
1

Adaptive Coded Modulation with Receive Antenna
Diversity and Imperfect Channel Knowledge at

Receiver and Transmitter
Duc V. Duong,Student Member, IEEE,Geir E. Øien,Member, IEEE,and Kjell J. Hole,Member, IEEE

Abstract— Unifying and generalizing the work in [1] and [2],
we analyze and optimize the performance of an adaptive trellis-
coded modulation system where receive antenna diversity is
implemented by means of maximum ratio combining. As in
[1], the analysis is done in the presence of both estimation
and prediction errors. Rayleigh fading on each subchannel is
considered, with the estimation and prediction being performed
independently on each subchannel. The system optimization
process is done in such a way that the throughput is maximized
under a bit error rate (BER) constraint. The numerical example
employs a Jakes fading spectrum and shows how the power
should be distributed between pilot and data symbols, and
how often pilot symbols should be transmitted for maximum
throughput under an instantaneous (with respect to the predicted
channel) BER constraint.

Index Terms— Adaptive coded modulation, PSAM, estimation
and prediction error, optimal pilot spacing, optimal power
allocation, antenna diversity, and maximum ratio combining.

I. I NTRODUCTION

A DAPTIVE coded modulation (ACM) is an ef�cient tool
to counteract fading in wireless channel communications,

and to improve spectral ef�ciency [3]. In addition, it is well
known that receive diversity stabilizes the channel quality. The
scheme presented in this paper is a generalization of two recent
papers; one by Cai and Giannakis [1], in which an adaptive
modulation system based on uncodedM -QAM constellations
with single transmit and receive antenna is investigated, and
one by Øienet al. [2] where an ACM system with maximum
ratio combining (MRC) reception was investigated assuming
perfect receiverchannel state information(CSI). We extend
and unify the idea of these papers by analyzing the case when,
as in [2], coding is included and when MRC is implemented
on the receiver side. The system parameters are optimized as
in [1], for maximal spectral ef�ciency under an instantaneous
bit error rate (BER) constraint.

As in [1] and [2], the estimator and predictor in our adaptive
scheme are based on received known pilot symbols which
are sent from the transmitter along with data information.
This technique is known aspilot-symbol-assisted modulation
(PSAM) [4]. The predicted CSI is fed back to the transmitter
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via a zero-error, non-zero delay feedback channel. Based
on this CSI the transmitter dynamically adapts the rate and
the power to a mode which maximizes theaverage spectral
ef�ciency (ASE) while maintaining the instantaneous BER
below some pre-de�ned target value BER0. The instantaneous
BER here is with respect to the predicted channel-signal-to-
noise ratio (CSNR). As in [2], [5], 4-dimensional (4-D)—thus,
multi-dimensional—trellis codes designed for additive white
Gaussian noise (AWGN) channels are used as component
codes.

In [6], [7] and [8] multiple-input multiple-output (MIMO)
systems (with single-input multiple output as a special case)
are analyzed where perfect, but delayed CSI (thus outdated)
was assumed. No pilot symbol is transmitted in their system,
and the BER constraint is subject to instantaneous BER and
average BER, respectively. Note also that in [6] 2-D trellis
codes are utilized.

Thoughout the paper we will use the following notations:
superscripts(�)T , (�)� , and(�)H stand for transpose, complex
conjugate, and Hermitian transpose, respectively.bzc means
the integer part ofz, andE[z] stands for the expectation ofz.

The outline of the remainder of this paper is as follows.
We describe our system in Section II. Channel estimation and
prediction is dealt with in Section III. The analysis of BER
performance and ASE performance can be found in Sections
IV and V, respectively. A numerical example is given in
Section VI before the conclusions are drawn in Section VII.

II. SYSTEM MODEL

The system we are considering is illustrated in Fig. 1, where
we have nR i.i.d. receive antennas. The adaptive encoder
always chooses to transmit symbols from the constellation of
sizeM n that is best suited to the predicted channel state, out
of a set of constellations of sizesf M n gN

n =1 , corresponding
to the set ofspectral ef�ciencies(SEs) f Rn gN

n =1 . The SEs
are ordered such thatRn < R n +1 and henceM n < M n +1

8n. The choice of code is based on the CSI fed back from the
receiver: coden is chosen if the predicted CSNR falls between
the switching thresholdŝ
 n and 
̂ n +1 . By letting 
̂ 0 = 0 and

̂ N +1 = 1 , we have
̂ n < 
̂ n +1 for all n 2 f 0; 1; � � � ; N g.

