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Abstract—In this paper, we identify and quantify loss factors
causing sub-optimal performance in joint source-channel coding.
We show that both the loss due to non-Gaussian distributed
channel symbols and the loss due to non-Gaussian quantization
error equals the relative entropy between the actual distribution
and the optimal Gaussian distribution, given an average power
constraint and an mean-squared error (mse) distortion measure,
respectively. Furthermore, losses occur whenever each channel
symbol has an information bit rate lower than the channel
capacity, and due to the presence of inter-channel correlation,
source coder redundancy (intra-channel correlation), suboptimal
receiver structures, and decoding errors. We quantify the loss
associated with some of these factors and provide an example
of communication scheme, showing that calculations and simu-
lations agree.

I. INTRODUCTION

In certain settings, joint source-channel coding (JSCC)
can provide improved performance and robustness relative to
the traditional separate source and channel coding approach,
especially in cases where there are delay and complexity
constraints [1]. After all, optimality in separate source and
channel coding for a single user is achieved only when we
allow infinite delay and complexity in both coders [2]. Joint
source-channel coding, on the other hand, can come very close
to the theoretical optimum with low system complexity. The
most extreme example is when transmitting a Gaussian source
over an additive white Gaussian noise (AWGN) channel of
the same bandwidth, given an average power constraint and
a squared-error distortion measure. By plugging the source
directly onto the channel with a certain optimized amplifica-
tion factor, optimum performance is achieved for all channel
qualities, without any coding at all. The reason for this is
that the source’s probability density function (pdf) equals the
channel signal pdf required to achieve the channel capacity,
and the Gaussian noise from the channel equals the error signal
pdf required to achieve the rate-distortion bound [3].

Earlier, we have proposed some schemes for joint source-
channel coding [4], [5], [6], which we termed Shannon map-
pings. These schemes can achieve both bandwidth reduction
(compression) and bandwidth expansion (error-control), but
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Fig. 1. A generic communication system

none of them achieve actual optimality. What is apparent from
past work, however, is that systems which do compression
come much closer to the theoretical bounds than when per-
forming expansion. Intrigued by this, we try to identify more
in detail which loss factors come into play when designing a
JSCC system, in order to obtain some hints on what to do to
improve the performance. The loss factors will be described
in terms of information theoretic expressions. Thus, they are
not specific to Shannon mappings or other direct source-
channel mappings. Indeed, traditional schemes with separable
quantizers and channel coders can also be analyzed, although
our main emphasis in the example will be on JSCC systems.

A good discussion about lossy source-channel coding sys-
tem can be found in [3]. This paper covers the information the-
oretical aspects of optimal source-channel coding, and through
Theorem 6, provides a criterion which can be used to check
whether a system performs optimally or not. However, no clues
are given on how to determine the actual loss whenever a
system is not optimal. As most systems (especially those with
delay or complexity constraints) do not achieve optimality, it is
interesting to quantify these loss factors. This would enable us
to know how much we can hope to improve a system, which
parts of the system are responsible for the biggest losses, and
thus where it pays off the most to make improvements.

The paper is organized as follows. First we identify the
different loss factors; mismatched channel symbol distribu-
tion, under-utilization of the channel, inter-channel correlation,
source coding redundancy, mismatched source distribution,
suboptimal receiver structures, and decoding errors. Then we
exemplify some of these with a 1:2 bandwidth-expanding
JSCC system.

II. PRELIMINARIES

Based to some extent on intuition, we will initially make
some conjectures about what causes suboptimal performance
in joint source-channel coding systems under a squared-error
distortion measure. The conceptual communication chain is
seen in Fig. 1 where S is the source symbol, X is the
transmitted channel symbol, Z is the channel noise, Y is the



received channel symbol, and S is the reconstructed source
symbol. The encoder and decoder might be any JSCC system,
or in fact even a traditional separate source and channel coding
system. Moreover, the losses are stated in bits, but this does not
limit us to looking at bit-based systems. Shannon mappings,
which use direct source-channel mappings, can be analyzed as
well.

