We can see from this curve that the error probability is
very small right after an error event, staying below the total mean error probability until approximately
2500 TBs. In practice, we may estimate Li via the intersection of this conditional mean curve with the
unconditional mean P̄e.

To obtain an analytic expression for Li we first compute the steady state error probability Pe,ss. Let L
be the random variable measuring the time (distance) between two error events. Assuming that the error
process is stationary, Kac’s lemma [93] implies that

Pe,ss =
1

E{L} , (4)

where E{L}= ∑
∞
i=1 i ·P(L = i) is the average recurrence time corresponding to the average gap length.

It turns out that the stationarity assumption holds over longer ranges, but not in immediate succession
to an error event, where the (measured) error probability is actually lower than the steady state error
probability Pe,ss. Therefore, we approximate the probability Pe(l) of having an error at the lth TB after an
error event assuming that the steady state is reached before the third error after the initial error event:

Pe(l) ∼= P(L1 = l)+P(L1 +L2 = l)
+Pe,ss ·P(L1 +L2 < l). (5)

Here, L1 and L2 denote the gap lengths before the first and the second error, respectively. The result (blue
dashed curve in Fig. 5) shows that taking the intersection between this curve and the total mean as the
end of Li gives a good approximation, whereas the assumption of reaching the steady state after the first
error leads to an underestimation of Li (grey dashed curve).
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Figure 5: Pe for Weibull distributed long gaps (Weibull shape parameter a = 2.176, scale parameter
b = 3350).

2.1.3.4 Scheduling Mechanism

The proposed scheduling mechanism using link error prediction and distortion estimation is illustrated in
Fig. 6.

Transmitter
(codec)

Scheduling Receiver

Distortion
model

Link error
model

RNC

distortion
number of
RLC PDUs

data

reordered
dataerror prediction

information

error feedback

Figure 6: Functional scheme of the proposed scheduling mechanism.

The performance of the scheduler can be controlled by the scheduling buffer length Lb ≥ Li and the
maximum acceptable delay dmax. The delay dmax depends on the requirements of the service; it should
be chosen smaller than or equal to the application’s play-out buffer length. Moreover, the maximum gap
length provides a guiding value for determining the size of dmax.

Based on the RLC feedback from the receiver, the link error model identifies the transmission intervals
with low error probability and delivers this information to the scheduler. The distortion model provides
an estimation of the cumulative distortion ε̂Σ that would be caused by the loss of a particular RLC PDU.
This is calculated for every RLC PDU in the scheduling buffer as

ε̂Σ =
m

∑
k=n

ε̂k−n, (6)

where n denotes the number of the frame where the RLC PDU under consideration is located and m is
the number of frames in the GOP.
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At each step, if an RLC PDU remained in the scheduling buffer longer than dmax, then it is scheduled
immediately. Otherwise, at each step within the time interval Li, the RLC PDU associated with the highest
estimated cumulative distortion ε̂Σ is chosen from the scheduling buffer. Outside the interval Li, the RLC
PDU with the lowest ε̂Σ is scheduled. If several RLC PDUs have the same (lowest or highest) value of
ε̂Σ, the oldest among them is scheduled.

2.1.3.5 Experimental Results and Conclusions

We implemented all presented methods using the Joint Model reference software [73]. We chose the
music video clip sequence “videoclip” as a test sequence, since it contains a variety of different scenes
separated by cuts and gradual transitions. The sequence was encoded with the same settings as those used
for the distortion model. Its transmission was simulated 1500 times (representing ∼3h of video) for each
of the considered methods to obtain sufficient statistics. The CRC of the RLC PDUs (q = 320 bits) was
used to detect errors. Decoding of a video slice was performed up to the first erroneous RLC PDU within
the corresponding packet, as proposed in [136]. The following methods were compared:

• Without scheduling: decoding using unchanged link error traces obtained from measurements in
a live UMTS network,

• Scheduling limit: achievable limit under assumptions that the position of errors is known and both
dmax and Lb are larger than one entire video sequence,

• I scheduling: prioritized scheduling of the I frames as proposed in [98], but assuming the usage of
the correctly received data from NALU up to the first missing RLC PDU,

• RLC scheduling: configurations of the proposed method for different dmax and Lb.

Here we present simulations for combinations dmax = 8400 TBs, Lb = 3600 TBs and dmax = 3600 TBs,
Lb = 1200TBs (denoted further as 8400/3600 and 3600/1200), which corresponds to the maximum delay
of 7 and 3 seconds, respectively.

Fig. 7 shows the empirical CDF of frame PSNR for the presented methods. It illustrates well the
difference between the I scheduling and the RLC scheduling method. All CDFs approach one at the
PSNR = ∞ (error-free frames). The I scheduling method globally reduces the number of erroneous frames
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Figure 7: CDF of frame PSNR achieved by presented scheduling methods.

since it moves the errors from the first frame in GOP to the later ones, making the error propagation
chain shorter. The proposed RLC scheduling reduces the number of frames with higher distortion and
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consequently increases the number of frames with lower distortion. It can even happen that the total
number of frames containing an error (even small) increases after applying RLC scheduling. This is
caused by burst errors possibly affecting multiple frames, since we do not consider the combinations of
errors in time; i.e. if an error occurs followed by another error in the next frame at the same position,
then the cumulative distortion is smaller or equal to the sum of the two distortions. However, as we
do not have an information about the motion between the two frames, we cannot reliably determine the
additional distortion caused by another error. Moreover, considering all possible combinations of two and
more errors would increase the complexity of the scheduler considerably.

Fig. 8 depicts the PSNR over the frames of the tested “videoclip” sequence. Again, the difference
between the I scheduling and RLC scheduling can be seen. The PSNR at the end of the sequence decreases
for the RLC scheduling. This effect is caused by the high predicted distortions for a loss of the first frame.
In our simulation we encoded the video sequence 1500 times, thus the first frame follows after the last one
again. Since the first frame is concealed only by spatial error concealment, the corresponding distortion
caused by a loss of its parts is higher.
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Figure 8: PSNR in time: comparison of presented scheduling methods.

In Table 3, the proportion of error-free frames is summarized together with the mean distortion for all
presented methods. The I scheduling is not as sensible to smaller dmin as the RLC scheduling.

Conclusions: We investigated an RLC layer based scheduling for UMTS that makes use of both dis-
tortion estimation and link error prediction. We proposed a distortion model that allows for estimation
of distortion caused by loss of RLC PDUs without decoding the video stream. Based on the prediction
of intervals with low error probability, the scheduler prioritizes the RLC PDUs whose loss would lead
to highest distortion. We used error traces obtained from live UMTS network measurements for our
experiments. The proposed scheduling method gains in average 2 dB compared to common (in-order)

Method Error-free Mean PSNR
frames [%] [dB]

Without scheduling 73.86 29.29
I sched. (dmax = 3600TBs) 76.27 30.26
I sched. (dmax = 8400TBs) 76.63 30.32
RLC sched. (3600/1200) 66.07 30.44
RLC sched. (8400/3600) 73.01 32.03
Scheduling limit 82.09 35.53

Table 3: Number of erroneous frames and mean PSNR for the presented scheduling methods.
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scheduling. Since the loss of packets containing I frames usually causes the highest distortions, we com-
pared the proposed scheduler (based on the distortion model) with a scheduler that prioritizes the packets
belonging to I frames. The gain achieved by using the distortion model is then still about 1 dB. These
gains are significant from the point of view of user perception.

2.2 Perspectives

2.2.1 Permeable soft protocol stack

one aim of the work in this topic consists in using the various source of redundancy in the protocol stack
to recover headers, increasing the amount of packets that can be used for robust decoding at APL layer.
As a result, the efficiency of joint source-channel decoding techniques at APL layer may be improved in
any case: (i) when retransmissions are allowed (point to point communication), they are performed the
least often, (ii) when higher layer redundancy has been introduced to circumvent the problem (e.g. the
so-called MPE-FEC of the MAC layer in DVB-H), our strategy at least allows to reduce it, and finally
(iii) when no retransmission is allowed, it improves the quality of the video, because error concealment
is used less frequently.

Two main ideas may be put at work. First, intra-layer and inter-layer redundancy is present in the
protocol stack of Figure 1, and in many other protocol stacks. This redundancy has been exploited in
the Robust Header Compression (ROHC) mechanism [28] which replaces the headers introduced by the
RTP, UDP, and IP layers by a compressed version. Here, this redundancy is used to build some a priori
information on erroneous headers, which will facilitate their estimation. Second, CRC and checksums
are used as error-correcting codes. This technique has been previously proposed in [142] and in [125].

Payload n in Soft Info (L - 1)

Payload n (L)Header n (L) CRCn (L)

Header Recovery

of Layer L

Layer L - 1

Layer L

Intra-Layer

Redundancy

Redundancy of

N - 1 Layer

Payload n in Soft Info (L)

Layer L + 1

Redundancy of

N + 1 Layer

Packet n - 1 Packet n

Header n (L + 1) Payload n (L + 1) CRCn (L + 1)

Figure 9: Proposed permeable layer mechanism

Header recovery combines soft information provided by the lower protocol layers, properties of the
CRC or checksum, as well as a priori information obtained by a careful examination of the protocol.
Figure 9 illustrates the way soft information is transmitted from layer L− 1 to layer L + 1 through the
permeable layer L. This figure also summarizes the various sources of redundancy used to facilitate
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the header recovery at layer L. Albeit the header is removed after decoding, its information fields are
necessary to help in the delivery of the payload to layer L+1, for further processing.

Emphasis will put first on the PHY and MAC layers of WiFi, as examples of a very generic situation,
but the permeable layer mechanisms may be applied to many protocol layers.

In this context, ARQ mechanisms have to be modified to account for the fact that erroneous packets
may reach upper layers to be protected. Soft ARQ mechanisms have to be defined.

The data encryption at a given protocol layer may also be exploited in a useful way to allow error
detection/correction of headers of the upper layers. The interaction between JSCD and data decryption
has also to be examined.

2.2.2 Optimal JSCD algorithms with reduced complexity

Optimal or near-optimal decoder may be obtained by combining VLC grouping tools as proposed by [131]
and trellis state aggregation tools presented in [88].

Optimal JSCD algorithms with reduced complexity may be especially useful when considering JSCD
techniques to allow packets to reach upper protocol layers. Information contained in headers at layer L
have to be correctly estimated at that layer using soft information provided by layer L− 1. Payloads at
layer L will be processed at layer L+1 and are not significant at for layer L. When a channel code (CRC
or checksum) protects both header and payload at layer L, it may be useful to resort to marginalisation to
focus on the header. Efficient techniques for decoding these header and using the redundancy of the CRC
may be developped using tools inspired from [217].

2.2.3 Cross-layer optimization

In the process of globally optimizing the efficiency of the multimedia transmission, some redundancy is
introduced at many layers of the protocol. The best allocation of this redundancy, within the context of
JSCC/D, has not been found in the literature, thus it will be addressed here.

Traditionnally, protocol stacks are designed in such a way that the channel codes at PHY layer provide
approximatively error-free packets to upper layers. The intermediate layers then check whether packets
still contain errors and discards those which are not error-free. The lower layers of the protocol stack
thus transform a channel introducing noise at a bit or symbol level into a packet-erasure channel. Packet-
erasure correcting codes may then be used at upper layers, see e.g., MPE-FEC in DVB-H [53].

Clearly, this design is fairly compatible with the needs of JSCD techniques, which were first designed
to work at APL using soft information on bits. The use of JSCD techniques at lower protocol layers
may help to feed the APL layer with soft information available at PHY layer. It is thus a preliminary
unavoidable to consider a cross-layer optimization accounting for the presence of JSCD techniques at
APL layer.

Once this first step is completed, several other problems have to be investigated. The efficiency
of the redundancy introduced at several protocol layers has to be investigated. This problems is partly
investigated in WP R7.4. The study of distance spectra of channel and source codes (especially when they
show some error-correcting capabilities) is an interesting tool for that purpose. EXIT charts [187] is now
a widely used tool to evaluate the performance of concatenated codes. It has been used to evaluate the
performance of concatenation of source and channel codes [87]. These tools allow a joint optimization
of source and channel coding. Nevertheless, usually source and channel codes are situated in very distant
layers of the protocol stack, which does not facilitate analysis. Good models of the efficiency of JSCD
techniques at lower layers may thus be useful. Among the other problems which have to be focused on,
one may need to consider adaptive link layer techniques, intelligent packet scheduling, video distortion
modeling...
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3 TASK TR7.2 NEW TOOLS FOR JSCC/D

This section summarizes the state of the art and the main technical challenges related to novel tools for
JSCC/D.

Digital fountain codes represent an innovation in the field of coding for multimedia applications, due
to their adaptability to time varying network condition, and limited computational complexity at both the
encoder and the decoder side. The principles of digital fountain codes are recalled in sect. 3.1.1. Unequal
error protection is a tool that fits the scalable nature of modern multimedia encoders, such as H.264/SVC.
In fact, the hierarchy among layers makes it necessary to allocate different protection levels to each of
them. UEP schemes that have been proposed in the scientific literature, for binary erasure as well as other
channel models, are described in sect. 3.1.2. Multiple description coding methods are briefly described
in sect. 3.1.3. The state of the art related to JSCC for fading channel without channel state information
is described in sect. 3.1.4. Finally, in sect. 3.2 the main open issues related to innovative JSCC/D tools,
and which are likely to be addressed in the technical community in the near future, are discussed and
commented.

3.1 State of the art

3.1.1 JSCC with fountain codes

Raptor codes [177], a class of fountain codes [33] for packet erasure recovery, have been recently selected
for Multimedia Broadcast Multicast Service (MBMS) download delivery [2]. Such codes show appealing
properties, among which linear time encoding, near-optimum erasure recovery capability under maximum
likelihood (ML) decoding, and efficiency with a large range of file sizes. Similar properties have been
recently obtained also using judiciously designed low-density parity-check codes [146, 147]. Thanks to
these attractive features, Raptor codes represent excellent candidate for reliable file delivery over mobile
broadcast networks.
Fixed-rate Raptor codes
Raptor codes were introduced by Shokrollahi in [177]. They are an instance of the concept of fountain
code, which is commonly used to refer to a code which can produce on-the-fly any desired number
of encoded symbols from k information symbols. [33] and, thanks to the large degrees of freedom in
parameter choice, they can be applied to several systems, increasing their reliability. Recently, a fully
specified version of Raptor codes has been approved as a means to efficiently disseminate data over a
broadcast network [2, Annex B]. A (n,k) fixed-rate Raptor code can be obtained by limiting to n the
amount of symbols produced by the Raptor encoder. Fixed-rate Raptor codes derived from the MBMS
standard [2, Annex B] are currently under investigation for the multi-protocol encapsulation (MPE) level
protection within the DVB standards family [48]. In the following, we will provide first a description
of the Raptor codes specified in [2, Annex B], including some insights on their encoding and decoding
algorithms.

The Raptor code can be viewed as the concatenation of several codes. For example the Raptor encoder
specified in [2] is depicted in Fig. 10. The most-inner code is a non systematic Luby-transform (LT)
code [120] with L input symbols F, producing the encoded symbols E. The symbols F are known as
intermediate symbols, and are generated through a pre-coding, made up of some outer high-rate block
coding, effected on the k symbols D. The s intermediate symbols Ds are known as LDPC symbols, while
the h intermediate symbols Dh are known as half symbols. The combination of pre-code and LT code
produces a non systematic Raptor code. The parameters s and h are functions of k, according to [2].
Some pre-processing is to be put before the non-systematic Raptor encoding to obtain a systematic one.
Such a pre-processing consists in a rate-1 linear code generating the k symbols D from the k information
symbols C. LT codes are the first practical implementation of fountain codes. An unique encoded symbol
ID (ESI) is assigned to each encoded symbol. Starting from an ESI i, the encoded symbol Ei is computed
by xor-ing a subset Θi of di intermediate symbols. The number di, known as the degree associated with
the encoded symbol Ei, is a random integer between 0 and L−1: the di intermediate symbols are chosen
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Figure 10: Block diagram of the systematic Raptor encoder specified in [2].

at random according to a specific probability distribution. As a consequence, in order to recover the
information symbols the decoder needs both the set of encoded symbols Ei and of the corresponding Θi.
This last information can either be explicitly transmitted or obtained by the decoder through the same
pseudo-random generator used for the encoding, starting from ESIs, which have therefore to be sent
together with the corresponding encoded symbols.

Some of the main properties of LT codes are that the encoder can generate as many encoded symbols
as desired and that the decoder is able to recover the block of source symbols from any set of received
encoded symbols, whose number is only slightly greater than that of the source symbols (in fact the
code claims a low level of overhead). A Raptor code, whose core consists of an LT code, inherit such
properties. The addiction of a pre-coding phase is used to obtain an encoding/decoding complexity linear
with k; a feature which is missing in the mere LT code.
Fixed-rate Raptor generator matrix
Considering a systematic Raptor code as a finite length (n,k) linear block code (fixed-rate Raptor code),
we can ask what is the structure of its generator matrix. This problem is addressed next for the Raptor
code specified in [2]

The generator matrix of the first pre-coding stage is given by [Ik|GT
LDPC]T. According to the spec-

ifications in [2], GLDPC consists in columns all of weight equal to 3, regardless the value of k. On the
other hand, the generator matrix of the second pre-coding stage is given by [Is+k|GT

H]T, where GH is a
(h× (s+ k)) matrix consisting in columns all of constant weight: each column is an element of the Grey
sequence of weight h′, where h′ = dh/2e. Finally, let us denote by GLT the (n×L) LT code generator
matrix (regarded as a finite length n linear block code). It is built in such a way that the row of index i has
di ones in Θi positions, where di and Θi are derived from the ESI i, through pseudo-random algorithms
described in in [2]. Next, we use the notation GLT(i1, i2, . . . , ir) to denote the (r×L) submatrix of GLT
composed of the rows with indexes (i1, i2, . . . , ir). The notation GLT is equivalent to GLT(1, . . . ,n).

