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Tradeoffs of Source Coding, Channel Coding and Spreading
in Frequency Selective Rayleigh Fading Channels
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Received August 31, 2000; Revised June 26, 2001

Abstract. This paper investigates the tradeoffs of source coding, channel coding and spreading in CDMA systems.
We consider a system consisting of an image source coder, a convolutional channel coder, an interleaver, and a
direct sequence spreading module. With different allocations of bandwidth to source coding, channel coding and
spreading, the system is analyzed over a frequency selective Rayleigh fading channel. The performance of the
system is evaluated using the cumulative distribution function of peak signal-to-noise ratio. Tradeoffs of different
components of the system are determined through simulations. We show that, for a given bandwidth, an optimal
allocation of that bandwidth can be found. Tradeoffs among the parameters allow us to tune the system performance
to specific requirements.

Keywords: bandwidth allocation, direct-sequence CDMA, frequency selective Rayleigh fading, image transmis-
sion over wireless channels, multiuser system, channel estimation

1. Introduction

Source coding, channel coding and spread spectrum are
the three main components in a CDMA communica-
tion system. A number of studies have been performed
on the joint design of source and channel coding algo-
rithms to yield better system throughput (e.g., [1–3]).
There also exists a body of research on the tradeoffs
between channel coding and CDMA (e.g., [4–6]). In
this work, we investigate the interrelationship among
all three components.

Bandwidth is the major resource shared among
the three components. Allocating more bandwidth to
source coding allows more information from the source
to be transmitted, but reduces the bandwidth available
for both forward error correction (FEC) and spreading.
For different compression methods and rates, the bit
stream coming out of the source encoder is more or
less sensitive to different types of error patterns. FEC
and spreading protect the transmitted bits from noise
and interference. Depending on the channel conditions

and the characteristics of the source coded bit stream,
the system performs better with either more FEC or
more spreading.

Let rs, rc and M denote the source code rate (in
bits per pixel, bpp), channel code rate, and process-
ing gain, respectively. For a given bandwidth constraint
and transmission time, our goal is to find the optimal
set (r̂s, r̂c, M̂) under the constraint

U · rs · 1

rc
· M = C �⇒ rs · 1

rc
· M = C

U
= C1, (1)

where U is the number of pixels of the original image
and C and C1 are constants.

The paper is organized as follows. Section 2 in-
troduces the source coding and channel coding. In
Section 3, the bit error performance of the system is an-
alyzed for a frequency selective Rayleigh fading chan-
nel; theoretical and simulation results are compared.
Some representative results of tradeoffs among all three
components are given in Section 4, and the conclusions
are given in Section 5.
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Figure 1. System overview.

2. Source Coding and Channel Coding

The system is shown in Fig. 1. In the following sections,
we discuss each component in detail.

2.1. Source Coding

The source images are encoded using a lossy compre-
ssion algorithm called Set Partitioning In Hierarchical
Trees (SPIHT [7]). The encoded bit stream is progres-
sive, i.e., bits which come first can be used to recon-
struct a low quality version of the source image, and
bits which come later can be decoded to produce succe-
ssively higher quality versions. The SPIHT algorithm
has excellent compression performance, however, it is

Figure 2. Source and channel coding block diagram.

very sensitive to errors. An error in one bit may lead to
complete loss of synchronization in the source decoder,
in which case attempting to decode the subsequent bits
would cause the quality of the decoded image to dete-
riorate. Also, there is a small amount of image header
information for the coded source bit stream (59 bits in
most cases). This number is very small compared to the
bit budget for almost all transmission rates of interest,
so in all the analyses and simulations presented below,
the header is assumed to be error-free.

2.2. Channel Coding

In Fig. 2 [8], source information bits are grouped into
blocks of size N . A 16-bit CRC (Cyclic Redundancy
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Code) is added to each block. Then the block is con-
volutionally encoded using a Rate-Compatible Punc-
tured Convolutional (RCPC) [9] code. At the receiver,
the list-based Viterbi algorithm is used to find the best
candidate in the trellis for the current block. Then the
CRC detects whether there is an error. If there is an
error, the second best candidate is found and the CRC
is again checked, and so on. After checking the list of
paths for a predetermined number of times, if the CRC
check still declares an error, the source decoder discards
this block and all subsequent blocks. The image is then
reconstructed from the previously received blocks.