In short, we want to determine the loss due to the inequal-
ities in the proof of [3, Lemma 2], for convenience repeated
here:
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where E denotes the expectation operator with respect to the
source distribution, d(-,-) is the distortion measure, R(D)
denotes the rate-distortion bound for a distortion D, and
C(P) denotes the channel capacity for a given average power
constraint P. A system performs optimally whenever the rate
is equal to the channel capacity, i.e. when all the relations
in (1) are equality signs. Equality in a) is achieved for
the rate-distortion bound achieving error distribution (given
the distortion measure), equality in b) is achieved for an
information lossless encoder-decoder pair (when going to the
channel space and back), and finally equality in ¢) is achieved
for the capacity-achieving channel symbol distribution (given
the capacity-cost function).

It is worth noting that for an optimal pair R(D) = C(P),
one cannot lower D (or P) without changing R(D) (or C(P)).
This means that if the source rate is higher than the channel
capacity, the information content must be reduced (i.e. D must
be increased such that the equality is satisfied).

A. Loss from Mismatched Channel Distributions

We now show how much we lose by using non-Gaussian
distributed channel symbols on an AWGN channel, causing
an inequality in ¢) of (1). This result was shown for a single
channel case in [5], but is repeated here for the parallel channel
case for completeness. To the authors’ knowledge, this simple
result has not been reported in the literature earlier than [5].

We know from information theory that Gaussian distributed
channel symbols maximize the mutual information between
a transmitted and received sequence over any memoryless
channel with an average power constraint [7]. For the specific
example of a n-dimensional AWGN channel with an average
power constraint, the channel capacity is defined as [7]:

- I(X1,.. X Ye,.. 0 Y), (2
F@rsn): o2, <P K, K1 h @
where I(-;-) denotes mutual information. Whenever we have

a marginal channel symbol distribution f(x;) ~ A and the
same power constraint, the achievable transmission rate will
be less than the capacity of this specific channel, i.e.

C' = I(Xl"'"X7L;Y17.'.’KL)|f(wi)wN :O—T)(f),

where 7n(f) denotes the associated capacity loss for the dis-
tribution f. Expanding the mutual information in (2), and
assuming that the signal and noise are uncorrelated, one can
show that [7]
n
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where Z; is the channel noise in channel 7 and h(-) denotes
the differential entropy. Assuming that the covariance matrix
of (X1,...,X,) is diagonal so that there is no correlation
between the channels, the only loss we would experience is
when the X;’s are not Gaussian distributed. To determine this
loss, we expand the first term on the right hand side of (3).
Since we always integrate over the same variable y, we write
fi instead of fy,(y) to increase the readability, although this
in some sense is abuse of notation. Expanding the differential
entropy, we obtain
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where I(-||) is the relative entropy (or I-divergence) between
two distributions!, and (a) is valid when f; is the Gaussian
distribution and f; is any continuous distribution with zero
mean and same variance as f;*. To see why this is true consider
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which is valid for any well-behaved distribution f with zero
mean. Inserting (5) and (3) into the definition of the channel

capacity in (2) we obtain the maximum achievable transmis-
sion rate for input distributions f; as
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which is the sum of the channel capacity of each channel mi-
nus the relative entropy between the mismatched distribution
of each channel and the Gaussian. Le., n(f) = I(f;||f}).

'We are using the less common form I(-||-) instead of D(-||-) in order to
avoid confusion with the distortion D used later.