The L = k + s+h intermediate symbols F are obtained from D as

F =

 D
Ds

Dh


through the relations

Ds = GLDPC ·D (7)

Dh = GH ·
[

D
Ds

]
. (8)
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The intermediate symbols F are the inputs to the LT encoder for deriving the n encoded symbols E as

E = GLT ·F. (9)

Let us subdivide GLT as

GLT =
[

GI
LT GII

LT GIII
LT
]
,

where the sizes of the three submatrices are (n× k), (n× s) and (n× h), respectively. If also GH is
subdivided as

GH =
[

GI
H GII

H
]
,

that is into two submatrices whose sizes are (h× k) and (h× s), respectively, then the non-systematic
Raptor code generator matrix can be expressed as

GR,n-sys = GI
LT +GII

LT ·GLDPC

+GIII
LT
(
GI

H +GII
H ·GLDPC

)
which satisfies the relation:

E = GR,n-sys ·D.

Let’s now subdivide GR,n-sys into the two submatrices GI
R,n-sys and GII

R,n-sys, whose sizes are (k× k)
and ((n− k)× k), respectively:

GR,n-sys =
[

GI
R,n-sys

GII
R,n-sys

]
.

For a systematic code it must be valid the following

Ei ≡Ci ∀i = 1, ...,k ,

and therefore

[
GI

R,n-sys
GII

R,n-sys

]
·D =

[
E[1,..,k]
E[k+1,..,n]

]
(10)

=
[

C
E[k+1,..,n]

]
. (11)

We have introduced in (10) the notations E[1,..,k] and E[k+1,..,n] to denote the first k and the last n− k
encoded symbols, respectively.

We can state that the pre-processing matrix generating D from C can be obtained by

G−1
T = (GI

R,n-sys)
−1

and, as a consequence, the systematic Raptor code generator matrix is

GR,sys =
[

Ik
GII

R,n-sys

]
(12)

In (12) Ik denotes the (k× k) identity matrix. Obviously, GI
R,n-sys can be inverted if and only if it has

full rank k. By initializing the random generator of inner LT code through the so-called systematic index
(defined in [2]), this property is fulfilled for all k = 4, . . . ,8192.
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Figure 11: Structure of the encoding matrix A for an (n,k) Raptor code specified in [2] (L = k + s+h).

Raptor Encoding
The relations (7), (8) and (9) can conveniently be represented as:

A ·F =
[

0
E[1,..,n]

]
whereby A is a ((s+h+n)× (s+h+k)) binary matrix called encoding matrix, whose structure is shown
in Fig. 11. In this figure, Is is the (s× s) identity matrix, Ih is the (h× h) identity matrix and Z is the
(s×h) all-zero matrix. The matrix A doesn’t properly represent the Raptor code generator matrix (which
is defined in (12) instead), but includes the set of constraints imposed by the pre-coding and LT coding
together. We use next the notation A(i1, i2, .., ir) to indicate the ((s+h+ r)×L) submatrix of A obtained
by selecting only the rows of GLT with indexes (i1, i2, .., ir). Again, A is equivalent to A(1, . . . ,n).

A possible Raptor encoding algorithm exploits a submatrix of A. Such a matrix, consisting of the first
L rows of A, is used to obtain F solving the system of linear equations:

A(1, ...,k) ·F =
[

0
C

]
.

At this point it is sufficient to multiply F by the LT generator matrix to produce the encoded symbols E,
according to (9).
Raptor Decoding
The most direct way to decode the received sequence lies in inverting each encoding step of Fig. 10;
in this case you work on individual sub-codes. When using ML decoding at each sub-code, such a
method requires the inversion of a matrix for each code, so it doesn’t appear to be the best solution from
the computational viewpoint [121]. Moreover, if the number of received encoded symbols is not larger
enough than (which in many cases may mean much higher than) the number of source symbol k, it shows
an high failure probability.

For example, let’s assume that only a subset of encoded symbols of ESIs (i1, i2, ..., ir) are available at
the decoder. The first step the decoder should perform is to solve the system of linear equations:

GLT(i1, i2, .., ir) ·F = E[i1,i2,..,ir].

The matrix GLT(i1, i2, .., ir) has (r×L) size and, obviously, the necessary condition to solve the system
is that r ≥ L. If such a condition is not fulfilled, the decoding fails. It means that to recover the source
symbols the decoder requires at least L encoded symbols (let’s recall that L = k + s+h).
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Figure 12: Overview of the encoding and decoding process for the systematic Raptor code specified
in [2].

Such a method doesn’t exploit the fact that the L intermediate symbols are not independent from each
other, but subject to the pre-coding constraints, instead. Therefore, to obtain the intermediate symbols F
by using a submatrix of A (which consider such constraints) turns out to be a far more efficient solution.

According to the above-mentioned assumption, the first decoding step will turn into:

A(i1, i2, .., ir) ·F =
[

0
E[i1,i2,..,ir]

]
where A(i1, i2, .., ir) is a ((s+h+r)×L) matrix, as defined above. The system can be solved by Gaussian
elimination (ML decoding) if and only if s+h+ r ≥ L, that is r ≥ k. In this way the number of encoded
symbols required at the decoder is definitely lower compared to that in the previous case and, notably, is
close to the number of source symbols k. Once F is known, the source symbols F are easily recovered by

C = GLT(1, ...,k) ·F.

To sum up, when the described encoding and decoding algorithms are employed, both the encoding and
the decoding are performed by making use of operations which are analogous in the two case (Fig. 12).

If we take into consideration the first decoding step, an algorithm to perform Gaussian elimination
in a more efficient way on A(i1, i2, .., ir) has been proposed in [annex E]. This algorithm share some
similarities with that proposed in [30] for LDPC codes. In both cases, the erased symbols are solved by
mean of a structured gaussian elimination (GE), exploiting the sparse nature of the equations to reduce
the size of the matrix on which brute-force GE is performed. The targets of the structured GE are HK
for low-density parity-check (LDPC) codes and A for Raptor codes. Consider now a (n,k) LDPC code
and its fixed-rate Raptor counterpart. Suppose also an erasure pattern (introduced by the communication
channel) leading to a small overhead δ , i.e., that the amount of correctly received symbols is k + δ . On
the LDPC code side, the structured GE will be performed on HK with size (n− k)× (n− k−δ ). For the
Raptor code, the structured GE will work on A with size (k + δ + s + h)× (k + s + h). Hence, while for
the LDPC code the complexity of the ML decoder is driven by (n− k) (i.e., the amount of redundancy,
thus from the code rate R), for the Raptor code the complexity depends just on k (i.e., it’s code rate
independent). The result is that for code rates greater than 1/2 LDPC codes have an inherent advantage
in complexity, while for lower code rates Raptor codes shall be preferable.

3.1.2 JSCC using UEP

Modern multimedia communications encompass novel scenarios in which contents can be consumed
using different terminals and access networks. For example, users may want to stream their own video
contents to a virtual community, using terminals equipped with different capabilities in terms of power
consumption, memory, computational resources and visual resolution, including hand-held terminals or
cell phones. The contents may be accessed using broadband networks such as DSLs, optical cable or
WiMax, but also full mobility GPRS/UMTS or beyond 3G networks. In home distribution using WiFi
connection is a today’s reality.
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In this situation, scalability is a key feature. It allows the video quality to be matched with the
capabilities of the terminal at hand, and enables graceful degradation capabilities in case of unreliable
transmission. Of course, the hierarchical data partitioning of a scalable encoder demands for unequal
error protection strategies.

Let us focus on a scenario where data are transmitted on unreliable, bandwidth limited, non prioritized
networks, with all packets encompassing the same loss probability. We assume that packets may be lost
due to congestion or errors detected at the physical layer; we do not consider the situation where packets
affected by bit errors are delivered to the upper layers. In other words, we employ a binary erasure channel
(BEC) transmission model where the basic transmission units are packets. We assume that retransmission
strategies cannot be addressed to ensure reliable transmission, due to delay constraints of real time video
streaming, and possibly network flooding problems typical of broadcast or multicast applications. In this
context, it is important that all the received packets be exploited at the application layer; on the other
hand, if packets built on top of a layered or progressive source, the loss of a base layer packet prevents
one from exploiting the subsequent ones, even though correctly received. At present, unequal error
protection (UEP) is implemented using forward error correction (FEC) codes at the application layer.
The most popular UEP methods for BEC transmission model (also known as unequal loss protection -
ULP - schemes) make use of Reed-Solomon (RS) codes [129, 133, 134]. The basic concept is to arrange
fragments of progressively encoded data in the rows of a matrix, allocating different RS codes to each
fragment, and transmitting the columns of such data matrix. The rates of the codes to be employed are
obtained as the result of an optimization procedure, aiming at maximizing the expected peak signal-to-
noise ratio (PSNR) at the receiver side, given the packet loss probability and the source RD characteristics.
As the code allocation procedure is very demanding, alternative, suboptimal yet efficient algorithms have
been proposed (see for example [154]). Recently, UEP systems have been designed using LDPC and
turbo codes, for the situation of transmission over binary symmetric (BSC) and fading channels. For a
thorough review of such methods, the interested reader can refer to [75].

A recent topic is the use of rateless codes, as those described in Sect. 3.1.1, to enable unequal loss
protection capabilities. In fact, such codes do not assume any knowledge of the channel; therefore, they
are suitable for lossy multicast channels, non uniform or time varying channels, BEC channels with
unknown or varying erasure probability. A design of rateless codes with UEP capabilities is proposed
in [155]. These codes enjoy the property that some portions of the data turn out to be natively more
protected than others. This feature is achieved imposing that not all the input nodes have the same
probability of being selected in forming each output node. The variable nodes are partitioned into subsets,
and the probability of selecting a node is uniform within each subset, but different from set to set. To
increase the recovery probability of nodes in a given set, one has to increase the selection probability of the
nodes in that set. The performance of such generalized rateless codes have been analyzed asymptotically,
showing that they can provide very low error rates for the most important symbols at the expenses of a
limited performance loss as for the least important ones. Finite length codes have also been studied, and
bounds to the error rates of such codes under ML decoding have been worked out. Similarly, in [49],
a short block length fountain code with built-in UEP characteristics is designed for video multicast; it
is based on defining different classes of importance of the input symbols, and different probabilities of
being randomly selected to packets belonging to each class.

Other proposals [107, 182, 209] apply different digital fountains to each data layer. The overhead of
each digital fountain is tuned to as to match the required probability of success in decoding that layer,
as a function of the maximum tolerable delay imposed by the application. Unequal error protection can
also be achieved by means of sliding window mechanisms, extending the principle proposed in [27]. For
example, in [168], the input data block is ordered so as to be progressive (the first symbols are the most
important ones). Then, the block is divided into embedded windows, so as the number of windows a
symbol belongs to is proportional to its relevance. Digital fountains are successively enabled on such
windows, so leading to a large probability of decoding the most important part of the stream.
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3.1.3 JSCC using MDC

Multiple description coding represents a possible alternative to UEP for the protection of multimedia data.
In MDC [64], non hierarchical representations of the source are generated, yielding mutually refinable in-
formation. The quality at the receiver side only depends on the number of successfully received packets,
and not on the particular subset or arrival order. Such nice features are paid in terms of some impair-
ment of the compression efficiency, generally measured in terms of the extra rate required by the MDC
scheme, compared to a single description reference system achieving the same performance. However,
as redundancy is unavoidable in every resilient scheme, including those based on FEC, a more sensible
evaluation is in terms of the resiliency/redundancy trade off. The performance of MDC, as well as UEP,
depends on the effectiveness of the policies to trade redundancy for robustness. It is generally recognized
that MDC may be competitive with FEC based techniques, especially when the probability of packet loss
is relevant [112].

Many MDC methods proposed in the scientific literature address the situation of two balanced de-
scriptions, so enabling two quality levels at the receiver side (central and side qualities). Such a class
encompasses MD scalar quantization (MDSQ) [201] and its numerous variants [202, 203]. MDSQ has
been used for image coding in [86, 170]. However, it requires the modification of the quantization stage
of standards; moreover, it can hardly be generalized to N > 2 descriptions [9, 22]. Pairwise correlating
transforms have been proposed, operating on the coefficients in order to introduce redundancy among the
descriptions [50, 63, 210]. Again, for more than two descriptions, grouping coefficients and allocating
redundancy is not trivial [161]. In the perspective of generating an arbitrary number of balanced descrip-
tions and controlling the trade off between central and side qualities, it is worth mentioning methods
based on the polyphase decomposition followed by selective quantization [91].

An interesting topic is the generation of MDC streams that are indeed compatible with standard image
and video codecs. Some recently proposed methods make use of H.264/AVC options such as redundant
slices, data partitioning, flexible macroblock ordering [192, 206] to create two H.264 streams, which can
be either separately decoded, or pre-processed prior to be input to a standard H.264 decoder. These
methods yield good performance when 2 descriptions are generated, but may suffer from suboptimal
redundancy allocation for a larger number of descriptions. In [180], the authors employ a uniformly
distributed random mask for each subband of a wavelet transformed image, so as to generate different
groups. These are then quantized at different rates and combined together to generate the descriptions,
which are compressed with EBCOT [185]. Although EBCOT is the main engine of JPEG 2000, the
implementation of this algorithm for JPEG 2000 requires the modification of the quantization stage, re-
sulting in non-compliant streams. Moreover, the efficiency of EBCOT is impaired due to the perturbation
of the coefficient statistics. In [193], a method is proposed, based on the generation of two JPEG2000
streams encoded at different rates, and on the splitting of codeblocks (CBs) encoded at either rate into two
descriptions. The method is generalized to H.264/AVC video in [164], where intermediate, unbalanced
bit streams are split into two descriptions.

In some situations, generating more than two descriptions may be useful. Generally speaking, the
most suitable number of descriptions to be generated should be input to an optimization procedure, which
takes into account the data rate/distortion (RD) characteristics, the available bandwidth, the packetiza-
tion strategy, and the probability of packet loss. The problem of generating more than 2 descriptions
is addressed in [10, 11] for JPEG2000 data. However, both algorithms suffer of suboptimal redundancy
allocation. A first attempt to overcome this limitation is provided in [190], where the concept of us-
ing multiple rates is introduced, and some simulation results are reported for a Gaussian source. The
comparison of MDC schemes with many descriptions and UEP methods represents an interesting open
issue.

3.1.4 JSCC for fading channel without channel state info

Fading channel occurs naturally as a model in wireless communications. For slow fading, the receiver
can usually recover the channel state information (CSI) accurately, however the transmitter only knows
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the probability distribution of CSI, but not the realization. Such uncertainty can cause significant system
performance degradation, and the broadcast strategy was used in [172], [173] as an approach to combat
this detrimental effect. In this strategy, some information can only be decoded when the fading is less
severe, which is superimposed on the information that can be decoded under more severe fading. Thus
the receiver can decode the information adaptively according to the realization of the channel state. The
similarity to the degraded broadcast channel [39] (see also [43]) is clear in this context, particularly
for channels with a finite number of fading states. Generalizing this view, when the fading gain can take
continuous values, the receiver can be taken as a continuum of users in a broadcast channel. The broadcast
strategy naturally matches the successive refinement (SR) source coding framework [102]- [160], as the
information decodable under the most severe fading is protected the most, and should be used to convey
the base layer information in the SR source coding. As more information can be decoded when the
channel is subject to less fading, more SR encoded layers can be decoded, and the reconstruction quality
improves. In this work, we consider this scheme for a quadratic Gaussian source on a single input single
output (SISO) channel. In order to minimize the expected distortion at the receiver, it is essential to find
the optimal power allocation in the broadcast strategy, and this is indeed our focus. It is worth noting
here that though in [173] the objective function to be maximized is the expected rate, the cross layer
design approach of combining SR source coding with broadcast strategy was in fact suggested (though
not treated) in that work.

Initial effort on this problem was made by Sesia et al. in [171], where the broadcast strategy coupled
with SR source coding was compared with several other schemes. The optimization problem was formu-
lated by discretizing the continuous fading states, and an algorithm was devised when the source coding
layers are assumed to have the same rate. This algorithm, however, does not directly yield the optimal
power allocation when the fading states are discrete and pre-specified, nor does it give a closed-form so-
lution for the continuous case. Etemadi and Jafarkhani also considered this problem in [52], and provided
an iterative algorithm by separating the optimization problem into two sub-problems. In two more recent
works [138], [1], Ng et al. provided a recursive algorithm to compute the optimal power allocation for the
case with M possible fading states, with worst case complexity of O(2M); moreover, by directly taking
the limit of the optimal solution for the discrete case, a solution was given for the continuous case opti-
mal power allocation, under the assumption that the optimal power allocation is concentrated in a single
interval. Similar problems were considered in [36]- [25] in the high SNR regime from the perspective of
distortion exponent.