3. Direct Sequence CDMA

3.1. Signal and Channel Model

The coded data stream is spread, using direct sequence
with a long spreading code, by a factor of M (the
processing gain). Then the signal is transmitted using
BPSK modulation. Assume there are K simultaneously
active users in the system. The signature sequences of
different users have a common chip rate of 1/Tc, where
Tc = T/M , and 1/T is the data bit rate (in bits per sec-
ond). Let ak(t) denote the signature sequence wave-
form of the kth user, and let a(k)

j be the corresponding
sequence elements, where a(k)

j ∈ (+1, −1). Then

ak(t) =
∞∑

j=−∞
a(k)

j PTc(t − jTc), (2)

where PTc(t) is the chip pulse shape. For simplicity,
a square-wave pulse is chosen, so that PTc = 1 for
0 ≤ t < Tc and zero elsewhere. Similarly, the data
signal may be written as

bk(t) =
∞∑

j=−∞
b(k)

j PT (t − jT ), (3)

where b(k)
j ∈ (−1, 1). Therefore, the transmitted signal

for the kth user is

sk(t) = Re
[
Sk(t)e

jωct
]
, (4)

where

Sk(t) = Aak(t)bk(t)e
jθk , (5)

A is the magnitude of the transmitted signal, assumed
to be the same for all users, ωc is the common car-
rier frequency and θk is the phase of the kth user. As-
suming asynchronous operation, the delay of user k
relative to the reference user (user 0) is τk, k = 1, . . . ,

K − 1. The composite signal at the input to the channel
is

sT (t) = Re
[
ST (t)e jωct

]
, (6)

where

ST (t) =
K−1∑
k=0

Aak(t − τk)bk(t − τk)e
jφk , (7)

φk = θk − ωcτk , θ0 = τ0 = 0, (φk)
K−1
k=1 are independent

identically distributed (iid) random variables, uni-
formly distributed in [0, 2π), and (τk)

K−1
k=1 are iid ran-

dom variables, uniformly distributed in [0, T ).
A tapped delay line is used to model the fre-

quency selective Rayleigh fading channel. The sig-
nal at the output of the channel can be written as
r(t) = Re{R(t)e jωt }, where

R(t) =
K−1∑
k=0

L−1∑
l=0

αl
k(t)e

jθ l
k (t)Sk(t − lTc − τk) + nW (t),

(8)

nW (t) is complex Gaussian noise with two sided power
spectral density N0, L is the number of resolvable mul-
tipaths, and αl

k(t)e
jθ l

k (t) is a complex gain which repre-
sents the fading experienced by the kth user on the lth
path, uncorrelated for different k and l, but correlated
over time t (for convenience, we assume the fading is
constant during each symbol duration). We assume all
users are operating in a similar environment with a flat
Multipath Intensity Profile (MIP), i.e., all αl

k’s are iden-
tically distributed with density function p(α) = α

σ 2 e
−α2

2σ2 ,
and θi is uniformly distributed. For simplicity, we set

Var
[
αl

k(t)
] = 2σ 2 = 1.

3.2. RAKE Receiver and Trellis Structure

The RAKE receiver shown in Fig. 3 is used to re-
solve the L R resolvable multipaths. Every T seconds at
T (n)

sa = nT + (L R − 1)Tc, the RAKE output is sampled
and fed into a soft decision decoder.

For the i th data bit of the reference user, the test
statistic on the lth path of the RAKE is given by

gi,l = AMb(0)
i αl

0

(
T (i)

sa

)
e jθ l

0(T (i)
sa ) + nSi,l + nMi,l + nWi,l .