B. Loss from information rate less than the operational chan-
nel capacity (R < C”)

Obviously, we cannot attain the theoretical optimum if the
actual information rate of the symbols transmitted over the
channel is strictly below the channel capacity (i.e., if relation
b) in (1) is a strict inequality). This is for instance the case for
channel codes with insufficient puncturing using more parity
bits than necessary to achieve a certain bit-error rate (BER) [8],
or for uncoded modulation with a rate lower than the channel
capacity. This loss corresponds to [3, Eq.(8)], where I(X;Y)—
I(S;S) is the loss induced by too many parity bits or a too
small modulation constellation. More generally we can say that
the encoder-decoder pair in Fig. 1 is not information lossless.
When communicating a continuous source over an AWGN
channel, the Gaussian channel noise contaminating the source
ensures that the first inequality sign in (1) is satisfied with
equality. Furthermore, by plugging the source directly onto
the channel and using the optimal Wiener filter as the receiver,
the second inequality sign is satisfied with equality too. This
means that we have R = C’ and the only loss will be caused
by the non-Gaussian channel symbol distribution as described
in Sec. II-A.

C. Loss from Correlated Channels

In a system with parallel communication channels, all the
channels should be mutually uncorrelated in order to maximize
the total achievable capacity. For independent noise Z, we
have the following inequality for the mutual information

I(Xl,XQ,...,Xn;Yl,}/é7...,Yn)
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where equality is only achieved by independent Y’s. Expand-
ing the differential entropy of the Y’s we have [7]
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and consequently we have h(Y1,Ys,...,Y,) < Y A(Y;).
The resulting rate loss would be the difference > h(Y;) —
> h(Y;|Y1,Ys,...,Y;_1). For examples of systems suffering
from correlated channels, one could think of spatial correlation
in multiple-input, multiple-output (MIMO) systems, or or-
thogonal frequency-division multiplex (OFDM) systems with
correlated sub-channel gains. However, we will not discuss
MIMO here, and we refer the reader to [9].

We could also classify the case of encoder-induced cor-
relation into this section. By this we mean inter-channel
correlation introduced by the encoder, as opposed to e.g. the
spatial correlation leading to reduced rank MIMO channels.
For example, the worst-case example would be block pulse
amplitude modulation (BPAM) [10] for bandwidth expan-
sion, where replicas of the source is transmitted in parallel
(“repetition code”). Provided that the total power is doubled
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Fig. 2. The hybrid scalar quantizer, linear coder (HSQLC).

when the number of channels are doubled, the signal-to-
noise ratio (SNR) is only increased by 3 decibel (dB) per
doubling of channels. This is because the channels carry fully
correlated information, and thus the available bandwidth is
poorly utilized.

Fig. 2 shows a specific 1:2 bandwidth expanding system (to
be described more in detail in Sec. III-A). The line segments
in the plane constitute the source space, and the plane is the
channel space. BPAM with the same expansion factor would
be a represented by a diagonal line in the plane. This means
that the encoder introduces full correlation between the two
channels and the channel space (the plane) is poorly utilized.
The system shown in the figure has much less correlation and
fills the channel space better.

D. Loss from Source Coder Redundancy

In order for a communication system to perform optimally, it
also has to operate at the rate-distortion (R-D) bound (relation
a) in (1)), and the source coder rate must thus be equal to
the channel capacity [3]. The loss experienced from a non-
optimal source coder is given as the excess rate required to
achieve the same distortion as the R-D function evaluated at
the channel capacity. First of all, ideal entropy coding must be
applied in order to reach the source’s differential entropy rate.
Failing to do so will give a rate increase, with the amount of
increase depending on the source pdf [11] and on the source
redundancy.

Entropy coding alone, however, cannot achieve the R-D
bound. For instance, a scalar quantizer can at best be 0.255 bits
away from the R-D bound [11], regardless of the source pdf.
This is due to the fact that the quantization noise cannot
be shaped properly (to be a Gaussian) when we have only
one dimension in the quantizer. vector quantization (VQ) can,
on the other hand, reach the R-D bound if given infinite
dimensions. This is referred to as the space-filling advantage
in [12]. We will thus refer to the gap relative to an ideal VQ
as the space-filling loss, and it applies to any source coder
failing to produce Gaussian reconstruction-error noise.