3.2 Perspectives

3.2.1 Comparison between RS and DFC

The main pros and cons of RS and DF codes are well known. RS codes optimized for erasure channels
are optimal from a theoretical point of view, i.e. they require the minimum possible amount of encoded
symbols to recover the whole data block. RS have been used for many years in several applications.
They are non proprietary, and co-decoding algorithms are freely available. On the other hand, when
using RS codes, one has to fix the coding rate in advance; therefore, RS are not adaptive with respect
to varying network conditions. RS codes operate over Galois fields, and this limits the flexibility in
defining symbol and block sizes. Consequently, their performance is affected on the symbol and block
dimensions, as padding may be necessary to match the actual code constraints. Last but not least, RS
impose rather demanding processing at both the decoder and the decoder side, often requiring hardware
implementation.

DF codes are rateless, so they can be adapted to varying network conditions. However, it should be
noted that the delay in the decoding process is indeed dependent on the erasure probability, and it should
be kept into control if such codes are applied to delay sensitive data such as real time video. When using
DF codes, a code overhead must be accounted for, depending on the desired probability of decoding
success. Some efficient DF codes (such as raptor codes) are commercial. On the other hand, DF codes do
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not impose any limitation as for the symbol and block sizes. The co-decoding complexity of raptor codes
is linear with the block size, hence significantly less than RS.

From this brief discussion, it turns clear that the relative advantages of each class of codes depends
on many application details:

• Actual need of flexibility (to what extent are the network parameters time varying?).

• Available computational resources.

• Delay requirements.

• Block and symbol sizes.

• Required probability of correct decoding (related to the necessary coding overhead).

For all these reasons, we can conclude that a thorough comparison of these two code families is not
available at present, for sensible case studies and applications.

3.2.2 JSCC for fading channel

Our perspective is to focus on two central aspects of the problem: firstly, devising a new algorithm that
can compute in linear time, i.e., of O(M) complexity, the optimal power allocation for the case with M
fading states; secondly, we aim to derive for the continuous case optimal power allocation solution by
the classical variational method [61]. Such a result will be more general than that in [1] as it removes
the restriction that the optimal power allocation is concentrated in a single interval. Both the algorithm
and the derivation rely on an alternative representation of the Gaussian broadcast channel capacity, which
appeared in [194]. The dual problem of minimizing power consumption subject to a given expected
distortion constraint is also of interest. The broadcast strategy coupled with SR source coding can be
considered as a source-channel separation approach with optimized cross-layer resource allocation. More
explicit joint source-channel coding approaches, for example those in [35], [130]- [158], may provide
better performance in the scenario being considered, however this aspect is beyond the current scope of
the work. We nevertheless note that the algorithm which will be developed in the current effort makes
it possible to use the broadcast strategy coupled with SR coding as a benchmark for future investigation
into this joint source-channel coding problem.

3.2.3 Merging successive refinement and broadcast channel coding

The work [212] looked at a problem similar to the one of Section 3.2.2, with the main distinction that
the broadcast nature is retained (i.e. one considers a set of receivers with different fading levels), rather
than averaged over fading realizations. The focus in [212] is on code designs for a continuously degraded
Gaussian broadcast channel, that is a continuous range of channel SNRs (CSNRs), with the assumption
of perfect channel state information at the receiver (CSIR). However, instead of averaging over a fading
distribution, it formulated broadcast strategies that have a constant rate loss for every CSNR in a range,
compared to a code that maximizes the receiver rate at that CSNR. Thus the goal was to build codes
for the memoryless AWGN channel that are universal over a range of CSNRs, where the price for this
universality is a rate loss compared to the capacity at a given CSNR.

The approach in [212] was to match a successive refinement source code to a superposition broadcast
channel code, thus maintaining source-channel separation in a multi-terminal setting where it does not
hold in general. Future work in this direction could consider generalizing the broadcast strategy via a rate
loss profile, which will be a function of the operational rate-distortion curve and the desired degradation
behavior. Such broadcast strategies can be seen as a first step towards a class of universal codes for a
family of Gaussian channels. One interesting quantity to be studied in this regard is the minimax rate loss

ρ
∗ = lim

n→∞
min
Cn

max
γ∈[γ0,γ1]

C(γ)−RCn(γ), (13)
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where {Cn} is a sequence of random universal codebooks and C(γ) is the capacity of a channel with
CSNR γ . The superposition strategy of [212] provides an upper bound on ρ∗, respectively an inner bound
to the region R of achievable triples (γ0,γ1,ρ).

If the separation between source and channel coding is not needed, the relevant quantity is the mini-
max distortion gap

∆
∗ = lim

n→∞
min
Cn

max
γ∈[γ0,γ1]

DCn(γ)
D(C(γ))

, (14)

where we assumed exponential rate-distortion behavior, so that the distortion ratio is meaningful.
The quantity ρ∗ could be useful to benchmark separation-based digital JSC systems, while ∆∗ could

play the same role for digital JSC without separation.

3.2.4 Joint source coding and network coding

In the approaches described above, the data flows are coded at the source only. However, this strategy
may be suboptimal for multicast traffic, where many sources send their data to many destinations over a
common network. More precisely, a new paradigm has been proposed, where the coding is performed by
the intermediate nodes of the network [5]. This approach is referred to as Network coding and allows sig-
nificant gain with respect to the traditional routing approach, where intermediate nodes can only forward
the received packets. In other words, traditional approaches consist in separating the source coding from
the transport (routing). No general separation results exist. On the other hand, some counterexamples
show that the separation may be suboptimal.

The goal is to study the possible interaction of source and network coding and to propose new coding
strategy at the intermediate nodes that take into account the possible correlation between the data flows.
Special effort will be devoted to the design of low complexity decoder in a realistic scenario. This real-
istic scenario will consist into considering deterministic network coding rather than the more theoretical
random coding. The effect of additional informations [101] about the data flows (correlation), the knowl-
edge of the local topology at each intermediate node [215] will be studied and algorithms that explicitly
exploit this information will be proposed.

3.2.5 Multiple description with side information at the decoder

The problem addressed is robust compression of a source when correlated side information is available
at the decoder. This problem can be seen as a generalization of the multiple description problem with the
inclusion of side information. The rate-distortion region for this problem has been established in [47]. To
our knowledge, no practical scheme based on this theoretical problem has been designed yet. Multiple
description coding has been introduced as a generalization of source coding subject to a fidelity criterion
for communication systems that use diversity to overcome channel impairments. Several correlated coded
representations of the signal are created and transmitted on different channels. The design goals are
therefore to achieve the best average rate-distortion performance when all the channels work, subject to
constraints on the average distortion when only a subset of the channels is received correctly. MDC is an
interesting tool for robust communication over lossy networks such as the Internet, peer-to-peer, diversity
wireless networks and sensor networks. A resilient peer-to-peer streaming approach is proposed in [145]
based on multiple distribution trees introducing diversity in network paths used together with multiple
description coding introducing redundancy in the transmitted data. Jointly optimized multi-path routing
and multiple description coding is also shown in [12] to improve the end-to-end quality of service in
dense mesh networks. The above approaches can be regarded as joint source-network coding techniques.
The objective is to go one step further and consider the case where correlated side information about
the transmitted source is available at the receiver. Multiple description coding with side information at
the receiver is particularly relevant for robust transmission in sensor networks where correlated data are
being transmitted to a common receiver, as well as for robust video compression. The rate-distortion
region for multiple description source coding when side information about a correlated random process
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is only known at the decoder has been established in [47]. Analytical expressions of the rate-distortion
bounds are derived for Gaussian sources and a Gaussian correlation model, assuming the side information
to be common to the two descriptions. We will focus on the design of a practical multiple description
coding scheme with side information at the receiver. It will build upon both multiple description coding
principles and Slepian-Wolf coding principles.
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4 TASK TR7.3 TOOLS FOR MULTI-TERMINAL JSCC/D

4.1 State of the art

4.1.1 Distributed source coding: theoretical background

DSC finds its foundation in the seminal Slepian-Wolf (SW) [178] and Wyner-Ziv (WZ) [220] theorems.
In this section, the principles of Slepian-Wolf and Wyner-Ziv coding as well as the corresponding rate
bounds are first reviewed. For more details, the readers are referred to [62, 152, 221].

4.1.1.1 Lossless coding of correlated sources: Slepian-Wolf coding

Let X and Y be two binary correlated memoryless sources to be losslessly encoded. If the two coders
communicate, it is well known from Shannon’s theory that the minimum lossless rate for encoding X and
Y is given by the joint entropy H(X ,Y ). Slepian and Wolf have established in 1973 [178] that this lossless
compression rate bound can be approached with a vanishing error probability for long sequences, even if
the two sources are coded separately, provided that they are decoded jointly and that their correlation is
known to both the encoder and the decoder. The achievable rate region is thus defined by RX ≥ H(X |Y ),
RY ≥ H(Y |X) and RX + RY ≥ H(X ,Y ), where H(X |Y ) and H(Y |X) denote the conditional entropies be-
tween the two sources. This region is shown in figure 13. Let us consider the particular case where Y
is available at the decoder, and has been coded without information on the source X at its entropy rate
H(Y ). According to the SW theorem, the source X can be coded losslessly at a rate arbitrarily close to
the conditional entropy H(X |Y ) (which is function of the innovation of X given Y ), if the sequence length
tends to infinity. The minimum total rate for the two sources is thus H(Y )+ H(X |Y ) = H(X ,Y ). This
set-up where one source is transmitted at full rate (e.g., RY = H(Y )) and used as side information (SI) to
decode the other one (implying RX = H(X |Y ) or reciprocally) corresponds to one of the corner points of
the SW rate region (see [152]). This operating point is called the asymmetric case and corresponds to the
point A (and reversely point B) in figure 13 (b).
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Figure 13: Distributed source coding of statistically dependent i.i.d. discrete random sequences X and Y .
Set-up (left); achievable rate region (right).

SW code construction: the syndrome approach. Due to the random code generation in the SW the-
orem, the SW proof is non-constructive. However, some details in the proof do give insights on how to
construct SW bound achieving codes. More precisely, the proof relies on binning, i.e. a partition of the
space of the source sequences into subsets (or bins) such that the vectors in the bins are as far apart (or as
much “jointly non-typical") as possible. In 1974, Wyner suggested the use of parity check codes to ap-
proach the corner points of the SW rate region [219]. These corner points (see points A and B in figure 13
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(b)) correspond to the asymmetric case where one source is transmitted at full rate (e.g., RY = H(Y )) and
used as SI to decode the other one (implying RX = H(X |Y ) or reciprocally).

The bins partitioning the space of all possible source realizations are constructed from the cosets of
the parity check code. The correlation between X and the side information Y is modeled as a “virtual”
channel, where Y is regarded as a noisy version of X . The compression of X is achieved by transmitting
only a bin index, i.e., a syndrome. The decoder corrects the “virtual” channel noise, and thus estimates X
given the received syndrome and the SI Y regarded as a noisy version of the original sequence X . More
precisely, the decoder computes the codeword closest to Y in the coset indexed by the syndrome of X .
This approach called “syndrome approach" is shown to be optimal [219], in the sense that if one can
build an optimal code for the virtual channel, then this code will also achieved the corner points of the
Slepian-Wolf region (points A and B in figure 13 (b)).

Recent channel capacity-achieving codes, block codes, convolutional codes [153], LDPC codes [118],
or turbo-codes [195, 196] have been shown to approach the corner points of the SW region. In all these
methods, the encoder computes a syndrome by applying a parity check matrix H. The decoder has to
estimate X s.t.

X̂ = arg min
X :HX=s

d(X ,Y )

Note that the decoder differ from conventional decoders (used in channel decoding), since the optimiza-
tion has to be performed in a coset that may differ from the set of codewords (with syndrome S = 0).

For block codes [153], syndrome decoding is performed. For convolutional codes, [153] proposes
to apply the Viterbi decoding on a modified trellis. If the syndrome is zero the trellis is left unaltered.
However, if the syndrome is non zero, then one arbitrary codeword of the coset is added to all the code-
words that label the edges of the trellis. Finding such a representative is easy if the code is systematic.
Therefore the method work for systematic convolutional only. In [196], the authors propose to first add
an arbitrary codeword (belonging to the same coset as X), then decode (in the coset of the syndrome 0),
and then retrieve the arbitrary codeword. The first operation is called Inverse Syndrome Former. The
advantage of this method is to use a conventional Viterbi decoder. This method can also be applied to
turbo codes [195]. For LDPC codes, the belief propagation decoder can be adapted to take into account
the syndrome [118]. More precisely, the syndrome bits are added to the graph such that. each syndrome
bit is connected to the parity check equation it is related to. The update rule at a check node is modified
in order to take into account the value of the syndrome bit (known perfectly at the decoder). The authors
in [163] propose a SW scheme based on convolutional codes and turbo codes that can be used for any
code (not only systematic convolutional code). Rather than considering the usual trellis based on the
generator matrix of the code, the decoder is based on a syndrome trellis.

SW code construction: the parity approach. The above detailed syndrome approach is optimal [219],
however it may be difficult to construct rate-adaptive codes by puncturing the syndrome. Therefore an-
other approach called “parity approach” has been proposed. The compression of the source X is achieved
by transmitting only the parity bits of the source X . Here again, the correlation between the source X
and the SI Y is modeled as a “virtual” channel, where the concatenation of the SI and the parity bits is
regarded as a noisy version of the concatenation of the source X and its parity bits. The channel is there-
fore a parallel combination of a BSC and a perfect channel. The decoder corrects the “virtual” channel
noise, and thus estimates X given the parity bits and the SI regarded as a noisy version of X . Therefore,
the usual ML decoder must be adapted to take into account that some bits of the received sequence (the
parity bits) are perfectly known at the decoder.

4.1.1.2 Lossy coding of a source with side information at the decoder: Wyner-Ziv coding

In 1976, Wyner and Ziv considered the problem of coding, with respect to a fidelity criterion, of two
correlated sources X and Y [220]. They have established the rate-distortion function R∗X |Y (D) for the case
where the SI Y is perfectly known to the decoder only. For a given target distortion D, R∗X |Y (D) in general
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verifies RX |Y (D) ≤ R∗X |Y (D) ≤ RX(D), where RX |Y (D) is the rate required to encode X if Y is available
to both the encoder and the decoder, and RX is the minimal rate for encoding X without SI. Wyner and
Ziv have shown that, for correlated Gaussian sources and a mean square error distortion measure, there is
no rate loss with respect to joint coding and joint decoding of the two sources, i.e., R∗X |Y (D) = RX |Y (D).
This no rate loss result has been extended in [151] to the case where only the innovation between X and
Y needs to be Gaussian, that is where X and Y can follow any arbitrary distribution.

Coding under a fidelity criterion finds its foundations in quantization theory. Practical code construc-
tions based on the Wyner-Ziv theorem thus naturally rely on a quantizer (source code) followed by a SW
coder (channel code). The source is first quantized using a fine source code. The quantizer partitions the
continuous-valued source space into 2Rs regions (or quantization cells), where Rs is defined as the source
rate in bits/sample. A codeword is associated to each region, thus constructing the source codebook. The
SW coder then partitions the source codebook into 2R cosets, each containing 2Rc (with R = Rs−Rc)
codewords, and computes the index of the coset containing the source codeword. Only the index I of
the coset is transmitted with a transmission rate R ≤ Rs. By exploiting the remaining correlation be-
tween Xq (the quantized version of X) and the SI Y , the SW decoder recovers the source codeword in
a given coset by finding the codeword which is the closest to the observed SI Y . The SW decoder is
followed by an MMSE estimation which searches for X̂ , the reconstructed value of X , minimizing the
expectation E[(X − X̂)2|X̂q,Y ], where Xq is the quantization index of X . A graphical illustration of the
WZ coding steps can be found in [153] with the example of scalar quantization. Under ideal Gaussianity

Quantizer
Quantizer
Inverse

Encoder

Slepian−Wolf Slepian−Wolf

Decoder

MMSE estimation

X̂

Y

RX|Y (D) ≤ R∗
X|Y (D) ≤ RX(D)

X
Xq

X̂ = argminX̂E[(X − X̂)2|Y, X̂q]

X̂q

Figure 14: Wyner-Ziv coding principles.

assumptions, the WZ limit can be asymptotically achieved with nested lattice quantizers. Nested lattice
constructions are proposed for WZ coding in [169], [211], [115]. The source is first quantized using a
fine source code, the coset indexes being then encoded with a SW code which exploits the remaining
correlation between the quantized version of X and the SI Y . However, to minimize the quantization loss,
the lattice quantizer may require high dimensionality, hence high complexity. Solutions based on trellis
coded quantizers [223] are shown to approach the performance of Lattice codes with reduced complexity.

4.1.1.3 Lossy coding of correlated sources: Multiterminal coding.

Gaussian sources Multiterminal (MT) Source Coding is an extension of Slepian-Wolf coding to the case
when one allows distortion in the reconstruction of the two sources [21], [198], [143]. As shown in
Fig. 15, there are two classes of MT source coding problems: the direct and indirect MT source coding
problems. The problem of direct MT source coding consists in finding the achievable rate regions at
which two correlated continuous-valued sources Y1 and Y2 can be separately compressed so that they can
be jointly recovered under the constraints of given distortions D1 and D2. In indirect MT source coding,
the two sources Y1 and Y2 are noisy observations of another source X . The problem is then of finding
the rate regions for the noisy observations Y1 and Y2 so that one can then estimate the source X under
the constraint of a given distortion D. Inner and outer bounds of the rate regions have been derived for
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different MT coding problems, and in particular for the Gaussian quadratic case, [21, 143, 144, 150, 198].
Note however that the general multiterminal lossy source coding problem remains unsolved.
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Figure 15: Direct and Indirect Multiterminal Source Coding (MSC).