(9)

In (9), the first term on the right hand side is the sig-
nal component, and the last three terms correspond to
self-interference, multi-access interference, and noise,
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Figure 3. RAKE receiver model.

given by

nSi,l =
L−1∑

s=0,s �=1

b(0)
i αs

0

(
T (i)

sa

)
e jθ s

0 (T (i)
sa )V (i,l)

0,s , (10)

nMi,l =
K−1∑
k=1

L−1∑
s=0

b(k)
i αs

k

(
T (i)

sa

)
e jθ s

k (T (i)
sa )V (i,l)

k,s , (11)

and nWi,l =
∫ T (i)

sa

T (i−1)
sa

a0(t − lTc)nw(t) dt, (12)

respectively, where

V (i,l)
k,s

�=
T (i)

sa /Tc−1∑
n=T i−1

sa /Tc

a0((n − l)Tc)bk((n − s)Tc − τk)

× ak((n − s)Tc − τk)

is the interference on the lth path of the i th bit of the
reference user from the sth path of the kth user.

As the user number K → ∞, nMi,l is asymptotically
Gaussian by the central-limit theorem. Since the self-
interference term becomes negligible when compared
to the multi-access interference, we approximate the
final test statistic as

gi,l = AMb(0)
i αl

0

(
T (i)

sa

)
e jθ l

0(T (i)
sa ) + Ni,l , (13)

where Ni,l is zero-mean complex Gaussian with
1
2 E[|N |2] = 1

2 E[|nM |2] + 1
2 E[|nW |2], independent of

both i and l.
For perfect interleaving, {gi,l , i = 0, 1, . . . ; l = 0,

. . . , L − 1} are not only independent for different val-
ues of l, but also independent for different values of i .
With perfect channel estimation, we can condition on
αl

k(T (i)
sa )e jθ l

k (T (i)
sa ) and use the same technique as in [6]

to determine performance. The decoded data for the

0th user is determined by finding the path in the trellis
which minimizes the metric given by

Dv = Re

[ ∞∑
i=0

L−1∑
l=0

b̂(0)
i,v gi,lα

l
0

(
T (i)

sa

)
e− jθ l

0(T (i)
sa )

]
, (14)

where the subscript v refers to a particular path in the
trellis, and b̂(0)

i,v is the i th code symbol along path v.
We see that the decision rule (14) can be implemented
by a maximal-ratio combining RAKE receiver (i.e.,
ĉk

i,l = αl
0(T (i)

sa )e− jθ l
0(T (i)

sa )) followed by an unweighted
trellis decoder.

3.3. Bit Error Performance

For convolutional codes, the union bound of the bit
error rate (BER) is

Pb ≤
∞∑

d=dfree

γd Pd , (15)

where {γd} is the distance spectrum, dfree is the free dis-
tance of the code, and Pd is the pairwise error probabil-
ity of two sequences with distance d (assume they differ
in the first d bits). Using the metric of (14), we have

Pd = Prob

(
Re

[
d−1∑
i=0

L−1∑
l=0

(
b(0)

i − b̂i,u
)
gi,lα

l
0

(
T (i)

sa

)

× e− jθ l
0(T (i)

sa )

]
< 0

)

= Prob

(
Re

[
d−1∑
i=0

L−1∑
l=0

2b(0)
i gi,lα

l
0

(
T (i)

sa

)

× e− jθ l
0(T (i)

sa )

]
< 0

)
. (16)
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To get Pd , let Xi×L+l
�= αl

0(T (i)
sa )e jθ l

0(T (i)
sa ), and

Yi×L+l
�= b(0)

i gi,l ; then (16) can be written as

Pd = Prob(Re{X∗Y } < 0). (17)

Note that with uncorrelated channel fading, the above
is a special case of [10, p. 882] where Xi and Yi

are a pair of correlated complex-valued Gaussian ran-
dom variables. The d L pairs {Xi , Yi } are statisti-
cally independent and identically distributed. From
(9), (11), and (12), we can obtain the second (central)
moments as

µxx = 1

2
E[X∗ X ] = σ 2

µxy = 1

2
E[X∗Y ] = AMσ 2

and µyy = 1

2
E[Y ∗Y ]

= A2 M2σ 2 + (K − 1)L Mσ 2 + N0

2
M.

Figure 4. Theoretical results and simulation results. 10 users, 4 multipaths, uncorrelated Rayleigh fading.

From [11] and [10],

Pd = −1

2π j

∫ +∞+ jε

−∞+ jε

(v1v2)
d L

v(v + jv1)d L(v − jv2)d L
dv

= 1

(1 + v2/v1)2d L−1

d L−1∑
i=0

(
2d L − 1

i

)(
v2

v1

)i

,

(18)

where

v1 =
√

w2 + 4

µxxµyy − |µxy |2 − w,

v2 =
√

w2 + 4

µxxµyy − |µxy |2 + w,

and w = 2Reµxy

µxxµyy − |µxy |2 .