Usually, the space filling loss is described in terms of high-
resolution theory [12]. However, an alternative way of looking



at the space filling loss is to examine the reconstruction (or
quantization) noise which appears in the derivation of the R-
D function for a Gaussian source. Given the squared error
distortion measure, Gaussian-distributed quantization noise is
needed to reach the rate-distortion bound [7], regardless of
the input source distribution. This is because for an allowed
distortion D, a Gaussian-distributed reconstruction error will
minimize the necessary mutual information between the orig-
inal and reconstructed sequences. We now determine the loss
of a non-Gaussian reconstruction noise. The R-D function is
defined as [7]:

R(D) = min I(8™;8™),  (10)
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where d(-,-) is the chosen distortion metric, mse in our case.

Assuming that the coder produces reconstruction noise
which is not Gaussian distributed, we have an operational R-D
function, R’(D), which is higher than the R-D bound R(D)
given in (10):
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where A(f) is the penalty term due to the non-Gaussian
reconstruction noise distributions. Looking at the mutual in-
formation, we can expand it as follows:
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where (12) and (13) are due to the fact that conditioning
reduces entropy. Using the definition of the differential entropy
we can furthermore expand the last addend of (13) as follows
(again slightly abusing notation):
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where (14) is valid when f; is the Gaussian distribution and
fi is any continuous distribution with zero mean® and the
same variance as f;, due to the same arguments as in (6).

2This is not a restricting assumption, since the mean can always be
subtracted before encoding the source.

Inserting (15) into (13) we obtain

I(S™; 8™) >Z{h

where the two ﬁrst terms on the right hand side correspond
to R(D) in (11) and the last term corresponds to the penalty
A(f) in (11). This gives us the operational R-D function

Z{R

i.e. the loss factor in (11) is A(f;) = I(fillf;). This result
is similar to the discrepancy shown in Sec. II-A, in the sense
that the penalty for having a non-optimal distribution is the
“distance” between the actual and the optimal distribution®.
To the authors’ knowledge, this result has not been previously
reported in the literature.
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E. Loss From Mismatched Source Distribution

When designing a source coder, knowing the source’s input
pdf is important to ensure optimal performance. However,
exact knowledge about the source is usually not available
and it is usually estimated from data, resulting in mismatch
in the source coder. We will call the resulting loss source
mismatch loss. Some work has been done on this for high-rate
entropy-constrained vector quantizers [13], where they show
that the loss incurred by designing the quantizer for a pdf f
and applying a pdf g is equal to the relative entropy between
the two, i.e. I(f||g). The restrictions on this result is that f/g
must be bounded, which in many cases is not true.

FE. Loss Due to Suboptimal Receiver Structures

The design of receiver is crucial for the system performance,
since it is responsible for extracting the transmitted signal from
the contaminating channel noise and possibly other impair-
ments such as fading and interference. Moreover, depending on
whether the source symbols are uniformly distributed or not,
the optimal receiver would be either be a maximum likelihood
(ML) or a maximum a-posteriori probability (MAP) receiver
[14]. The former is basically a minimum-distance detector for
the AWGN channel, but in some cases, even an ML detec-
tor might become prohibitively complex, and more simpler
receiver structures are employed. Any sub-optimality in the
receiver of course results in degraded performance. Often there
is a certain correlation between channels, either because of
non-optimal source coding or deliberately introduced to aid
decoding. However, if the decoder is not decoding the channels
jointly, but rather independently, performance degradations
will occur. This typically has bigger impact at low than at
high channel signal-to-noise ratio (CSNR).

It is, however, rather difficult to quantify this degradation
in general terms, since it is very system dependent. Usually,
this is a trade-off between the complexity of the receiver and
performance.