Let us consider the problem of direct MT coding of two correlated Gaussian sources Y1 and Y2, as
depicted in Fig. 15. Let σ2

Y1
and σ2

Y2
be the variances of Y1 and Y2, respectively. Y1 and Y2 are transmitted at

rates R1 and R2 and reconstructed with an average distortion D1 and D2, respectively. Let ρ = cov(Y1,Y2)√
σ2

Y1
σ2

Y2

be

the correlation coefficient between Y1 and Y2, where cov(Y1,Y2) is the covariance of these two variables.
Considering a mean square error distortion measure, the inner bound for the rate region can be expressed
as [143]
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2
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2 +ρ
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where log+ x = max{logx,0} and βmax = 1+

√
1+ 4ρ2

(1−ρ2)2

σ2
Y1

D1

σ2
Y2

D2
.

4.1.2 Robust distributed source coding

4.1.2.1 Distributed joint source-channel coding/decoding with side information

Following the idea of joint source-channel decoding, e.g., for variable-length codes, joint source-channel
decoding schemes for SW (mainly) and WZ encoded data aim at exploiting at decoder side, the redun-
dancy present in the source or artificially introduced during the encoding process.

In this section, the side information is assumed to be available noiseless at decoder side. Figure 16
illustrates the problem of joint source-channel coding with side information at the decoder.The main idea

Source-channel

encoder
Source X Channel

Joint Source-

channel decoder

X Z U

Y

X̂

Figure 16: Joint source-channel coding of X with side information Y at the decoder

of distributed joint-source coding and decoding rely on the parity-based SW encoding, which will be
recalled first, for more details, see [16, 183, 222].
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Syndrome- and Parity-based SW schemes. In a conventional SW encoding scheme, to compress a
sequence x ∈X n of n source outcomes, a syndrome-based encoder employs an (n,k) channel code C
given by a generator matrix Gk×n = [Ik,Pk×(n−k)] (Gk×n is assumed systematic for simplicity, but this is
not mandatory). The associated parity-check matrix is then H(n−k)×n = [PT

k×(n−k),In−k]. The coder forms
then a syndrome z = xHT and sends it to the decoder. Then the decoder generates an n-length vector
t = [01×k,u] from the received vector u. Since c = x⊕ t is a valid codeword of C S, the idea is to decode
t⊕y to get ĉ ∈ C and to reconstruct the source as x̂ = ĉ+ t.

In the parity-based approach, an (n+ r,n) linear systematic code C P with generator matrix GP
k×n =[

In,PP
n×r
]

is used. The encoder forms the r-length parity vector zP = xPP
n×r and transmits it to the decoder,

which gets uP. The decoder generates the length (n+ r) vector tP =
[
y1×n,uP

]
by appending the side

information y1×n to uP. The decoding of tP in C P allows to obtain ĉP = x̂PGP
k×n. The estimate x̂P is

obtained by looking at the systematic part of ĉP.
If r = n− k, both schemes are equivalent in terms of performance on a noiseless channel. The de-

coding using the syndrome-based encoder is simpler (the code is shorter), thus it is optimal for noiseless
channels. Nevertheless, when the channel is noisy, the parity approach gives much more design flexibil-
ity. When r ≥ nH (X |Y ), more data than strictly require are transmitted on the channel. The redundant
information may easily be used to correct errors introduced by the channel.

Two-channel representation of the transmission scheme. An equivalent way to look at the joint source-
channel decoding problem of data encoded with the parity-based encoder is represented in Figure 17. If

Nonsystematic

Joint Source-

channel encoder

Source X

Actual

channel

Joint Source-

channel decoder

(Systematic

channel decoder)

X

Z U

X̂

BSC correlation

channel

X Y

Systematic

Channel encoder

Figure 17: The two equivalent channels for nonsystematic joint source-channel coding of X with side
information Y at the decoder

a (parity-based) joint source-channel code is used with X as input and Z as output, Z passes through the
conventionnal channel to obtain U and X passes through the correlation channel to get the side informa-
tion Y. Two parallel channels with different characteristics have thus to be considered by the decoder,
see [183].

Joint decoding The channel code may be a turbo-code, as in [4,117], or a Systematic Irregular Repeat-
Accumulate (IRA) code, as in [119]. This latter class of LDPC codes may optimized to account for the
transmission of their systematic and parity parts over two different channels [92]. They are thus well-
suited in this context, see Figure 18. Message-passing decoding algorithm may be easily used. Two
initialisations of the log likelihood ratios have to be considered, depending on the channel (actual channel
and correlation channel). For the IRA code, represented on Figure 18, the side information Y serves
as initialisation of the information nodes and the channel output U is used to initialize the parity nodes.
Classical iterative decoding algorithms may then be used.

In [80], the Slepian-Wolf encoding and the error protection are done separately, exploiting the fact
that the optimisation of both codes can be performed in a optimal way separately [175]. Nevertheless,
the decoding is performed jointly, in order to avoid error propagation, in the case of uncorrected channel
errors. An LDPC code is used for the Slepian-Wolf coding and a turbo code is used to add some redun-
dancy to the compressed data. Soft decoders for both codes are used iteratively in order to get the best
decoding performance. To perform the iterative decoding, an extended parity-check matrix is used for
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LDPC IRA

X Z X Z

Figure 18: LDPC and IRA codes

the LDPC decoder. Such matrix is obtained by concatenating an identity matrix to the original parity-
check matrix of the LDPC code. The extended parity-check matrix allows to get an estimate of the whole
LDPC codeword (information and syndrome) from the noisy observation of a codeword. The easier rate
allocation to the source and channel code is the main advantage of this scheme.

4.1.2.2 Sending correlated sources over noisy channels: theoretical background

Most of the theoretical results in multi-terminal scenarios are obtained by combining Wyner-Ziv and/or
Gelfand-Pinsker coding, where the side information can be used to the non-relevant side resulting in
lossless information rates. These coding schemes have been shown to be optimal for the single-user
cases of source coding with side information at the decoder and channel coding with non-causal side
information at the encoder [128]. However, in its full generality, the information theoretic understanding
of multi-terminal scenarios touches upon the basic theoretic models not yet fully understood, involving a
number of challenging questions. For exemple, there are several multi-terminal scenarios of interest for
potential sensor networks and relay channels applications, where the separation theorem does not hold
or, for which joint source-channel coding leads to simpler coding schemes. In addition to this, optimal
encoders and decoders of multi-terminal systems are very sensitive to the knowledge of the time-varying
parameters of source and channel statistics. Consequently, most of exciting results in this area may not
hold or must be revised if only noisy estimates (perhaps very poor) of these parameters are available.

We now review the main interesting results in multi-terminal systems with separate and joint source-
channel code design.

Multiple Access Channels and Sensor Networks. The multiple access channel (MAC) models the case
where many independent senders transmit data over a common noisy channel. The MAC can therefore
be seen as a generalization of the one sender case, whose properties are studied in the channel coding
theorem. This theorem a.k.a. second Shannon’s theorem considers the transmission of one sender X ∼
p(x) over a noisy channel with output Y and transition probability p(y|x). This theorem shows that the
maximal achievable rate (in bits per channel use) of the sender is the capacity of the channel defined as:

max
p(x)

I(X ;Y )

where I(X ;Y ) is the mutual information (MI) between the r.v. X and Y . The mutual information is a
function of the input density p(x) and of the channel transition probability p(y|x). It measures the amount
of information shared by the 2 r.v. X and Y . The set of achievable rates can therefore be rewritten as:⋃

X∼p(x)

{R s.t. R≤ I(X ;Y )}

The 2-user MAC models the transmission of 2 independent senders (X1,X2) ∼ p(x1)p(x2) over the
same channel with output Y and transition probability p(y|x1,x2). The transmission rates are denoted R1

Reference DR.7.1
33 / 74



216715 NEWCOM++ DR.7.1

and R2. The capacity region is the closure of the set of achievable (R1,R2) rate pairs and it is shown to be
the closure of the following set:

⋃
(X1,X2)∼p(x1)p(x2)

(R1,R2) s.t.
R1 ≤ I(X1;Y |X2)
R2 ≤ I(X2;Y |X1)

R1 +R2 ≤ I(X1,X2;Y )


This result can be extended to any number of senders. Closed form expression of the capacity region
exists in different examples, for instance the Gaussian MAC [44].

Distributed joint source-channel coding refers to the problem of sending correlated sources over a
common noisy channel without communication between the senders. Note that cooperation among chan-
nel and source encoding of one sender is allowed but not between different senders. This problem occurs
mostly in network, where the communication between the nodes is not possible or not desired due to its
high energy cost (network video camera, sensor network...).

A major difference with the joint source-channel case is that the separation between source and chan-
nel coding does not always hold. This depends on the setup. If asymmetric source encoding is performed
(one source can be recovered perfectly from the data sent by this source only), then separation holds [174].
Otherwise it depends on the channel. For independent channels, source channel separation holds [15] but
for interfering channels (as the MAC) counterexamples can be found where joint source-channel scheme
(but still distributed) performs better than the separated scheme [42]. Interestingly, the whole rate region
is still unknown. More precisely, the converse does not provide any single letter characterization.

Broadcast Channels The Broadcast Channel was first devised and explored by Cover in 1972 [40].
This simply consists of a transmitter communicating information simultaneously to several receivers,
where the receivers are not allowed to cooperate. Since them, a primary and fundamental problem has
been to find the single-letter characterization of its capacity region in general, which has been extensively
investigated. Up to the present, however, conclusive results have been established only for several special
cases.

For the case of a broadcast channel with two users, where the sender wishes to transmit in n channel
uses an integer m1 ∈ {1, . . . ,exp(nR1)} to the receiver 1, an integer m2 ∈ {1, . . . ,exp(nR2)} to the receiver
2 and also an integer m0 ∈ {1, . . . ,exp(nR0)} to both receivers, where the variables m1,m2 and m0 are
assumed to be mutually independent. The largest region of achievable rate triple (R0,R1,R2) for general
discrete memoryless broadcast channel presently known is due to Marton [126], but the optimality of
this region has not yet been established. In [76], this result has been extended for the case where the
encoder wishes to send two correlated and identically distributed sources (S1,S2) over a general discrete
memoryless broadcast channel. The authors established a new coding theorem for this joint source-
channel problem. An apparently reasonable approach for this problem would be to compress the sources
(S1,S2) into a triple of independent integers (m0,m1,m2) and use Marton’s encoding scheme to send it
over the channel so that receiver 1 would obtain S1 from its knowledge of (m0,m1) and receiver 2 would
obtain S2 from its knowledge of (m0,m2). As is illustrated via an example this simple procedure happens
to be not optimal even in cases where the Marton’s region is in fact the capacity region of the broadcast
channel (e.g., the Blackwell channel). This implies that in this case the separation theorem fails, i.e.,
separate source and channel codes are not optimal.

The broadcast channel with correlated sources has been also considered using a different setting
in [37]. The system involves a source coding module that provides correlated indexes and then a channel
coding module that uses binning. In the source coding module the sources are efficiently mapped into
a nearly semi-regular bipartite graph, and in the channel coding module, the edges of this graph are
reliable transmitted over the broadcast channel. The graphs are used to model the correlation between the
messages. A partial characterization of the set of all graphs that can be used to represent a given pair of
correlated sources is provided.

In [197] the author discusses the problem of reliable transmission of a discrete memoryless source
over a discrete memoryless broadcast channel, where side information is available at each receiver (as
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well as Slepian-Wolf) about the source and this side information is unknown to the sender. They show for
the case of two users that the optimal coding strategy is based on separate source and channel codes. This
means to build two independent binning structures, one for Wyner-Ziv source coding and the other for the
broadcast channel coding. Interestly enough, a generalization of this technique with arbitrarily number
of users (more than two) does not fully resolve the case. Whereas joint source-channel coding allows for
a much simpler coding strategy, without explicit binning, that yields for all channels a complete single
letter characterization of the achievable rate region. The optimal strategy can be separated into source and
channel components that operate independently. However, this does not imply information separation in
the classical sense.

A more general problem consists of sending correlated sources through a broadcast channel net-
work. This scenario arises, e.g., when N transmitters desire to send N correlated sources through a noisy
broadcast network with M receivers. Specifically, each transmitter is broadcasting a different source and
each receiver wishes to estimate all sent sources from the corresponding channel outputs of the different
broadcast channels. In this context, it is known that the source-channel separation theorem breaks down
and the achievable rate region as well as the optimal coding scheme are unknown. Recently in [38],
authors extended the above mentionated result for a single broadcast channel by showing that a type
of source-channel separation is possible at the transmitters of broadcast channel networks, while joint
source-channel decoding must be used at the receivers. The optimal rate region is not established, but the
results illustrate that operational separation, in which at least joint source-channel decoding is performed,
is general need for broadcast channels.

A network communication setup is considered in [14], where each node can exchange messages (the
sources) with their neighbors over different discrete memoryless channels. These channels are assumed
to be independent and after a finite number of communication rounds, each node must have received
enough information to reproduce the sources sent. In this case, the general source-channel separation
theorem holds, and Shannon information behaves as a classical network flow. The reason for this is that
the considered model allows only for independent point-to-point channels between pairs of nodes, and
not multi-user channels for which separation is well known not to hold. In the same context, authors
in [46] have studied wireless erasure networks. The network model incorporates the broadcast nature
of the wireless environment by requiring each node to send the same signal on all its neighbors. The
capacity is obtained by assuming that all erasure localizations on all the links of the network are provided
to the destinations.

Following a similar setting, but considering joint source-channel coding and decoding, in [156] au-
thors have examined the issue of separation and code design for networks with finite alphabets. They
establish that source-channel separation holds for several canonical network examples like the noisy
multiple access channel and the erasure degraded broadcast channel. Whereas, the results show that
separation may fail to achieve the optimal performance when additive noise is input-dependent. Though
source-channel separation may not hold in general for broadcast channels, but they concluded that it does
hold for the erasure broadcast channel for which linear codes are also optimal.

Figure 19: The broadcast channel with cooperating receivers.

The increasing interest in wireless networking motives the consideration of broadcast scenarios in
which each node in the network, besides decoding its own information, tries to help other nodes in de-
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coding. This problem comes up naturally in sensor networks, where a transmitter external to the sensor
network wants to download data into the network, e.g., to configure the sensor array. This general prob-
lem with correlated sources has not yet been considered. Whereas the transmission of discrete messages
over discrete memoryless broadcast channels with cooperating receivers has been considered in [45]. In
this setting, the receivers are able to exchange messages over noiseless conference links of finite capaci-
ties, prior to decoding the messages sent from the transmitter (see Figure 19). The capacity region for the
case of degraded broadcast channels has been characterized, and an achievable rate region is provided for
the case of general broadcast channels. Possible extension are to consider joint channel-source coding in
this cooperating scenario.

Relay Channels Network communication becomes more reliable and efficient when devices support
each other to transmit data. Depending on the transmitters and receivers architectures and the informa-
tion flow, there are many different configurations of networks. For example cooperative multiple access
channels and cooperative broadcast channels, where relay links are incorporated into the transmitters or
into the receivers, respectively, so that they are able to exchange their messages.

The three-terminal relay channel (source, relay and destination) was proposed by van der Meulen
[204] and studied by Cover and El Gamal [41]. The relay node in this model only assists the transmission
from the source to the destination, it is neither a source nor a sink of information (see Figure 20). A
generalization of the classical relay channel has been proposed and investigated in [184]. In addition to
the traditional communication from the source to the destination, the source has a private message for
the relay, and the relay has a private message for the destination. Coding strategies based on decode-
and-forward and compress-and-forward schemes are investigated. Achievable rate regions as well as
outer bounds on the capacity region are obtained for the discrete memoryless relay channel with private
messages. In this case the relay node is at the same time a receiver and a source of data.

Figure 20: A one-relay channel.

Concerning relay network of communication, the capacity region of the two relay broadcast channel
with partial and fully cooperation is investigated in [113]. Achievable rate regions are derived based on
the relay using the decode-and-forward scheme. Also outer bounds on the capacity regions are derived
and are shown to be tighter than the corresponding cut-set bounds. These results illustrate that relaying
and user cooperation are powerful techniques for improving the capacity of broadcast channels.

More general relay networks that exploit node cooperation have been developed in [104]. The two
basic schemes are studied in the context of broadcast and multiple access channels, where the relays
decode-and-forward the source message to the destination, or they compress-and-forward their channel
outputs to the destination. One relay network is the multiple access relay channel with two users, which
has four nodes: nodes 1 and 2 transmit the independent messages m1 and m2 at rates R1 and R2, respec-
tively. While node 3 acts as a relay and node 4 is the destination for both messages. This model might
fit a situation where sensors (the sources) are too weak to cooperate, but they can send their data to more
powerful nodes that form a "backbone" network. This channel has three inputs X1,X2,X3 and two outputs
Y3,Y4 (see Fig. 21).