Substituting (18) into (15), we take γdfree Pdfree and∑+∞
d=dfree

γd Pd to lower bound and upper bound the de-
coded BER, respectively. The uncoded BER can also
be evaluated using P1. Figure 4 shows the bit error rates
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for an uncoded bit stream as well as for the coded bit
stream using the convolutional code from [9, Table II,
b, code rate 8/9], where Es/N0 is the ratio of energy-
per-coded-bit to noise power spectral density. In the
figure, it is seen that most of the simulation results are
higher than the upper bound. This occurs because we
have not considered self-interference in the analysis,
and because we have truncated the infinite sum of (15)
to 6 terms [9].

When the fading in the channel is correlated, the
above analysis fails for the coded bit error rate, so we
use simulation to get the desired results. The Jakes
model [12, 13] is used to generate time-correlated
Rayleigh fading parameters ck

i (t) for the L indepen-
dent paths of each user.

4. Results

Equation (1) defines a 3-dimensional surface on which
every point (rs, rc, M) corresponds to a possible band-
width allocation that the communication system could,
in theory, use. We wish to find the point on the surface
which has the best performance. We let F(rs, rc, M)

denote the performance of the system. The choice
of a good set of system parameters depends on the
performance measure and the channel conditions. For
a given system, both the fades and the noise in the
channel are random processes. Therefore, the output
from the source decoder is not the same for differ-
ent trials. We measure the performance of the sys-
tem by looking at the output for many independent
trials. The Peak Signal-to-Noise Ratio (PSNR) is de-
fined as 10 log peak image energy

mean square error (MSE)
, where MSE =

E[(received image − original image)2], and peak im-
age energy=2552 for 8 bits per pixel grey scale images.
The empirical cumulative distribution function (CDF)
of the PSNR of the decoded images incorporates the
randomness of the channel by showing the percentage
of the received images which have a quality less than a
certain value. For each possible set of system parame-
ters, we can generate the CDF curve corresponding to
that set. In this work, we assume that the performance
of the system, F , is taken to be some summary statistic
of the CDF curve, such as the area above the curve [14].
Our criterion for determining when the CDF curve has
converged is as follows. We run an initial number J
of random simulations of the channel, where J is at
least 500, and we generate the CDF curve and com-
pute our summary statistic from it. We run another J
random simulations of the channel, and compute the

Figure 5. Comparison of CDF curves.

CDF curve and its summary statistic from the 2J trials.
If the new statistic is within 1% of the first one, we
judge that the curve has converged, and use that re-
sult. In most cases, no further trials were required. If
the difference exceeded 1%, we ran a last group of J
random trials and combined the results again. In our
experiments, the difference in the CDF metric and the
previous one at this point was always less than 1%, and
no further trials were required. For all plots, we ended
up using between 1000 and 4000 random realizations
of the channel.

Figure 5 illustrates what the CDF curves could look
like. Each curve is the CDF of many trials, and shows
the performance of a given system under one set of pa-
rameters. When two curves do not cross (e.g., curves A
and C, or curves B and C), the lower curve is superior
because it always has a higher probability of achieving
PSNR values above any given PSNR. When there are
crossovers between two curves (e.g., curves A and B),
one may be superior for one application but not for an-
other. Comparison of the curves may then involve max-
imizing the area above the curve, perhaps with some
weighting (e.g., all PSNRs less than a certain amount
may be considered equally bad, and all PSNRs above
a certain amount may be considered equally good).
The application requirements can sometimes be sum-
marized by saying that a given image quality must be
present at least a specified fraction of the time. For ex-
ample, at most 5% of the time can the decoded images
have PSNR below 20 dB. Some curves may then be
inadmissible. These issues are discussed in [14].

Finding the optimal point can of course be done
by exhaustive search. For each 3-tuple (rs, rc, M)
under consideration, we simulate a certain number of
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realizations of the lossy channel, and examine the de-
coded image quality for each realization to form the
CDF curve. In any case where curves do not cross, we
know the best performance corresponds to the lowest
curve. When curves cross, we compute the final per-
formance F as some summary statistic of this curve,
and we find the best F .