3The relative entropy, also known as the Kullback-Leibler distance, is not
a true distance metric, but still it provides a measure of the rate difference of
two distributions.
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Fig. 3. The HSQLC system

G. Loss From Incorrectly Decoded Channel Symbols

Whenever the channel impairments induce incorrect deci-
sions in the decoder, we have an information loss responsible
for an increasing inequality in relation b) of (1). What this
loss translates to, depends strongly on the actual system. For
a communication system using entropy coding, bit errors can
cause catastrophic breakdown ruining the entire transmission.
Direct modulation of a scalar quantizer, however, only causes
increased distortion when incorrectly decoding to neighboring
intervals. In both cases, this effect is often referred to as the
threshold effect, since the performance above a certain CSNR
threshold is good, but rapidly decreases below the threshold.

III. EXAMPLE

We now present a specific example of joint source-channel
coding system, where the relevant loss factors described in
Sec. II are shown to be able to completely explain the dis-
crepancy between the systems’ performance and the theoretical
optimum. Even though these systems do not operate with bit
representations, the losses are stated in bits and converted to
decibels with the common 6.02 dB per bit rule [11]. This
is valid for the case of scalar, memoryless sources with a
squared-error distortion measure.

A. 1:2 HSQLC, Gaussian Source and AWGN Channel

The hybrid scalar quantizer, linear coder (HSQLC) [15] seen
in Fig. 3 is a bandwidth expanding single-channel joint source-
channel coding scheme with two channels, where the total
channel bandwidth is twice that of the source bandwidth. The
bandwidth expansion is a way of performing error control,
which allows higher SNR of the reconstructed source than for
equal source and channel bandwidths. Theoretically, the best
we can achieve is optimal performance, theoretically attainable
(OPTA) [16], which is found by equating the rate-distortion
function with the channel capacity. For a Gaussian source and
an AWGN channel we have

1 1
SNR = (1 + CSNR) 7 = (1 + CSNR)2. (18)

The HSQLC system’s performance is, however, far away from
this bound. At around 30 dB CSNR when the two channels
are allocated the same amount of power by the optimization
algorithm, the system performance is a little less than 8.5 dB
away from OPTA.
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Fig. 4. Simplified HSQLC system.

We will now scrutinize this simplified system in order to
try to identify the main causes of this big loss. We will
concentrate on the high CSNR region, since in this region
the optimization algorithm distributes the power equally on
the two channels (hence we have the same CSNR on the
two channels). Moreover, in this region, the quantizer has
sufficiently high rate to assume that the quantizer output
and quantization error are uncorrelated (given that the usual
required conditions for this approximation to be valid are
fulfilled). Also, in the high CSNR case, the effect of non-ideal
receivers is more or less negligible. In order to facilitate the
analysis, we abandon the optimized quantizer characteristics
(Fig. 2), and instead stack the quantizer levels directly above
each other (Fig. 4). This degrades the performance for lower
CSNR, since incorrectly decoded symbols a(k) will induce
higher distortion, and furthermore the error-signal distribution
will be uniform instead of something resembling a Gaussian.
However, at 30 dB and above, the difference between the
simplified and the optimal HSQLC system is negligible.

The schematic diagram of the HSQLC system is shown in
Fig. 3. The input signal s(k) is first quantized by a uniform
scalar quantizer, and the quantized signal a(k) is allocated
a certain amount of power and transmitted over the channel
as a multilevel pulse-amplitude modulation (PAM) symbol
x1(k). The quantization error b(k) is allocated the rest of
the power and transmitted with direct PAM over the other
channel as z3(k). For high CSNR (> 30 dB) the optimization
described in [15] divides the available transmit power equally
between the two channels. We assume that the two channels
have equal characteristics. The receivers are not optimal, as the
two channels are decoded independently. However, simulations
confirm that the difference in performance between the optimal
and simplified receivers is negligible at high CSNR [15].

Loss from mismatched channel symbol distributions: The
quantized signal transmitted over channel 1 will have a
probability mass function (pmf) approximating the continuous
Gaussian distribution, and there will be almost no loss due to
incorrect channel symbol distribution as long as the number
of levels is sufficiently high.