An other relay network is the broadcast relay channel with two users and three independent messages
m0,m1,m3, which is depicted in Fig. 22. Node 1 transmits m0 at rate R0 to both nodes 3 and 4, m1 at rate
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Figure 21: A multiple access relay channel with two sources. Node 3 is the relay.

R1 to node 3, and m2 at rate R2 to node 4. Node 2 acts as a relay. Such a model might fit a scenario where
a central node forwards instructions to a number of agents (the destinations) via a relay. More general
networks with many relay nodes have been also proposed.

Figure 22: A broadcast relay channel with two destinations. Node 2 is the relay.

In the study of relay networks, the set-up considered through these models is based on the separation
principle, which consists in first to compress the respective acquired signals, potentially applying the
concepts of distributed source coding. Then, the source communicate the compressed version to the
interested party (the destination) assisted by one or many relay nodes. However, for this multi-terminal
scenario, the separation theorem does not extend. Consequently, cooperative joint source-channel coding
and decoding strategies are neded.

Despite of recent progress, developing an unified theory for network information flow remains an elu-
sive task. In [59] the capacity of a particular large Gaussian relay network is determined in the limit as the
number of relays tends to infinity. It is shown that uncoded transmission achieves optimal performance.
Joint source-channel coding strategies for this scenario are proposed in [58].

In [108] the authors have been considered, perhaps, the most simplified scenario of wireless networks.
A network composed of three nodes each observing a different correlated source (see Fig. 23). Nodes
are interested in obtaining a subset or all the source variables at the other nodes. To archive this goal, the
nodes are allowed to coordinate and exchange information over the wireless channel. A new cooperation
scheme that exploits the wireless feedback is proposed. This scheme combines the benefice of the decode-
and-forward and compress-and-forward strategies. The derived achievable rates show the value of noisy
feedback in relay channels and the need of joint source-channel decoding to efficiently exploit receiver
side information in the wireless setting.

In the context of sensor networks, by using a similar set up, a novel cooperative source-channel coding
scheme that exploit correlation between the sources and the wireless channel is proposed in [135]. The
basic challenge in such networks is the reliable transmission of the correlated observations available at the
different sensors to one, or more, collector nodes. In this case the separation of source and channel coding
entails significant performance losses. The cooperation schemes strive to map the correlation between
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Figure 23: The three-node wireless network. Each node may be interested in a subset or all the observa-
tion variables distributed across the network.

the source observations into correlation between transmitted signals. This is the first attempt to construct
explicit coding schemes for statistical cooperation. Achievable rates associated to the proposed coding
schemes establish the gain allowed by the proposed techniques that efficiently exploit the correlation
between the sources.

Throughout this brief review of the main results in wireless networks with cooperative nodes, it turns
out that we have a limited understanding of general source-channel schemes for such multi-terminal
systems. Furthermore, even for the more basic scenarios, optimal joint source-channel schemes for coop-
erative communications and sufficient conditions for separation are not known.

The interest in this research area has been rising sharply in recent years. In particular, Gunduz and
Erkip [71] has been considered reliable transmission of a discrete memoryless source over a cooperative
relay broadcast channel, where both the relay and the destination terminals want to obtain a lossless
reconstruction of the source. This model assumes that both the relay and the destination have correlated
side information. The achievable rates are based on the operational separation (i.e., separate source
and channel codes that interact at the decoding stage). Note that this coding scheme does not provides
information separation in Shannon sense. The relay channel decoder uses the information provided by the
relay source decoder from the previous block, similarly the destination channel decoder uses the output
of destination source decoder from the next block. Also, the relay uses the decoded source codeword
from the previous block to find its transmitted channel codeword. Finally, the optimality of operational
separation is proved for a physically degraded relay channel with degraded side information and for an
arbitrary relay channel with perfect destination relay feedback and degraded side information.

This problem has been also considered in the context of Gaussian correlated sources in [72]. Several
cooperative joint source-channel strategies are proposed. In general, coding schemes depend on the
correlation among the source and the relay signals, and the average link qualities. Results show that
source cooperation performs well when correlation is high and the source relay link has low quality,
while channel cooperation performs well for low correlation cases. Hybrid schemes extend the benefits
to a wide range of correlation and channel conditions, and for most cases perform very close to the lower
bound.

4.1.2.3 Sending correlated sources over noisy channels: practical aspects

An example of degraded side information is the case of encoding two correlated sources and decoding
them jointly in a iterative manner. For the decoding of the first source, the other plays the role of side
information, which may be corrupted. The roles are exchanged for the decoding of the second source.
Several joint source-channel coding schemes have been proposed, extending schemes designed for the
noiseless case.

Punctured turbo codes have been proposed in [56] for the noiseless compression of two correlated
binary sources. Any point in the Slepian-Wolf achievable rate region is obtained without time-sharing.

For both sources Sx and Sy, blocks of n bits are formed. For Sx, ` bits among n are encoded using
a standard source coder, the n− ` remaining bits are then encoded using a systematic channel code,
the systematic bits and some parity bits being eliminated after encoding. Similarly, for Sy, n− ` bits
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Figure 24: Joint source-channel coding of two correlated sources transmitted through two different noisy
channels

are encoded using a standard source coder, the ` remaining bits are encoded using a systematic channel
coder, the systematic bits and some parity bits being again removed after encoding. At the decoder, the
` and n− ` bits encoded using standard source coders are decoded first and used as side information for
the recovery of the remaining bits. Assuming that Rx < H (X) and Ry < H (Y ) , one gets the proportion of
bits which have to be encoded using a standard source coder

`

n
=

H (Y )−Ry

H (X)+H (Y )−R
,

n− `

n
=

H (X)−Rx

H (X)+H (Y )−R
,

with R > H (X ,Y ).
Simulation results show that the joint probability distribution p(x,y) between sources does not need

to be known at the decoder site, since it can be estimated jointly with the decoding process.
A variant of this scheme has been used in [224] for the compression of two correlated sources, where

the correlation is assumed to be described by a hidden Markov model. Each source is encoded indepen-
dently of the other using a turbo code. Both sequences are divided into blocks of length n, and for each
block, the information bits generated from the second source are interleaved using a spread interleaver.
The desired transmission rate (in joint source-channel coding) is achieved by puncturing. The puncturing
scheme uses half of the systematic bits for each turbo encoder (the punctured bits should not overlap),
and uniformly puncture the parity bits to achieve the desired rate, see [57] for more details. In order to
facilitate the estimation of the state of the hidden Markov model, a percentage of overlapping systematic
bits are not punctured. At decoder side, two turbo decoders are involved. They exchange extrinsic infor-
mation processed by the hidden Markov model, which state may also be estimated using the Baum-Welch
algorithm [19, 214].

When each encoded source is sent over an independent channel, see Figure 24, the problem has
been show to be separable, see [13]. Nevertheless, using a joint approach consisting in reduncing the
puncturing, as described in [224], is much simpler. Assuming that Rcx and Rcy denotes the rate at which
the turbo codes encode independently X and Y , then, the following conditions have to be satisfied to
obtain a lossless compression

H (X |Y ) ≤ Cx

Rcx

H (Y |X) ≤ Cy

Rcy

H (X ,Y ) ≤ Cx

Rcx

+
Cy

Rcy

where Cx and Cy are the capacities of the channels on which the compressed X and Y are transmitted
respectively. The convergence is slower when the parameters of the hidden Markov model have to be
estimated at decoder side, but the performance remain those fo the case of know correlation parameters.

In [225, 226], a similar setup has been employed using systematic linear codes with low-density
generator matrix (LDGM codes) in place of the turbo codes. Such codes, which can be viewed as a
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particular class of LDPC codes present a coding complexity similar to that of turbo codes and a decoding
complexity comparable to that of LDPC codes. Nevertheless, concatenated structures are necessary to
reduce the error floor of the LDGM codes.

4.2 Source coding with side information of time-varying quality at the decoder

Imperfect knowledge of the statistics of the noise on the correlation channel generally induces heavy
degradation of the performance in classical schemes for source coding with side information at the de-
coder. In real scenarios, the correlation noise varies with time, without the decoder nor the encoder being
informed. With respect to the application of video coding, for example, the decoder estimation of the
side information may result, occasionally, in very poor prediction, whereas a good quality is guaranteed
for the remaining time. Furthermore, motion compensation techniques may result, i.e. in the case of
objects appearing for the first time in the frame, in unavailable side information samples. A first attempt
to cope with this problem is the introduction in [17, 213] of two new models for the correlation channel,
motivated by the assumption that is possible to estimate the fraction of time for which the quality of the
side information will be (significantly) degraded.

Let
{

X j,Yj
}∞

j=1 be a sequence of independent drawings of a pair of correlated continuous random
variables (X ,Y ). Assume X ∼ N (0,σ2

x ). The correlation is defined assuming a memoryless channel
between X and Y :

Y = X +Nb +B ·Ni, (18)

where Nb and Ni are drawings from random processes of known (similar) statistics, with σ2
b � σ2

i . The
random Bernoulli process B with Pr(B = 1) = p models the occurrence of impulsive noise on the side
information sample. Neither the encoder nor the decoder are informed of the value of B. Consider now
the case of side information that is occasionally missing at the decoder side. The correlation channel in
this case is defined by

Y = (1−B) · (X +Nb)+B∆ (19)

where the Bernoulli process B models the occurrence of the erasure of the side information sample, and
∆ is a special erasure symbol. It is assumed that the encoder is not aware of the state on the correlation
channel, whereas the decoder is able to detect the erased positions in a sequence.

4.2.1 Practical design

Practical schemes for time-varying correlation must deal with the problem of estimating the quality of the
side information, since neither the encoder nor the decoder have access to the extra information about the
state of the correlation channel. The problem is simpler for the case of erased side information, since the
decoder (only) is aware of the positions of the missing samples. Practical schemes for both models can be
obtained exploiting a refinement principle: a first layer, which induces a rate cost dependent only on the
parameter p, has the aim to output a first (rough) estimate of the source sequence, compensating for the
positions where the quality of the side information is poor; the refinement layer regards this first estimate
as constant-quality side information, and thus can be implemented using classical Wyner-Ziv coding
techniques. A practical solution for the problem in case of Gaussian correlation noise with intermittent
side information is proposed in [17]; the scheme can be adapted to the case of degraded quality of the
side information as discussed in the following.

4.2.1.1 Practical Wyner-Ziv coding for intermittent side information

Consider the following correlation channel between the source sample X ∼N (0,σ2
x ) and the side infor-

mation sample Y

Y =

{
X +Nb with probability (1− p)
∆ with probability p

(20)
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Figure 25: Practical two-layer coding scheme.

with Nb ∼N (0,σ2
b ) correlation noise. The two-layer encoding scheme proposed in [17] is depicted in

figure 25. Both layers operate on blocks of N i.i.d. source samples. Layer 1 aims to produce a coarse
estimation of the source, X̃ , compensating for the erased entries. Layer 2 regards X̃ as side information,
employing standard Wyner-Ziv coding techniques to provide the finer estimate X̂ within target distortion
per source symbol D. The rate required by the system is then R = R1 + R2 bits per source symbol.
Layer 1 encoder consists of a precoding block followed by a quantizer. The aim of precoding is to reduce
the dimension of the sequence to be conveyed by a factor N−K

N , while preserving the information needed
to estimate the erased entries. Precoding consists in applying some linear transform matrix H(N−K)×N ,
whose rows are required to be orthonormal. Each sample is then quantized using a uniform quantizer.
For values R1 > (N−K)

N · 2.5 bits, the rate on Layer 1 for target distortion Dq per source sample is well
approximated by the high-rate expression

R1(Dq) =
N−K

N

(
1
2

log2
(
2πeσ

2
x
)− 1

2
log2 (12Dq)

)
(21)

bits per source sample. The quantization indexes are then Slepian-Wolf encoded. The same transfor-
mation and quantization are applied to the side information at the decoder to reconstruct the quantized
transformed samples. Using the transmitted bits it is possible to recover an estimate of S. The decoder
exploits all the information available on the source sequence to produce the MAP estimate X̃ . The obser-
vation vector is expressed as

A =
[

S
V ·Y

]
=
[

H
V

]
·X +

[
Q

V ·G
]

= F ·X +Z, (22)

where V(N−ν)×N is obtained from IN by eliminating the ν lines corresponding to the erased positions in
Y ′, and Q is the quantization noise vector. The distortion per source symbol on Layer 1 output is

D1 =
1
N

E[‖ X− X̃ ‖2] =
1
N

trace(Γx−x̃) , (23)

where Γx−x̃ = E[(X − X̃)(X − X̃)T ] is the covariance matrix of the estimation error. Layer 2 may then
use any Wyner-Ziv coding scheme for Gaussian correlation. Here we consider nested scalar quantization
followed by a Slepian-Wolf coder, described in [116]. The output of the nested quantizer is the coset
leader of the source X , whose correlation with the side information X̃ is exploited to achieve compression.
As in [116] we assume theoretical Slepian-Wolf rate. In order to match the distortion constraint D, Layer 2
requires rate

R2 =
1
2

log2 (2πeD1)− 1
2

log2 (12D) (24)
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bits per source sample. The overall distortion per source symbol of the estimate X̂ is derived from (21),
(24), and (27) as

D(R1,R2) =
1
N

2πe
12

trace(Γx−x̃(R1))2−2R2 . (25)

The MAP estimator allows the estimation of X̃ even when more than N −K samples are erased. Its
expression is

X̃ = X̃MAP =
(
FT

Γ
−1
z F +K−1

x
)−1

FT ·A; (26)

the covariance matrix of the estimation error is

ΓMAP = E[(X̃MAP−X)(X̃MAP−X)T ] (27)

=
(
D−1

q (R1)HT H +σ
−2
g V TV +K−1

x
)−1

.

4.2.1.2 Results

Consider the model for p = 0.05, σ2
x = 1, σ2

b = 0.04. H is obtained by extracting N−K rows of a size
N discrete Fourier transform matrix. The size N and the N−K rows are chosen such that row i and row
N−K + 1− i are hermitian symmetric. Thus, for a real-valued vector, after a multiplication by H, only
N−K real entries need to be transmitted. Figure 26 shows the performance of Layer 1 of the coding
scheme, for codes with fixed N −K, and varying N. For p = 0.05 the choice of N −K = 4 provides
enough information to estimate the erased entries of the side information (the probability of having more
than 4 erased entries per block is about 10−4). The influence of the increase of R1 becomes negligible
for R1 > 0.7 bits per source sample. Layer 2 is now appended to Layer 1 (R1 is fixed at 0.75 bits per
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source sample). The performance of the entire coding scheme is represented in Figure 27. The width
of the coarse quantization cell is taken as 4, in order to guarantee a vanishing probability of Wyner-Ziv
decoding error. The rate is the sum of R1 and the rate at the output of the ideal Slepian-Wolf coder of
Layer 2. Figure 27 also shows the performance of a theoretical single-layer coding scheme (quantization
of the source sequence followed by ideal Slepian-Wolf encoding). The two-layer scheme performs about
1.5 dB away from the upper bound of the rate-distortion curve (code N = 15,K = 11). A floor can be
observed at high rates, for longer codes (N = 13, N = 15). This is due to the increased probability of
more than N−K erasures per sequence.
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4.3 Perspectives

4.3.1 Distributed coding with joint sparsity models

The scheme for intermittent side information in [17] can be adapted for the case of correlation channel
as in Eq. 18. For this purpose only Layer 1 needs to be modified, introducing a tool for the estimation
of the impulse noise pattern to enable correction. The precodig matrix H[N×(N−K)] is chosen as a parity
check matrix of a (N,K) channel code over the real field [157]; BCH codes over the reals [55] are good
candidates. If the correlation scheme is Y = X + B Ni, the sequence S becomes a syndrome that can
be used by the decoder to correct the side information sequence Y , allowing compensation of up to t =
(N−K)/2 impulse errors per sequence. In the correlation model Eq. 18, however, the decoded sequence
Ŝ is corrupted by the transformed background noise component H Nb, as well as by the quantization
noise. A modified version of the algorithm used to estimate the impulse pattern is necessary to take this
noise into account.

A different practical coding approach, based on LDPC codes, has been introduced in [213] for sparse
correlation models with (Uniform-)Bernoulli-Uniform noise distribution. This approach will be general-
ized to other sparse correlation noise distributions and to distributed compressed sensing scenarios.

4.3.2 Robust DSC

DSC has the interesting property to allow the same compression rate as joint compression schemes while
performing independently the compression (but not the decoding) of several correlated sources.

A majority of works available in the literature assume that perfect channel coding is performed at
the edge of the system. In practical situations, codes are however imperfect and the outputs of the SW
coders may not necessarily be recovered perfectly at the decoder side. The degradation introduced by
the transmission channel can therefore compromise the efficiency of the DSC mechanism. Hence, robust
DSC taking these imperfections into account must be designed.

Note moreover that in some situations, the separation theorem is no longer valid: considering separate
source and channel coding is then no longer optimal. This is for example the case for interfering channel
for which counterexamples can be found where (distributed) joint source-channel coding performed better
than separated coding scheme.