We can separate the procedure of finding the optimal
point into two steps:

Step 1. For every value of rs, find the optimal pair
(rc(rs), M(rs)) under the constraint 1

rc
· M =

C1/rs = C2, where C2 is a constant.
Step 2. Find the optimal point from the sets {rs,

rc(rs), M(rs)}.

This is still an exhaustive search. However, for a fixed
value of rs (and with all other parameters of the system
fixed except for rc and M), the curves obtained by vary-
ing rc and M (under the constraint 1

rc
· M = C2) do not

cross (see discussion below). So the lowest curve is the
best, and one does not need to compute the summary
statistic F for step 1. More substantial computational
savings can be realized if the system satisfies the fol-
lowing property: For a fixed rs (or 1

rc
M = C2), F is a

monotonic function of some parameter, denoted by λ,
such as BER, packet erasure rate, etc. Note that λ can
often be obtained from rc and M easily by either the-
oretical analysis or relatively simple simulations. An
example is provided below. In this case, Step 1 is sig-
nificantly simplified.

4.1. Tradeoffs of rc and M Under
the Constraint 1

rc
M = C2

For all the comparisons, we keep the ratio of energy-
per-source-bit to noise power spectral density, Eb/N0,
constant. Figure 6 is a typical example which shows
the tradeoff between channel code rate and processing
gain using the CDF curves. Here C1 ≈ 22.8, the number
of users K = 10, Eb/N0 = 3 dB, L = 4, and the fading
is correlated with normalized Doppler fDTc = 1.93 ×
10−5. The parameters on each curve are (rc, M). We
use a delay constrained interleaver size where the total
delay is equal to roughly 1658880Tc. For example, for
a processing gain of 72, we use an interleaver of size 20
by 16 coded bits; for a processing gain of 36, we use an
interleaver of size 40 by 16 coded bits. For each plot,
since the source code rate is fixed, the best achievable
image quality is the same for all curves. The curves do
not cross, and it is easy to see how the system perfor-

mance changes as the parameters change, and thus to
decide which curve represents the best set of param-
eters. For example, in Fig. 6(b), for the sequence of
channel code rates rc = 0.80, 0.60, 0.46, 0.36, 0.30, ap-
proximately 13%, 64%, 84%, 91%, 94%, respectively,
of the decoded images have PSNR larger than 29 dB.
In this scenario, the system improves when more band-
width is allocated to the channel coding (rc decreases).
The lowest curve (rc = 0.30, M = 48) is the best curve.

Note that for a fixed C2, when the bandwidth allo-
cated to channel coding increases (rc ↓), the bandwidth
allocated to spreading decreases (M ↓). Thus there are
two counterbalancing effects. Assume we have a set of
error correcting codes where a lower value of rc cor-
responds to a larger coding gain; at the same time, M
decreases and this causes both loss of some diversity
enhancement and a decrease in interference suppres-
sion, both of which degrade the system performance.
This degradation resulting from a small processing gain
can be observed in Fig. 6(d). As the processing gain de-
creases from 36 to 30, even though we have a stronger
error correction code, the performance of the system
degraded.

From the simulation, we observed empirically that,
given the channel and a fixed set of parameters,
Eb/N0, fDTc, L and K , along with a fixed interleaver
delay constraint, for a given rs, a lower BER always
corresponded to a lower curve and thus a better sys-
tem. In other words, if we let λ = BER, then the system
performance F is a monotonic function of λ. In this
case, we can easily determine the best (rc,M) pair for
a fixed rs. BER values of all the curves from Fig. 6 are
listed in Table 1; they yield the same optimal sets of
parameters as do the CDF curves. Note that to get an
accurate CDF curve, we normally need 10 to 40 times
more trials in the simulation than what is needed for an
accurate BER estimate.

In the case of perfect interleaving, we can use the
theoretical BER bounds derived in Section 3.3, and
further reduce the amount of work by ignoring those
(rc,M) pairs whose lower bounds lie above the upper
bounds of any other pair.