As the signal on channel 2 is transmitted as direct PAM,



it will have the same distribution as the quantization error
b(k). The scalar quantizer is of high rate (at high CSNR)
and thus the quantization error is approximately following
a uniform distribution. According to Sec. II-A we should
thus experience a loss equal to the relative entropy between
the actual uniform distribution and the optimal Gaussian
channel symbol distribution of the same variance. Denoting
the uniform distribution as f and the Gaussian as f* we have
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where we use the fact that 07 = o, (comparing distortion at
the same power level), and in (c) we use the fact that o7 =
1/12(bmaz — bmin)?. In bits, this loss is 0.5logy(me/6) =
0.255. This value is confirmed by estimating the relative
entropy of the simulated quantization error and a Gaussian
distribution of the same variance, using the method described
in [17]. In decibel, this loss is 1.53 dB which is equal to the
shaping gain of 1.53 dB seen in modulation [18].

Loss from threshold effect: Channel 1 has multi-level sym-
bols with no explicit error protection. Channel noise will
therefore cause transition to neighboring symbol levels, and if
we try to increase the rate on this channel, the threshold effect
increases. This implies that in order to obtain an acceptable
symbol error rate, each channel symbol must carry strictly less
information than the channel capacity allows, and we will have
a loss like in Sec. II-B. Since we in the HSQLC use direct
modulation of the quantized values, without entropy coding or
bit-representation, and the channel symbols are memoryless, a
symbol error will not cause complete breakdown in the coder.
Only one source sample is affected, and the result is higher
source distortion (Sec. II-G).

Calculation of the mse caused by the threshold effect in
channel 1 is done as follows. The source length of each
segment in Fig. 4 is dy, = (Smaz — Smin)/L, Where L is
the number of levels. Since the simplified system has the line
segments stacked on top of each other, the distortion caused
by a jump to neighboring levels is simply ||k - dy; |, where
k is the number of jumps caused by the channel noise. The
total mse from the threshold effect is the distortion from all
jumps to neighboring levels, multiplied by the probability of
transitions, integrated over the entire source S:
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where Q(-) is the Q-function which returns the area under
the tail of the standardized normal distribution, d,,;, is the
distance between quantizer levels on the channel, s; = S;in.,
SI, = Smaz and s; = s;_1 + dy, (assuming that the overload
distortion from not letting s go to +oo is negligible).

Translating the mse in (20) into its associated SNR loss in
an exact manner is not trivial. Starting with the expression for
the total SNR

SNR = 101log;, ( @21

o2 )
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we can try to calculate the SNR loss in dB by taking the
difference of the SNR from only channel 2 and the total SNR

as follows: SNRx, = 10log;, ( — SNR. This is not

exact, however, since log (y + 9) 75 10g7 + log d, but when
the mse from the threshold effect is small it gives a reasonably
accurate result.

Loss from rate lower than C: Since the channel symbols are
memoryless and no entropy coding is involved, the HSQLC
system can allow a certain amount of symbol errors. Still,
threshold effect calculated above restricts the rate to a number
below the channel capacity. At 30 dB CSNR the number
of PAM-levels is 28 (for the simplified system). Using [11,
Eq. 4.108] for a Gaussian distribution with the optimal step
size, we find the resulting entropy to be 3.89 information
bits. This is 1.09 bits below the channel capacity. Channel
2, carrying the quantization error is of continuous-amplitude
and has a rate equal to the channel capacity. The only loss in
this channel is from the incorrect channel symbol distribution
as explained above.