The goal will therefore be the design and the optimization of distributed joint source-channel coding
scheme. A few contributions have already considered the problem of robust distributed source coding,
see [163, 183]. However, these contributions only consider an asymmetric scenario and assume that the
side information is perfectly transmitted to the decoder. We intend to extend the tools and the method-
ologies which have been developed in the context of (non-distributed) joint source-channel coding and
distributed source coding to more general problem of distributed joint source-channel coding, such as the
non-asymmetric case or different types of channel degradations.

4.3.3 Non asymmetric DSC: robust estimate of the sources, when the difference pattern (between the
sources) has error

First attempts to construct DSC codes have considered the so-called asymmetric DSC problem, i.e., the
problem of coding with side information, corresponding to a corner of the SW region. Unfortunately,
the asymmetric problem does not fit with realistic scenarios when dealing with practical communication
problems. In particular, it has been shown in [3] that the optimal rate allocation depends on the transmis-
sion conditions and can therefore be any point of the SW region. Hence, methodologies which can operate
in the so-called symmetric and non-asymmetric modes have been designed. Both syndrome-based and
parity-based approaches have been considered, see e.g. [56, 60, 166, 200].

Here, we intend to focus on the syndrome-based method proposed in [60]. This methods proceeds as
follows. The first k′ bits of source x, the next k−k′ bits of source y and the syndrome of both sources are
transmitted. At the receiver, one first proceeds by estimating the "error pattern" z = x⊕y. Once the error
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pattern is found, the subsequences of information bits xk
k′+1 and yk′

1 can be retrieved from the error pattern
z = x⊕y as

x̂k
k′+1 = yk

k′+1⊕ ẑk
k′+1 and ŷk′

1 = xk′
1 ⊕ ẑk′

1 . (28)

Subsequences of n−k bits, i.e. xn
k+1 and yn

k+1, remain to be computed for both sequences. Let us assume
that H = (A B), where B is an invertible square matrix of dimension (n− k)× (n− k). Note that for
a rate k/n channel code, the parity check matrix H has rank n− k. Therefore, one can always find a
permutation to be applied on the columns of H so that the resulting parity check matrix has the right
form. Thus, sx = Hx = (A B)x = A xk

1⊕B xn
k+1, and the remaining n− k unknown bits of the sequence x

(and similarly for the sequence y) can be computed as

x̂n
k+1 = B−1 (sx⊕A x̂k

1), (29)

where B−1 denotes the inverse of the matrix B.
In the case the error pattern is not perfectly estimated, the estimation of the remaining symbols xn

k+1
in equation (29) may yield error propagation. Indeed, although B may be designed to be sparse, its
inverse is not necessarily so. As a consequence, a few errors in the estimation of z may lead to dramatic
degradations in the estimation of x and y.

A future direction of research will therefore consist in taking this kind of behavior into account and
proposing procedures to design matrix B so that error propagation is limited.

4.3.4 Robust DSC employing distributed arithmetic codes

DSC coders typically represent the source using its syndrome (or the parity bits) of a suitable channel
code of given rate. Although near-capacity DSC coders have been designed for simple ideal sources,
their application to realistic signals typically incurs several problems. Capacity-achieving channel codes
require very large data blocks (typically in excess of 105 symbols), while in many practical applications
the basic units to be encoded are much smaller. Real-world sources are not stationary and would benefit
from context-based modeling, which is not provided by existing coders. Furthermore, upgrading an
existing compression algorithm like JPEG 2000 or H.264/AVC in order to provide DSC functionalities
requires at least to redesign the entropy coding stage, adopting one of the existing DSC schemes. Among
these issues, the block length is particularly important. While the performance of some practical DSC
coders on ideal sources with very large block length can be as close as 0.09 bits per symbol (bps) to
the theoretical limit [221], so far DSC of real-world data has fallen short of its expectations, one reason
being the necessity to employ much smaller blocks; e.g., block lengths between 200 and 2000 symbols
are typically employed in multimedia applications.

To address these issues, in [8, 66] the Distributed Arithmetic Coding (DAC) concept has been pro-
posed. Binary DAC is a generalization of arithmetic coding, in which, at each coding step, the intervals
corresponding to symbols “0" and “1" are allowed to overlap. The overlapping introduces an ambigu-
ity in the source description, much in the same way as the syndrome coders; the larger the overlap, the
more the ambiguity, and the less the coding rate. The decoder employs sequential decoding of arithmetic
codes, aided by a correlated side information signal. In [66, 68] it has been shown that DAC has similar
or better performance than turbo and LDPC codes at small and medium block lengths. A similar scheme
has been developed in [8] using quasi-arithmetic codes. Quasi-arithmetic codes are a low-complexity
approximation to arithmetic codes, providing smaller encoding and decoding complexity, and slightly
poorer performance [78]. These codes can be modeled as finite state machines, simplifying the decoding
process. In [69] a rate-compatible version of DAC has been proposed, showing that the decoding can be
made error-free by incrementally sending refinement bits upon the decoder’s request.

Moreover, DAC can also be employed for symmetric DSC, i.e., when both sources are coded with
ambiguity. In particular, in [67, 68] it has been shown that two sources can be encoded using separated
DACs and decoded jointly, with performance similar to that achieved in the asymmetric case. The two
(or more) DACs must be set up in such a way that, at each input symbol, ambiguity is inserted in only one
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sequence; this keeps the complexity of the decoding problem manageable. Interestingly, this amount to
perform time-sharing among the sources. The joint decoder constructs a decoding tree where each node
stores the state of the two (or more) arithmetic decoders, and the most likely output sequence is selected
at the and of the arithmetic decoding process.

Syndrome-based DSC coders are clearly amenable to distributed joint-source channel coding/decoding,
as the amount of redundancy can be easily increased to take into account the presence of channel errors.
The DAC coder is also amenable to such extensions, which will be subject of future work. In particular,
it is known that binary arithmetic coders can be used for error correction using a ternary alphabet with a
forbidden symbol. The same concept can be applied to the DAC, by considering a decoder branch metric
that also models the channel behaviour, and using a ternary alphabet.
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5 TASK TR7.4 TOOLS FOR EVALUATING THE EFFICIENCY OF JSCC/D METHODS

The focus of Task 7.4 is on theoretical tools and methods that can be used to predict the performance of
JSCC/D systems, or to benchmark the performance of such systems. Examples of the former are methods
to obtain code distance spectra, which lead to performance prediction via the union bound, and can be
applied in code optimization procedures. Examples of the latter are any kind of lower or upper bounds on
the theoretically or practically attainable performance, often obtained by information-theoretic methods
or by analysis of ideal systems.

5.1 State of the art

5.1.1 Performance characterization of arithmetic-coding-based JSCC/D using distance spectra

Arithmetic coding (AC) [216] is currently being deployed in a growing number of compression standards,
e.g, H.264 and JPEG2000, as it yields higher compression performance when compared to other compres-
sion methods. However, its efficiency makes AC particularly vulnerable to transmission errors. This issue
has motivated the recent development of joint source-channel techniques for AC-encoded data. Improv-
ing the robustness of AC against transmission errors is usually achieved by introducing redundancy in the
compressed bitstream. This redundancy is often introduced by means of a forbidden symbol (FS). Many
approaches for introducing a forbidden symbol have been developed during the last years [51], [79], [70].
The comparison between these different techniques is usually experimental and is restricted to simu-
lations. To overcome this limitation, [20] proposed first analytical tools that allow to characterize and
objectively compare these techniques. The approach in [20] has been strongly inspired, first, by the
classical results on the error correction properties of convolutional codes, and more generally of linear
codes [114], and second, by the extension of these results to Variable Length Codes (VLC) and Variables
Length Error-correcting Codes (VLEC) [32]. In [20], they consider a practical integer-based implemen-
tation of AC for a memoryless source. Then, they develop a specific Finite State Machine (FSM) and
trellis representation which is suited to efficient asymptotic error rate evaluation, unlike the trellis repre-
sentations of [32] and [51], which serve other purposes.

The error correcting properties of a code can be characterized by a set of parameters known as distance
spectrum, with the single most important parameter being the the free distance (d f ree). These distance
properties of the code can be obtained from the same trellis representation of the code which is used in a
maximum likelihood decoding algorithm. The free distance is the minimum Hamming distance between
all pairs of paths of the same length on the trellis, with the same start and end points. It determines the
dominant error event affecting a code. The distance spectrum {Ad}, with d = d f ree,d f ree +1 · · ·∞, counts
the average number of pairs of paths of the same length at Hamming distance d. It allows to obtain an
upper bound on both bit and symbol error probability through the union bound. The distance spectrum
can be compactly represented by the the generating function T (D):

T (D) =
+∞

∑
d=d f ree

AdDd . (30)

The first error event is said to occur at an arbitrary bit position r, corresponding to state sr in the trellis
representation, if the correct path is eliminated for the first time at bit position r in favor of a competitor
(the incorrect path). The incorrect path must be some path that had previously diverged from the correct
one at some bit position q, q < r , and is now converging back for the first time at bit position r . Suppose
that the Hamming distance between the correct path and the selected path is d. Let Pd be the probability
of selecting the wrong path. For a binary symmetric channel with cross-over probability p, Pd is given by

Pd =

{
∑

d
k=(d+1)/2

(d
k

)
pk (1− p)d−k , d odd

1
2

( d
d/2

)
Pd/2 (1− p)d/2 +∑

d
k=d/2+1 pk (1− p)d−k , d even.

(31)
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For BPSK signaling used over an AWGN channel Pd is given by

Pd =
1
2

er f c
(√

d
Eb

N0

)
, (32)

where N0
2 is the variance of the zero-mean Gaussian channel noise, and the bit 1 is mapped onto +

√
Eb

and the bit 0 onto −√Eb.
The first event error probability PE is bounded (via the union bound) by

PE <
+∞

∑
d=d f ree

AdPd . (33)

The Chernoff bound allows to upper bound the probabilities in Eq. 31 by the following:

Pd < 2d (p(1− p))d/2 . (34)

Finally, the first even error probability in the BSC case can be more loosely bounded by

PE < T (D) |D=2
√

P(1−p). (35)

The first event error probability represents the word error probability in the code domain, and Eq. 35 is an
upper bound on this probability. We can also obtain in the same manner an upper bound on the symbol
error probability in the symbol domain by a modification of the generating function. It means that in the
generating function, the spectrum {Ad} is replaced by another spectrum {Bd} and the equations 33, 34
and 35 are applied to obtain an upper bound on the symbol error probabilities.

We saw that with the distance properties of a code, one can assess its error correcting performances,
i.e. its correction capability, as well as obtain upper bounds on both bit and symbol error probability. The
following sections recall how the distance properties can be obtained for convolutional codes, VLEC and
joint source-channel arithmetic coding (JSCAC), respectively.

5.1.1.1 Convolutional Codes

Convolutional codes were first introduced by Elias and consist of a linear finite state machine made of K-
stages shift registers and n linear algebraic function generators. The input data, which is usually, though
not necessarily binary, is shifted along the register b bits at a time. Convolutional codes have been applied
as channel coding to increase the efficiency of numerous communications systems, where they invariably
outperform block codes of the same order of complexity [207]. There are many representations of convo-
lutional codes: the convolutional encoder, the tree code representation, the trellis code representation and
the state diagram representation. The first two representations are suited for the encoding process. The
trellis is effective for the decoding process and for calculating both free distance and distance spectrum,
whereas the state diagram is used to calculate the distance spectrum. Due their linearity, it is easy to eval-
uate the free distance and the distance spectrum. The free distance is the minimum Hamming weight of
all paths in the trellis, excluded the all-zero path. A path which has minimum Hamming weight diverges
from the all zeros path at some node i and merges back with the all zeros path for the first time at some
arbitrary node j, with the minimum number of branches. The distance spectrum {Ad} is identically to the
code’s weight spectrum, i.e. the average number of paths with Hamming weight d. The spectrum {Bd}
is obtained as Bd = Kd ×Ad , for d = d f ree,d f ree + 1, · · ·∞, where Kd is the weight of the input sequence
which allow to generate the encoded message with the Hamming weight d.

5.1.1.2 Variable-Length Error-Correcting Codes

Variable length codes (VLC) are normally used for source coding. But they are very sensitive against
transmission errors on noisy channels. That motivated the development of variable-length joint source-
channel codes named VLEC. In [32] the authors present a way of decoding VLEC codes by treating them
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as trellis codes. Consequently, it is shown that in many respects they behave very much like convolutional
codes and exhibit a form of “memory”, although in the case of VLEC the memory is not related to an
encoding shift register, but is due to the different codeword lengths.

Using this representation, the authors give a maximum likelihood decoding algorithm based on the
Viterbi algorithm and also derive a maximum a-posteriori (MAP) metric for use with this algorithm.
There are other properties of VLEC codes similar to those of convolutional codes like their free distance,
distance spectrum, constraint length and catastrophic behavior. The remainder of this section is devoted
to the characterization of the free distance and the distance spectrum of VLEC.

Free distance. As we saw previously, the free distance is one of the most important parameters for both
convolutional codes and VLEC. In the case of convolutional codes, the free distance is easy to evaluate
due to linearity. In the case of VLEC, it becomes slightly more difficult to evaluate the free distance, since
these codes are not linear.

Denote C a VLEC which has s codewords : C = {c1,c2, · · · ,cs}. Let li = |ci|, i = 1,2, · · · ,s be the
length of codeword ci. Without loss of generality, assume that l1 ≤ l2 ≤ ·· · ≤ ls. Further, let σ denote
the number of different codewords lengths in the code C and let these lengths be L1,L2, · · ·Lσ where
L1 < L2 · · ·Lσ . If σ = 1, then C is a fixed length code. Hence we shall define a variable length code C
to be a code with σ > 1. Denote FN the set of all extended codes of code C with length N. As we saw
previously the authors in [32] have defined a VLEC using a trellis. Then they define the free distance of
this code as the minimum Hamming distance in the set of all arbitrary long paths that diverge from some
common state Si and converge again in another common state S j, j > i. More formally,

d f ree = min
{

dout
H ( fi, f j) : fi, f j ∈ FN : N = 1,2 · · ·∞} , (36)

where dout
H ( fi, f j) is the Hamming distance between the extended codeword fi and f j.

Computing the free distance with Eq. 36 is computationally expensive, hence, in [32], the authors in-
troduce a lower bound of the free distance. To find this lower bound, they define three parameters: the
overall minimum block distance , bmin of the VLEC C , the minimum diverging distance, dmin, and the
minimum converging distance, cmin.
The overall minimum block distance of the VLEC code. The minimum block distance for length Lk, bk, of
the VLEC C is defined as the minimum Hamming distance between all codewords with the same length
Lk, i.e.

bk = min
{

dout
H (ci,c j) : ci,c j ∈ C , i 6= j : |ci|= |c j|= Lk,

}
. (37)

The overall minimum block distance, bmin, of a VLEC code C is defined as the minimum value of bk over
all k = 1,2 · · ·σ .
The minimum diverging distance of the VLEC code. The diverging distance between two codewords
ci = ci1ci2 · · ·cili and c j = c j1c j2 · · ·c jl j , D(ci,c j), where (ci,c j) ∈ C 2, with li > l j, is defined as

D(ci,c j) = dout
H
(
ci1ci2 · · ·cil j ,c j1c j2 · · ·c jl j

)
. (38)

Note that D(ci,c j) = D(c j,ci) . The minimum diverging distance dmin is the minimum value of all the
diverging distances between all possible pairs of unequal length codewords of C , i.e.

dmin = min
{

D(ci,c j) : ci,c j ∈ C , li 6= l j
}

. (39)

The minimum converging distance of the VLEC code. The converging distance between two codewords
ci = ci1ci2 · · ·cili and c j = c j1c j2 · · ·c jl j , C (ci,c j), where ci,c j ∈ C with li > l j, is defined as

C(ci,c j) = dout
H
(
cili−l j+1cili−l j+2 · · ·cili ,c j1c j2 · · ·c jl j

)
. (40)

Again note that C (ci,c j) = C (c j,ci). The minimum converging Hamming distance cmin is the minimum
value of the converging distance between all possible pairs of unequal length codewords of C , i.e.

cmin = min
{
C (ci,c j) : ci,c j ∈ C , li 6= l j

}
. (41)
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After defining these three parameters, the free distance can be lower bounded by

d f ree ≥ min(bmin,dmin + cmin) . (42)

Distance spectrum. In [32], two methods have been proposed to evaluate the distance spectrum of VLEC.
However, these will be not treated here, we just give the results. Before we give the results, some notations
have to be introduced. Let pi

0,r be the correct path segment trough the trellis with initial and final state S0

and Sr. The probability of occurrence of pi
0,r is P

(
pi

0,r

)
. C0,r is the set of all pairs of path segment indices

corresponding to path segments which diverge at state S0 and merge again for the first time at state Sr.
The distance spectrum {Ad}is given by

Ad =
∞

∑
r=1

∑
(i, j)∈C0,r

dout
H (pi

0,r,p
j
0,r)=d

P
(

pi
0,r
)
. (43)

Bd is the average Levenshtein distance of all converging pairs of paths whose encoded messages are at
Hamming distance d from each other. Let in

(
pi

0,r

)
be the input sequence which has generated pi

0,r. {Bd}
is given by

Bd =
∞

∑
r=1

∑
(i, j)∈C0,r:

dout
H (pi

0,r,p
j
0,r)=d

dL

(
in
(

pi
0,r
)
, in
(

p j
0,r

))
×P

(
in
(

pi
0,r
))

, (44)

where dL (a,b) is the Levenshtein distance between a and b, i.e. the minimum number of deletions,
insertions or substitutions needed to transform a into b or conversely. Note that a and b need not have the
same length. Note that P

(
in
(

pi
0,r

))
= P

(
pi

0,r

)
.