4.2. Tradeoffs of rs and 1
rc

M

After we find the optimal (rc(rs), M(rs)) for each rs, we
plot the CDF curves for each 3-tuple. Figure 7 shows the
best curves from Fig. 6. The parameters on each curve
are (rs,rc,M). For the top curve, we see that there is
a higher probability that the output image has a low
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Figure 6. CDF plots: Tradeoff between channel code rate and processing gain. K = 10, Eb/N0 = 3 dB and L = 4. Normalized Doppler
fDTc = 1.93 × 10−5. (a) rs ≈ 0.104 bpp, C2 ≈ 220, (b) rs ≈ 0.143 bpp, C2 ≈ 160, (c) rs ≈ 0.189 bpp, C2 ≈ 120 and (d) rs ≈ 0.228 bpp, C2 ≈ 100.

PSNR (only 77% of the decoded images have PSNR
above 29 dB). But since more bandwidth is allocated
to source coding, the best achievable PSNR is larger
than that of all the other curves (the right end of the

Table 1. BER of curves in Fig. 6.

rc (a) (b) (c) (d)

0.80 4.87 × 10−3 8.31 × 10−3 1.05 × 10−2 1.70 × 10−2

0.60 4.16 × 10−4 8.44 × 10−4 1.38 × 10−3 2.57 × 10−3

0.46 1.12 × 10−4 2.61 × 10−4 3.44 × 10−4 5.20 × 10−4

0.36 8.35 × 10−5 1.28 × 10−4 2.28 × 10−4 3.97 × 10−4

0.30 4.76 × 10−5 9.56 × 10−5 1.73 × 10−4 4.28 × 10−4

curve reaches a PSNR of 32.59 dB). In contrast, for the
lowest curve, there is a higher probability of achieving
PSNR above 29 dB (96%). But with less bandwidth
allocated to source coding, the best PSNR achievable
is limited to 29.36 dB, lower than the corresponding
values of the other curves.

To give an idea of the resulting visual quality, Fig. 8
shows the decoded images at 29.36 dB and 32.59 dB.
The image at 29.36 dB is significantly blurrier than the
one at 32.59 dB. These images correspond to the maxi-
mum achievable quality of the system with rs =
0.104 bpp and rs = 0.228 bpp of Fig. 6, respectively.

In this case, where there are crossovers between the
curves, the criterion to choose the best curve depends
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Figure 7. CDF plots: Tradeoff among source code rate, channel code rate and processing gain. User number K = 10, Eb/N0 = 3 dB and L = 4.
Normalized Doppler fDTc = 1.93 × 10−5.

Figure 8. Decoded images. (a) rc = 0.104 bpp, PSNR = 29.36 dB. (b) rc = 0.228 bpp, PSNR = 32.59 dB.

on the application requirements. One way to evaluate
the curve is to compute F(rs,rc,M) as the unweighted
area under the corresponding MSE CDF curves as in
[14]. According to this criterion, (0.189, 0.30, 36) is
considered optimal among the set of curves.

4.3. Tradeoffs Related to Channel Estimation

The results above all corresponded to perfect estima-
tion of the channel gains and phases. To incorporate

the effects of imperfect channel state estimation, we
employ the block diagram of Fig. 9, which shows an
estimation method appropriate for BPSK signals [10,
p. 803]. The figure shows only the estimation tech-
nique on one tap. We use an integrate and dump for the
low pass filter over the interval (t − BT, t), where B is
called the estimation length.

Figure 10 shows the BER performance versus es-
timation length B for a fixed rs, rc and M . We
assume a carrier frequency of fc = 900 MHz, and a
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Figure 9. Channel tap weight estimation with BPSK signal.

data rate of 29 K bits/sec; the two plots correspond to
mobile speeds of 30 mph and 70 mph, respectively, with
parameters rc = 0.46, M = 72, K = 4, and L = 4. Here
we use the same delay constraint for the interleaver as
in Section 4.1—interleaver size 20 by 16 coded chan-
nel bits for processing gain 72. From the figure, we
see that B ≈ 1

15
1

fDT = 1
15M · 1

fDTc
, i.e., around 40 and

20, respectively, gives the best BER performance for
these two cases. When B is too small, the estimate is
degraded by the noise and interference; when B is too
large, the channel changes too rapidly for the estimates
to be useful.