Loss from channel symbol correlation: Since the quantizer
has relatively high rate and the input distribution is Gaus-
sian, we can treat the quantization error and the input as
uncorrelated random variables. Since the quantizer output is a
deterministic function of the input, we can also treat the quan-
tization error and the output as uncorrelated random variables.
This means that the correlation between the two channels is
close to zero, and thus there is no loss as explained in Sec. II-
C. This, however, is a simplification which does not hold for
low CSNR, where the rate on channel 1 drops. Looking at
Fig. 2, we see the quantizer levels of the original HSQLC
system [15]. The shift of the quantized levels reduces the effect
of erroneously decoded symbols and shapes the quantization
error into a more Gaussian-like distribution. Whether the latter
has any effect is, however, not clear, since this also increases
the power of channel 2 and thus provide less channel noise
suppression. The shift introduces a dependency between the
two channels which should be accounted for in the receiver,
as discussed in Sec. II-F.

Table I sums up all the redundancy factors of the simplified
HSQLC-system and shows the estimated loss in decibels, cal-
culated from the 6.02 dB per bit rule. The total estimated loss
of 8.56 dB is very close to the loss we see from simulations,
with simulation results varying a bit due to the threshold effect
contribution. When the probability of the threshold effect is




Loss (30 dB CSNR) Sec. bits dB
Mismatched pmf (Ch.1) II-A ~0 ~0
Rep1 < C 1I-B 1.09 6.56
Mismatched pdf (Ch.2) II-A | 0.255 1.53
Rcpo < C 1I-B ~0 ~0
Inter-channel correlation 1I-C ~0 ~0
Source Coder Redundancy 1I-D ~0 ~0
Mismatced Source distribution | II-E ~0 ~0
Suboptimal receiver II-F ~0 ~0
Threshold effect (Ch.1) 1I-G - 0.47
Sum 1.345 8.56
Simulation ~8.58
TABLE I

LOSS ACCOUNT FOR SIMPLIFIED HSQLC, GAUSSIAN SOURCE AND
AWGN CHANNEL.

estimated correctly in (20), the calculated and simulated loss
agree within 0.02 dB.

As the reduced rate on the digital channel is responsible
for 75% of the loss for the HSQLC, it would make sense to
try to include a more efficient coding on that channel, like
for instance a bandwidth-efficient low-density parity check
(LDPC)-coded modulation [19]*. Using this on channel 1, we
could get as close as 3.88 dB to the Shannon limit with a
BER of 10~7. This translates to a capacity loss of 0.643 bits
per symbol. Assuming no incorrectly decoded symbols, the
calculated distance to OPTA would be 0.643 - 6.02 4+ 1.53 =
5.39 dB. For a capacity-achieving code, the distance to OPTA
would be only 1.53 dB. Both these cases are verified by
simulations.

To further improve the performance, a higher dimensional
vector quantizer in place of the scalar quantizer must be
employed, since that is the only way to produce a more
Gaussian distributed quantization noise.

IV. CONCLUDING REMARKS

In this paper, we have tried to identify factors in (lossy) joint
source-channel coding systems leading to sub-optimal perfor-
mance. We only considered systems with a mean squared-
error distortion measure and an average power constraint on
the channel.

The loss factors identified are the following; Non-Gaussian
channel symbol distribution (Sec.II-A), operational rate lower
than the channel capacity (Sec. II-B), correlation between
channels (Sec. II-C), source coder redundancy (Sec. II-D),
mismatched source distribution (Sec. II-E),suboptimal receiver
structures (Sec. II-F) and decoding errors (Sec. II-G). The list
of loss factors is not exhaustive, but should cover the most
important loss factors of source-channel coding systems. By
means of an example, some of the identified factors were
shown to be able to explain the loss experienced and to provide
important hints on where to start when trying to improve a
given system’s performance. Due to lack of space, the extent
of dependency between the different loss factors have not
been investigated thoroughly. However, it seems to be system
dependent, thus it might be hard to generalize this.

4This would, however, further reduce the system’s robustness compared to
direct modulation.

Future work will include verification of these findings on
other joint source-channel coding systems, and research on
how to utilize the (currently to a large degree non-constructive)
knowledge of the losses to improve on current systems. More-
over, the topic of inter-channel correlation for direct source-
channel coding systems needs more research in order to be
able to quantify the losses, especially for low CSNR where
this effect is more pronounced.
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