5.1.1.3 Joint Source-Channel Arithmetic Coding

Let X be a source that generates symbols from alphabet A = {a1,a2 · · ·aN} with occurrence probabilities
Pi = P(X = ai), i = 1 · · ·N. The basic idea of arithmetic coding (AC) is to assign to any symbol sequence
generated by X a unique interval Icoding belonging to [0,1). This is done by a recursive partitioning of the
interval [0,1[ according to the symbol probabilities. Then assign to Icoding a single binary representation
which will be transmitted [167]. In [20], the alphabet A is reduced to {0,1}, hence the AC becomes
binary AC.

Binary Arithmetic Coding. In the case of binary arithmetic coding, the current interval [low,high) is
partitioned into two subintervals I0 and I1, the widths of which are proportional to the probabilities P0 and
P1 of the source symbols 0 and 1, respectively. One of these interval is selected as the new source interval,
according to the value of the current symbol. Once the last symbol is encoded, the encoder selects the
widest dyadic code interval entirely contained in the current interval and assigns its binary representation
to the symbol sequence. For sources with skewed and for long symbol sequences, subintervals may get
too small to be accurately handled by a finite-precision computer. This problem is solved by integer
binary AC.

Integer binary AC. Finite precision arithmetic coding was first introduced by Pasco [148] and Rissa-
nen [162] in 1976. Howard et al. showed in [79] that a slight modification of the symbol probabilities,
such that the interval bounds become rational numbers, decreases the computational cost of AC, without
significantly degrading compression performance. Therefore, integer AC works like the ideal AC pre-
sented above, but using the interval [0,T ) of integers, where T = 2P, P ≥ 2 is the bit size of the initial
interval, and rounding all interval boundaries to integers. Partition and selection are carried out every
time a source symbol is encoded. Renormalization of the current interval [low,high[ by doubling the size
is performed if one the following conditions holds:
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1. if high≤ 2P−1, low and high are doubled.

2. if 2P−1 ≤ low, low and high are doubled after subtracting 2P−1.

3. if 2P−2 ≤ low and high≤ 3×2P−2, low and highare doubled after subtracting 2P−2.

If the current interval (before renormalization) overlaps the midpoint of [0,2P), no bit is output. The
number of consecutive times this occurs is stored in a variable called f ollow. If the current interval
(before renormalization) lies entirely in the upper or lower half interval of [0,2P), the encoder emits the
leading bit of low (1 or 0 ) and f ollow opposite bits. This is called follow-on procedure [216]. At the
decoder side, the same operations are carried out analogously.

Trellis-based arithmetic coding. Integer binary AC can be considered as an automaton represented by a
finite number of states and transitions, except for the possibly unbounded f ollow counter. This approach
was first proposed by [79], where arithmetic operations were replaced by a table lookup. Integer arith-
metic decoding was represented by a three-dimensional trellis taking into account the presence of FS in
the source alphabet [51].

When performing integer AC, the number of possible subintervals of [0,T ) is finite. Considering that
after renormalization, range = high− low is always greater than T

4 and that [low,high) cannot be a proper
subinterval of [T

4 , 3T
4 ), the number of possible intervals [low,high) is T

2 × T
2 − T

4 × T
4 = 3T 2

16 .
On the other hand, for a memoryless source and known symbol probabilities, the encoder is entirely

characterized by the current interval [low,high) and the value of f ollow. Hence, the encoder state can be
represented by (low,high, f ollow) as defined in [70]. For an order M Markov source, the encoder state
has to be extended to include the last M encoded symbols, to properly take account the memory of the
source. In [20], for the sake of simplicity, only memoryless sources have been considered.

The idea is thus to precompute all the states of the arithmetic encoder such that any source stream
may be encoded using table lookups rather than arithmetic operations. However, as the variable f ollow
might grow without bound, the number of states (low,high, f ollow) could be infinite. In order to cope
with this uncontrolled growth of f ollow, it can be bounded by a given threshold Fmax as in [51]. To
this end, renormalization incrementing f ollow are only performed as long as f ollow < Fmax. Whenever
f ollow = Fmax and the current source interval is such that f ollow could be further incremented, the
symbol probabilities are modified in order to force the follow-on procedure after encoding the current
symbol.

In [20], three FSMs describing the AC operations with a bound on f ollow were proposed, namely a
symbol-clock FSM, which is well suited for encoding, a reduced FSM leading to a compact trellis better
suited for decoding, and a bit-clock FSM suited for distance evaluation.

Symbol-clock FSM The first proposed FSM is such that each transition corresponds to a single encoded
symbol. Hence it is called a symbol-clock FSM. Starting at the initial state (0,T,0), the encoder
is fed by the two possible input symbols, and may either reach a new state or return to (0,T,0).
This defines the two starting transitions of the FSM describing the AC. Every arrival state is then
considered as a starting state of two new transitions leading either to new states or to already
known ones. When no bits are output by the encoder, the transition is called mute transition. This
exhaustive search stops when no new states are found. The set of states and the set of transition
between states of this symbol-clock FSM are denoted by Ss

FSM and τs
FSM, respectively.

Reduced FSM When dealing with noisy transmissions, a trellis-based soft-input decoder may be im-
plemented as in [51], [70]. In [20] a Viterbi decoder which keeps only the best path among all
those converging in the same state at a given depth of the trellis is used. The saved path is called
survivor. If the decoder uses a likelihood-based metric to compare converging paths, the associated
bit sequences must be of equal length. Therefore, the symbol-clock trellis derived from the FSM
described will not be appropriate for such a decoder, as merging paths would have equal length in
symbols, but variable length in bits. A bit-clock trellis is needed instead. The trellis adopted in [20]
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is derived from the symbol-clock FSM proposed. which is modified in order to no mute transition.
This allow to reduce the number of states and thus to reduce the memory required by the Viterbi
Algorithm (VA), which will work without any constraint on the evaluation order of survivors. To
obtain the reduced FSM, the transitions are allowed to have more than one input symbol. In fact,
every mute transition is extended until at least one bit is output.

Bit-clock FSM An efficient recursive evaluation of the free distance properties of trellis-based AC is
possible if transitions have exactly one output bit. Such a trellis may be obtained from the reduced
FSM introducing additional intermediate states, such that every state transition outputs exactly one
bit [20]. When a given transition outputs two bit, it is split into two transitions, the first of which
inherits the input symbols and the first output bit, while the second has no input symbol and outputs
the second bit. The set of states in the bit-clock FSM is denoted by Sb

FSM, and the set of transitions
by τb

FSM.

Performance analysis of trellis-based AC. In joint source-channel coding schemes, redundancy is intro-
duced in order to allow error detection and/or correction at the decoder side. According to [79], when
considering integer probability spaces in [0,T ), the additional redundancy due to the integer approxi-
mation is at most 0.497

T + O
( 1

T 2

)
bits/symbol if correct probability estimates are used by the encoder.

Limiting the value of f ollow may be another source of redundancy. Nevertheless, as the probability of
having f ollow = Fmax decreases exponentially with Fmax, also this additional redundancy remains small.
A popular joint source channel technique for AC is based on the introduction of a forbidden symbol
(FS) in the source alphabet. The FS is never emitted by the source, although a positive probability Pε is
assigned to it. In that way, decoding the FS indicates the occurrence of a transmission error. It can be
shown that introducing a FS of probability Pε adds a redundancy of−log(1−Pε)bits/symbol to the coded
bitstream [20]. All the cited techniques for adding redundancy may be applied to integer AC jointly with
a bound on f ollow. The resulting operations will thus be described by a FSM. Consequently, JSCAC
operations may entirely rely on the trellis representation of AC. The effects of the additional redundancy
in terms of error detection and correction capability appear in the trellis representation of the associated
FSM.The effectiveness of this redundancy may be characterized by the distance properties derived from
the trellis.
Free distance The free distance d f ree, is the minimum Hamming distance between all paths of the same
length in bits, diverging in some state and converging in another state. If the encoded messages are
long enough to avoid boundary effects, d f ree plays a similar role as the minimum distance for a block
code, in that all error patterns of weight t can be corrected if d f ree > 2t. For convolutional codes d f ree

is the smallest Hamming weight over all paths diverging from and converging to the all-zero path due
to linearity. In the case of non linear code such as VLEC, comparing paths to the all zero path may be
not sufficient to determine d f ree, since such codes are generally not geometrically uniform. But in [32],
Buttigieg deduces a lower bound on d f ree. Extending this technique to AC is not possible, as the transition
outputd do not satisfy the prefix condition in general. Therefore in [20], the authors propose an algorithm
for computing d f reefor trellis based AC. This algorithm relies on an iterative computation of the smallest
distance between all different paths of equal length starting from a common state. Its iterative structure
allows an evaluation of d f ree with polynomial complexity in the number of states of Sb

FSM and in the
number of transitions between these states. The iterations for computing d f ree will be performed on
the length in bits of the paths on the trellis, it is thus advantageous to use the bit-clock trellis. Before
presenting the algorithm for computing d f ree in [20], some notations have to be introduced.

A path of n bits on a bit-clock trellis, starting from state x and ending in y is denoted by pn
xy. The

Hamming distance between the output bits of two paths pn and qn of the same output length n is denoted
by dout

H (pn,qn). When a path pn
xy is extended by a transition tyz, one obtains a new path pn′

xz = pn
xy ◦ tyz of

length n
′
= n + l (out (tyz)), l being the length function. The set of all pairs of paths diverging from the

same starting state x and converging for the first time n bits later in state y is denoted by Cn (x,y). The set
of all pairs of paths of length n bits, diverging from the starting state x and never converging is Dn (x,y,z).
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Finally, let τb
xy ⊂ τb

FSM be the set of transitions starting from x and ending in y in the bit-clock FSM.
To evaluate d f ree in [20], a three-dimensional array ∆n defined as follows : for y 6= z, ∆n (x,y,z) is

the minimum Hamming distance between all pairs of paths of length n, starting from the state x , ending
respectively in y and z, and never converging. For z = y, ∆n (x,y,y) is defined as the minimum distance
between pairs of paths of most at n bits, diverging at state x and converging for the first time in state y.
Using this notation, one may write

∆n (x,y,z) = min
(pn

xy,qn
xz)∈Dn(x,y,z)

d
(

pn
xy,q

n
xz
)
, (45)

∆n (x,y,y) = min
n′≤n

min
(pn′

xy,qn′
xy)∈Cn′ (x,y)

dout
H

(
pn′

xy,q
n′
xy

)
, (46)

and
d f ree = min

n,x,y
∆n (x,y,y) . (47)

The evaluation of ∆n (x,y,z) seems to require the evaluation of distance between an exponentially growing
number of paths pairs. [20] provides the following iterative technique for the evaluation of ∆n (x,y,z) with
polynomial complexity. For any initial state x ∈ SFSM , the Eq. 45 and Eq.46 can be evaluated recursively
starting from

∆1 (x,y,z) = dout
H (txy, txz) , (48)

with y,z ∈ Sb
FSM and txy, txz ∈ τb

FSM, using

∆n (x,y,z) = min
y′ 6=z′

{
∆n−1

(
x,y′,z′

)
+dout

H
(
ty′y, tz′z

)}
,y 6= z, (49)

∆n (x,y,y) = min
{

∆n−1 (x,y,y) ,min
y′ 6=z′

{
∆n−1

(
x,y′,z′

)
+dout

H
(
ty′y, tz′y

)}}
, (50)

where the minimization is intended over all distinct y′,z′ ∈ Sb
FSM.

For a given x ∈ SFSM assume that there is exists some Nx such that

min
y′,z′∈Sb

FSM

∆Nx

(
x,y′,z′

)≥ ∆Nx (x,y,y) . (51)

Then the recursion Eq. 50 can be stopped, since it will be no longer possible to reduce ∆n (x,y,y) by
merging paths of paths ending in states y′and z′, respectively and 51 will be satisfied for all n ≥ Nx.
Moreover, let N̄ = maxx∈SFSM Nx. Then d f ree may be evaluated as

d f ree = min
n≤N̄,x,y

∆n (x,y,y) . (52)

If the AC is non-catastrophic, N̄ will be finite and the evaluation of d f ree is of polynomial complexity.

Distance spectrum. As with convolutional codes and VLEC, the distance spectrum of AC yields an upper
bound on error probability. The spectrum {Ad} and {Bd} can be obtained as :

Ad =
∞

∑
n=d

∑
(pn,qn)∈Cn:

dout
H (pn,qn)=d

P(pn) , (53)

Bd =
∞

∑
n=d

∑
(pn,qn)∈Cn:

dout
H (pn,qn)=d

dL (in(pn) , in(qn))P(in(pn)) , (54)

where Cn is the set of all path pairs on the reduced FSM trellis diverging from the same starting state
and converging for the first time n bits later (thus Cn = ∪x,y∈FSMCn (x,y). For the evaluation of {Ad} and
{Bd} for VLECs in [32], only paths beginning at a single initial state (corresponding to depth n = 0) had
to be considered. In the case of AC in [20], two paths may diverge at any state of the reduced trellis and
so each state has to be considered as possible diverging state, with its associated stationary probability.
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5.2 Bounds on the Wyner-Ziv rate distortion function for GE and GBG correlation models

In realistic Wyner-Ziv coding scenarios the correlation of the side information changes with time. The aim
of this section is to provide theoretical rate distortion bounds for the new correlation models introduced
in Section 4.2.

Let
{

X j,Yj
}∞

j=1 be a sequence of independent drawings of a pair of correlated continuous random
variables (X ,Y ). Assume X ∼ N (0,σ2

x ). The correlation is defined assuming a memoryless channel
between X and Y .

In the Bernoulli Gaussian (BG) correlation model, the side information might or might not be affected
by Gaussian noise Ni ∼N (0,σ2

i ). The occurrence of a noisy side information sample is modeled by a
Bernoulli process B with Pr(B = 1) = p. The BG correlation channel is defined by

YBG =

{
X with probability (1− p),
X +Ni with probability p.

(55)

The Gaussian Bernoulli Gaussian (GBG) correlation extends the BG model assuming some additional
background Gaussian noise Nb ∼N (0,σb), with σ2

b � σ2
i . The GBG correlation channel is defined by

YGBG =

{
X +Nb with probability (1− p),
X +Nb +Ni with probability p.

(56)

In the Gaussian Erasure (GE) model the correlation channel is still affected by Gaussian background
noise Gb. The Bernoulli process B with Pr(B = 1) = p models the occurrence of erasure of the whole
side information sample Y ; the GE correlation channel is defined by

YGE =

{
X +Nb with probability (1− p),
∆ with probability p.

(57)

Notice that in the GE case the decoder is aware of the erasure occurred over the correlation channel.

Bounds on the rate distortion function. Consider the MSE distortion measure, and let D be the target
distortion between the source X and its reconstruction X̂ . We want to determine lower and upper bounds
to the rate distortion function for the proposed correlation models.

Intuitively, the rate required by the system can be lower-bounded by assuming that the encoder knows
the locations of the samples affected by impulse noise (BG and GBG models) or erased (GE model).
This results in a setup similar to [54], with partial side information B (the positions of the erasures or
impulses) available at both encoder and decoder. The encoder works in a time-division regime governed
by B, employing in each fraction of the time the minimum rate required to match the global distortion
constraint D.

For the BG correlation model the optimal encoder operates on the WZ rate-distortion function R(i)
WZ(D/p)

for Gaussian noise of variance σ2
i during a fraction p of the time, and does not send information for the

remaining:

RBG
WZ(D)≥ RBG

WZlo
(D) = p · 1

2
log2

(
p ·σ2

x σ2
i

(σ2
x +σ2

i )D

)
. (58)

For the GBG and GE correlation models when D ≤ σ2
b the optimal rate allocation results in equal

distortions for both fractions of time. Thus the optimal encoder for the GBG model operates on the WZ
rate-distortion function R(b,i)

WZ (D) for Gaussian noise of variance σ2
b + σ2

i during a fraction p of the time,
and on the WZ rate distortion function Ri

WZ(D) for the remaining:

RGBG
WZ (D)≥ RGBG

WZlo
(D) =

1
2

log2

(
σ2

x σ2
b(

σ2
x +σ2

b

)
D

)
+ p · 1

2
log2

(σ2
x

σ2
b

+1
)(

σ2
x(

σ2
b +σ2

i

) +1

)−1
 . (59)
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Similarly the optimal encoder for the GE correlation model sends full rate for the description of X
during a fraction p of the time, while it operates on the Gaussian WZ rate-distortion function R(b)

WZ(D) for
Gaussian noise of variance σ2

b for the remaining time:

RGE
WZ(D)≥ RGE

WZlo
(D) =

1
2

log2

(
σ2

x σ2
b(

σ2
x +σ2

b

)
D

)
+ p · 1

2
log2

(
σ2

x

σ2
b

+1
)

. (60)

For D > σ2
b some rate needs to be spent only where impulses or erasures are present in the correlation,

as for the BG model. The minimum rate required is then RGBG
WZlo

= p ·R(b,i)
WZ (Di) for the GBG model, and

RGE
WZlo

= p ·R(i)
WZ(Di) for the GE model, where Di has to satisfy the constraint D = pDi +(1− p)σ2

b . For
target distortion D > σ2

b the lower bound in figure 28 was determined numerically using reverse water-
filling.