Figure 11 shows the tradeoffs when channel estima-
tion is employed. The optimal (B = 1

15M · 1
fDTc

) is used.
K = 4, Eb/N0 = 4 dB, L = 4, fDTc = 1.93 × 10−5,
and the parameters beside the curves are (rc,M). The
interleaver delay constraint is the same as in Section 4.1.
Note that in this plot, as more bandwidth is allocated to
channel coding (rc decreases), the system first improves
when rc decreases from 0.80 to 0.60 to 0.46, and then
deteriorates when additional bandwidth is allocated to
the coding (rc decreases to 0.36 then to 0.30).

We also observe that F is not a monotonic function
of BER for a fixed rs when channel estimation is
employed (for example, in Fig. 11, BER’s for the top
curve to the bottom curve are 1.72 × 10−2, 1.66 ×
10−2, 3.73 × 10−2, 4.04 × 10−2 and 2.74 × 10−2 re-
spectively). Therefore, we cannot exploit the computa-
tional savings referred to above in determining the best
triple (rs,rc,M).

4.4. Effects of Interleaving

The source decoding algorithm, the channel decoding
algorithm and the deinterleaver might cause significant
delays in the system, especially for time critical appli-
cations such as voice and video transmissions. Here we
discuss the effects of the interleaver.

Generally, a larger deinterleaver will scatter corre-
lated errors further apart. However, this does not always
benefit the system, especially when the system perfor-
mance depends more on packet erasure rate than on
bit error rate (recall that the decoded image is recon-
structed from the bit stream up to the first lost packet).
Figure 12 shows the system performance versus in-
terleaver size under different channel conditions. The
channel coding rate is 0.80. There are K = 6 active
users, the processing gain is 128, and Eb/N0 is 4 dB.
We see that a larger interleaver size does not necessar-
ily lead to better performance. With dispersed errors,
more packets are affected. Even though that dispersion
of errors results in fewer errors per packet, the num-
ber of those bit errors may still be large enough to
overwhelm the decoder. In such a case, the dispersion
of errors causes a larger number of packets to experi-
ence decoding failure. When the deinterleaver size gets
sufficiently large, the errors are, in turn, sufficiently
dispersed so that they can get corrected and the final
quality improves. For the curves shown in Fig. 12, the
deinterleaver size has to be about 120 by 120 coded
bits before the decoder functions efficiently.
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(a)

(b)

Figure 10. Bit error rate versus channel estimation length. Processing gain M = 72, number of users K = 4, and multi-path L = 4. Interleaver
20 by 16 coded bits. (a) fDTc = 1.93 × 10−5. (b) fDTc = 4.50 × 10−5.
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Figure 11. CDF plots: Tradeoff between rc and M with channel estimation. K = 4, Eb/N0 = 4 dB, L = 4, rs ≈ 0.143 bpp, C2 ≈ 160.
Normalized Doppler fDTc = 1.93 × 10−5.

Figure 12. System performance parameterized by interleaver size. K = 6, Eb/N0 = 4 dB, L = 4, M = 128. rc = 0.80, and packet size 250.
Normalized Doppler fDTc = 1.46 × 10−6.
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5. Conclusions

In this paper, we introduce three-way tradeoffs among
source coding, channel coding and spreading in CDMA
systems. For a fixed bandwidth, the performance of the
system is quantified by the CDF curves of the decoded
images. A two step method is employed to obtain the
optimal bandwidth allocation represented by the CDF
curves. Under certain constraints, the two step opti-
mization method significantly reduces the amount of
computation.

We show that allocating more bandwidth to source
coding allows us to achieve a higher maximum image
quality, but the probability of achieving this quality is
smaller. On the other hand, allocating more bandwidth
to channel coding and spreading decreases the number
of source information bits transmitted and thus limits
the best achievable image quality, but the probability of
achieving this quality is higher. For a fixed source cod-
ing rate, allocating more bandwidth to channel coding
gives us a stronger code; but since less bandwidth is
left for processing gain, there is a loss of diversity en-
hancement and a decrease in interference suppression;
in the case of imperfect channel estimation, a smaller
processing gain can also lead to a poorer estimate and
thus a degradation in the system performance.
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