Xj

Yj

X̂j
Q(·) SWen
oder SWde
oderR

Figure 28: Theoretical scheme.

In order to obtain an upper bound on the rate-distortion function for a given target distortion D≤ σ2
b

one may consider the theoretical scheme in Figure 28 and assume high-rate regime. The source is scalar-
quantized with step ψ , then Slepian-Wolf encoded [44, Sec. 14.8] and sent to the receiver. Assume ideal
Slepian-Wolf encoding scheme with vanishing probability of decoding error. In the BG case the decoder
can detect the presence of impulses by comparing the recovered quantized source with the quantized
side information. When no impulse is detected the decoder reconstructs X̂ = Y . The resulting overall
distortion is smaller than D = ψ2/12, and the (achievable) upper bound is

RBG
WZ(D)≤ RBG

WZhi
(D) = H(B)+RBG

WZlo
(D · p)+ p · 1

2
log2

(
2πe
12

)
, (61)

with H(B) = p · log2(p)+(1− p) · log2(1− p). Similarly for the GBG model the (achievable) upper
bound is

RGBG
WZ (D)≤ RGBG

WZhi
(D) = H(B)+RGBG

WZlo
(D)+

1
2

log2

(
2πe
12

)
, (62)

and for the GE correlation model is

RGE
WZ(D)≤ RGE

WZhi
(D) = RGE

WZlo
(D)+

1
2

log2

(
2πe
12

)
. (63)

In all cases the term 1/2log2(2πe/12) = 0.255 bits is the loss per sample due to scalar quantization.
In the GE correlation model it is assumed that the decoder can detect an erasure, whenever it occurs
on the correlation channel; in the BG and GBG models, however, the decoder does not know whether
the received side information sample is affected by impulsive noise. The term H(B) represents thus the
(theoretical) rate per sample needed to estimate the side information quality.

Figure 29 shows upper and lower bounds obtained for the GBG and GE correlation models for p =
0.05, σx = 1, σg = 0.2, σi = 1. The figure also shows that for a GBG or a GE correlation model with
small p a performance comparable to standard Gaussian correlation may be obtained.
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Figure 29: Lower and upper bounds of the rate-distortion functions

5.3 Perspectives

5.3.1 Distance spectra of AC-based and general JSC codes

The fairly complex techniques proposed in [20] to obtain the Ad spectrum will be simplified and gener-
alized to FSMs which do not necessarily correspond to AC implementations. This will allow to extend
the method also to sources with memory, as well as finite-state adaptive encoders. New techniques to im-
prove the spectral code properties will be studied. The goal is to obtain a set of bounds and construction
guidelines that provide a simple way to design arithmetic-coding based JSCC systems.

5.3.2 Distance properties of distributed arithmetic codes

The paper [66] proposed a novel Slepian-Wolf coding method termed distributed arithmetic coding,
which encodes a source at a rate smaller than its entropy by allowing the coding intervals to overlap.
A soft joint decoder then exploits knowledge of the side information to decode the ambiguous codeword.
So far, the design of the interval overlap has not been tackled systematically; therefore, we plan to study
the applicability of the distance spectrum techniques outlined above to this problem.

5.3.3 Models and bounds for distributed source coding with sparse correlation structures

The proposed models for distributed source coding with variable-quality side information (see sections
4.2 and 5.2) will be extended to sources and/or correlation with memory. The guiding principle for
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extending these models will be their appropriateness to applications such as distributed video coding.

5.3.4 Distributed joint source channel coding: comparison of source coding (quasi-arithmetic) and
channel coding based methods

The positioning of the sequence length constraint leading to the best decoding performance has been stud-
ied in [124] for quasi-arithmetic codes. It is shown that the optimum position of the length constraint is
not the last time instant of the decoding process. The best position actually depends on the channel signal
to noise ratio and on the error recovery properties of the code. This observation led to the introduction
of a new approach to add redundancy to QA codes in order to improve their decoding performance. The
redundancy is added under the form of length constraints exploited at different time instants of the decod-
ing process on the aggregate state model. In comparison with other methods based on side information
such as markers which help the resynchronization of the decoding process, the strategy proposed here
does not lead to any modification of the compressed bit-stream. The side information can be transmitted
separately from the compressed stream. The approach turns out to outperform widely used techniques
based on the introduction of a forbidden symbol.

We will then pursue this study by carrying out a comparative assessment between a JSCC strategy
based on quasi-arithmetic codes with redundancy under the form of length constraints exploited at differ-
ent time instants of the decoding process, and a JSCC strategy based on turbo codes.

5.3.5 Analysis of joint source channel coding: analysis of the puncturing of quasi-arithmetic coding

Variable length coding offers great performance in terms of compression, but it is however very sensitive
to channel noise. Indeed, a single error in the bit-stream may result in the de-synchronization of the
decoder leading to dramatic symbol error rates (SERs). Synchronization recovery properties of variable
length codes (VLC) have been first studied in [127]. A model to derive the error span following a single
bit error (i.e. the expected number of symbols on which the error propagates inside the bit-stream) is
proposed. It can be shown that VLC strictly satisfying the Kraft inequality statistically resynchronize with
a probability of 1. However, they do not always resynchronize in the strict sense (i.e. the symbol length
of the decoded bit-stream may differ from the one of the encoded bit-stream). In [181], the authors have
extended the model of [127] to calculate the probability mass function (PMF) of the so-called “gain/loss”.
The “gain/loss” represents the difference between the number of encoded and decoded symbols. It is
shown in [227], that the error span reflects the performance of a VLC with hard decoding. In [123], the
measure of the “gain/loss” is shown to reflect the performance of VLC when soft-input decoding with a
termination constraint on the number of encoded symbols is applied at the decoder side, and similarly for
quasi-arithmetic codes [124]. The term termination constraint denotes here a constraint that enforces the
symbol length of the decoded sequence to be equal to a given number of symbols (known by the decoder).

The error recovery capability of VLC and quasi-arithmetic codes can thus be predicted with the help
of a so-called error state diagram. Transfer functions defined on this error state diagram allow us to
compute the expected error span (i.e., the average number of symbols on which the bit error propagates)
and the gain/loss (i.e., the difference between the number of encoded and decoded symbols) following
a single bit error. The computation of these quantities can be extended to the case where the bit-stream
is transmitted over a BSC. The entropy of the gain/loss turns out to be a powerful tool to analyze the
performance of soft-input decoding of VLC and QA codes with termination constraints. It allows us
for example to quantify the amount of information brought by a length constraint on both optimal and
aggregated state models. For a given code and a given channel signal to noise ratio, the entropy of the
gain/loss allows us for example to determine the value of the aggregation parameter for which close-to-
optimum decoding performance will be obtained.

The goal will be to extend the tools and methodology to the case of an erasure channel.
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6 TASK TR7.5: STUDY OF PRACTICAL, LONG-TERM SOLUTIONS PLUS TEST-BEDS

This section summarizes the status of JSCC/D with respect to practical applications. First, a few situ-
ations, sometimes dating many years ago, are recalled, where Shannon’s separation principle was not
really applied. Then, it is shown that the concept already serves as a publicity for a few products, and
finally, we aim at selecting some situations in which JSCC/D could really have some impact in a near
future, even if many points remain to be studied.

6.1 Actual impact of JSCC/D in standards

6.1.1 Hidden cases where separation theorem is not really used

The separation theorem states that an optimal situation (in terms of global rate) is attained (i) if the
signal to be transmitted is compressed at a maximum, for a given admissible distortion, while (ii) the
transmission is protected by a very powerful channel coder, so that the error probability is almost zero. In
such a case, all distortion is introduced by the source encoder, while no transmission error is admitted.

However, wireless channels have a wide variability, and some communications may encounter very
poor channel situations. Hence, is has soon been recognized that it was not possible to tune any trans-
mission system for the worst possible channel, and that some mechanisms were needed to allow better
transmission rates. Such mechanisms can be found at all layers of the communication chain. On the
transmission side, the mechanisms that are strongly linked to the variability of channels are

• Adaptive modulation and coding, allowing to adapt the transmitted bit rate to the quantity the
channel may carry

• All mechanisms making use of diversity, which are using the variability of the channels to improve
the communication

On the network side

• Packetization, which prevents an error to propagate too much

• Acknowledgement procedures, allowing re-transmisison when a packet is erroneous

On the source coding side

• Natural error resilience of source coders

• Error concealment

the last two items are practically used in cases where the separation theorem is clearly not valid : In
GSM, for example, the bit error rate after channel coding/decoding has been tuned not to exceed 10−3

because speech coders were still understandable after going through a channel with this BER. Moreover,
error concealment is an important part of the recent video CODECS, and allows to play an H264 encoded
video without too much damage even when few blocks are lost. Finally, even the notions of (i) Unequal
Error Protection (UEP), (ii) of using various Qualities of Service for various types of signals, (iii) of
scalable video bitstreams (to be used jointly with UEP) also shows that communication systems do not
stick to a strict interpretation of the separation theorem.

The list above does not intend to be exhaustive, and rather tries to demonstrate that many mechanisms
already exist, and that the proposed tools have to be more efficient than those already existing. In various
cases they should also be compatible with the use of some of them. This motivates the choice of some
situations of interest which could serve as testbeds. The intention here is that the testbeds could serve
altogether to an evaluation of the performance as well as to the emergence of new problems coming from
a more global vision of the multimedia communication paradigm.
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6.1.2 Recent cases where JSCC/D has contributed to standards

Even if JSCC/D does not appear explicitly in standards, there are a few cases where there is a strong
connection with options available in some of them.

1. Error correcting arithmetic codes [65], contributed by CERCOM (member of CNIT) to JPEG2000
part 11 (JPWL), [81]

2. DVB-H [53] where hierarchical modulation has been normalized (I do not think that any practical
use has been proposed yet, but it is one option of the standard).

3. Redundant slices have been proposed in conjunction with Flexible Macroblock Ordering in H264
[84]: it is actually a very simple spatial Multiple Description Coding technique, and is an explicit
insertion of redundancy at the source coding level.

These few examples are by no means (with the exception of the first one) pure JSCC/D techniques.
However, they are getting closer and closer to what is studied under this acronym.

6.2 Emergence of the concept in products

Recent announcements on products based on JSCC can be found. You will find below an extract of one
of them (AMIMON Ltd.)

Amimon Ships Chip Set for Short Range, High Data Rate, Wireless HDTV
TV stations usually concentrate on transmitting HDTV content to distant locations using as little

data bandwidth as possible while maintaining quality. Amimon’s new WHDI chip set transmits HDTV to
nearby devices using as much data bandwidth as possible.

By using Joint Source-Channel Coding (JSCC) instead of conventional data transmission methods
that treat each bit as equally important, Amimon’s WHDI system is able to transmit data rates between
250 and 800 Mbps using a 20 MHz wide 5 GHz channel over short distances inside a house. 8-bit
per color HDTV samples can be compressed to about half their original data rate, 1.5 Gbps for 720p
and 1080i HDTV or 3.0 Gbps for 1080p HDTV. On a good 20 MHz wide channel (or two for 1080p),
Amimon’s WHDI system is able to transmit a near perfect picture.

What happens when the channel is degraded and the data rate drops below half the uncompressed
rate? That’s where JSCC makes the difference. Video components are prioritized according to their
importance. For example, most significant bits are more important than least significant bits, lower
spatial frequencies are more important than higher frequencies and the luminance component is more
important than the chrominance components. Higher priority components receive more error correction
than less important components. High priority components are also transmitted using a less complex
modulation method-a coarser constellation, for example, transmitted on frequencies with less noise. As
the channel SNR deteriorates, lower priority components are lost first.

This does not mean that the corresponding product is really making use of all the power of JSCC/D
(this seems more like Unequal Error Protection) but it does mean that the idea progresses, and that it may
become a discriminating factor for new innovative products, just like MIMO has been a few years ago for
Wireless LAN modems (even if in some cases, MIMO was mostly a selling argument...)

6.3 Possible impact in the near future depending on the context

This section intends to select a situation in which JSCC/D could be checked against traditional solutions
by taking the whole context into account, including the network layers and a realistic model of the Phys-
ical layer. Obviously, the constraints can be very different in various settings, and this choice is very
important.

A first, general, consideration is that source coders are so efficient that getting rid of them and working
on the original signal or designing a specific encoder which would not involve image prediction nor Vari-
able Length Codes would not be realistic, since they would result in a much larger bit stream. However,
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it is obviously possible to tune them in a different way, for example in order to leave some redundancy at
the cost of a slight to moderate increase of the bit rate. This consideration seems to apply to all situations
described below.

6.3.1 Point to point communications

Considering point to point transmission, one is usually in a communication situation, in which interaction
is important, and the delay is a very strong constraint. In fact, when the delay is larger than 0.5 second
the interaction between the two parties becomes very difficult. This delay constraint also prevents the
ACK/NACK procedures to be applied. However, the classical solutions that are used (source coding
using block prediction, etc... strong channel codes,...) already come close to the limit in terms of delay.
Hence, any modification introduced by JSCC should not increase the delay, and the situation becomes
very difficult. It does not mean that JSCC/D would not be able to improve the situation, but point to point
transmission is not the preferred case...

6.3.2 Broadcasting

In a broadcasting context, the situations at first sight seems to be more comfortable : the transmitter
addresses may terminals, and the communication is (mainly) unidirectional. Hence, the delay constraints
seems to vanish, and the ACK/NACK procedure is not feasible, since the number of terminals prevents
the transmitter to wait for all of them.

This has to be somewhat balanced by more practical constraints, limiting for example the delay to an
order of magnitude of 1 sec, for example in TV broadcasting, since the "zapping" would become unreal-
istically uncomfortable. the ACK/NACK procedure at block level can also be mimicked by introducing
redundancy at packet level (such as MPE-FEC in DVB-H [53]).

Altogether, this seems to be the easiest case, and will be addressed as a first setting. However, the ex-
istence of the above mentioned constraints will be taken into account, since they will state new problems.

6.3.3 Multicasting

A slightly more complex situation is "multicasting". by multicasting here, we mean a service in which
a TV show, for example, would be delivered to a selected set of receivers in a given cell. This number
of receivers being small to moderate. This situation is intermediate between broadcasting (very close to
it) and point to point communication. The advantage is that the delay constraint is not too strong, and
that it is essentially a one way communication, even if a return channel exists. In this case, some kind of
ACK/NACK procedure can be used, but needs to be re-defined to be compatible with JSCC/D.

6.4 Longer term situation : Video streaming over peer to peer networks

Finally, one situation seems to be of an increasing interest : video streaming through peer to peer net-
works. Obviously, this application is much more demanding, and has been addressed currently by tools
that are closer to cross-layer design in a traditional sense than to real JSCC/D. However, it is possible
(likely) that the techniques that are studied in this task could prove to be useful in this context. This is the
first step that we will be studying during the course of NEWCOM++.

A very good research group of Stanford, led by Andrea Goldsmith and Bernd Girod is already address-
ing this problem. (see the link htt p : //www.stan f ord.edu/ zhuxq/adhoc_pro ject/adhoc_pro ject.html)
They selected the following topics as being important for solving this issue:

1. Adaptive link layer techniques

2. Joint capacity and flow assignment

3. Distributed search for capacity region
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4. Congestion-minimized stream routing

5. Intelligent packet scheduling

6. Congestion-aware and delay-constrained rate allocation

7. Distributed rate allocation over heterogeneous networks

8. Distributed routing for heterogeneous data

9. Video distortion modeling

10. Rate allocation among multiple streams

11. Joint optimization of source/channel coding

12. Error-resilient source coding

13. Peer-to-peer multicast video streaming

While some of the topics are clearly in the PHY layer (the first three), some of them are clearly in the
network domain (items 4-8), the last ones (items 9-13) could clearly benefit from a JSCC/D approach.
However, the topic must be addressed jointly with the networking layers to be relevant. During the
course of NEWCOM++, the feasibility of this study will be addressed within deliverable DR7.3. If the
conclusions are positive (and this will be discussed with researchers from the networking are, in WPR11),
the topic will begin to be addressed during the last year of NEWCOM++, together with them.

6.5 Testbeds

During the course of NEWCOM++, in order to facilitate the comparison of various techniques proposed
by the various teams, and to promote exchange of ideas and software building blocks, two software
simulators, based on IT++ and OMNET++ will be made available. The first one is concerned with video
broadcasting based on DVB H, corresponding to section 6.3.2 and the other one to a multicast situation
based on WIMAX (corresponding to section 6.3.3). These simulators will not cover the whole standards,
(e.g. will suppose that the WIMAX communication is already established) but will anyway allow to
evaluate the efficiency of our algorithms in realistic contexts.

Reference DR.7.1
60 / 74



216715 NEWCOM++ DR.7.1

7 CONCLUSION

This deliverable has described the status of the work in the various teams contributing to this workpack-
age, with respect to the global state of the art in the domain of Joint Source and Channel Coding/Decoding.
The specificity of this work is that, altogether, this group is contributing on theoretical aspects of the do-
main, as well as on more practical ones. In fact, some of the results described as "state of the art" is already
the result of contributions between various partners in the framework of the former NoE NEWCOM.

This document also describes section by section, the joint work that will be worked out in the next
period.
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