The power allocation between data and pilot symbols will
be chosen in an optimal way. The criterion for choosing
the code and the transmit power distribution is to ful�ll a
target BER performance while maximizing the throughput in
terms of ASE. We include MRC on the receiver side with the
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assumption that the branches are mutually uncorrelated. This
assumption can be ful�lled if the antennas are spaced at least
half the wavelength from each other [9, p. 330]. However,
due to the difference of the scattering environment around the
base station and the remote station, about quarter wavelength
spacing of the antennas is suf�cient to provide enough spatial
decorrelation between the antennas at the mobile terminal
[10]. On the other hand, seperation of 10–20 wavelengths is
required at the base station [10]. It is noted that impact of
spatial correlation between different receive antennas onour
system is considered in [11] and [12]. Also, we have extended
the system further to operate on a MIMO channel in [13].
The issue about the needed accuracy of PSAM-based channel
prediction for MIMO channels using transmit-beamforming is
considered in [14].

Similar to in [1], [15], the transmitted data stream is divided
into frames—each of lengthL—with a pilot symbol at the
beginning of each frame, and is followed byL � 1 information
symbols. Both the estimator and predictor are linear and are
made optimal in themaximum a posteriori(MAP) sense
[16]. The difference between the two is that the estimator is
non-causal and uses information from both past and future
symbols, while the predictor is strictly causal and predict
relatively far into the future. Due to this, the order of the
estimator can usually be lower than the order of the predictor.

The received, noisy, and faded pilot symbols of thej th
branch are written in complex baseband as

ypl ;j (k; l ) =
p

Epl hj (k; l )s(k; l ) + nj (k; l );

l = 0; j = 1 ; � � � ; nR ; (1)

and the received data symbols as

yd;j (k; l ) =
p

Edhj (k; l )s(k; l ) + nj (k; l );

l = 1 ; � � � ; L � 1; j = 1 ; � � � ; nR : (2)

The indexk counts the frame andl is the symbol index in
that frame.Epl and Ed is the power per pilot and per data
symbol, respectively, to be optimized later.s(k; 0) is the pilot
symbol andf s(k; l )gL � 1

l =1 are data symbols in thekth frame.
For simplicity, we assume thatE [js(k; l )j2] = js(k; 0)j2 =
1. Furthermore,nj (�; �) denotes zero mean complex-valued
AWGN with varianceN0=2 per dimension and dimensions
being uncorrelated. The fading envelope of thej th branch,
hj (k; l ), is assumed to be a stationary complex Gaussian
random process with zero mean and variance� 2

h j
= 1 . Each

subchannel is assumed to be slowly varying so that it remains
constant over many channel symbols, and we perform the

estimation and prediction independently on each subchannel.
Note that the slowly fading conditions is in the sense that
the channel does not reveal its ergodic properties over one
data packet. I.e., it is assumed that the data packet length is
signi�cantly smaller than the coherence time of the channel,
implying low terimal velocity in the system.

The total average power for both pilot and data symbols is
denoted byE. The average power per data symbol is�Ed =
�L E=(L � 1), and per pilot symbol isEpl = (1 � � )LE. The
constant� determines how power is distributed between pilot
and data symbols. Equal data and pilot power is obtained when
� = 1 � 1=L.

III. C HANNEL ESTIMATION AND PREDICTION

The analysis in this section is done assuming that the
channel is wide-sense stationary, and that the correlation
function of the channel is known.

A. Estimation

The optimally estimated channel in the MAP sense for
the complex Gaussian case is a linear combination of the
noisy observations [16, p. 741–742]. Following the approach
in [1] we can �nd the estimated channelhe;j (k; l ), with the
corresponding minimum MSE (MMSE) of the estimatedj th
branch as

� 2
e;j (l ) = 1 �

K eX

� =1

juH
� r ej2(1 � � )L �
 j

(1 � � )L �
 j � � + 1
: (3)

In (3), K e is the estimator order,�
 j = E=N0 is the expected
CSNR on any receive branch,f u � g denote the eigenvectors of
the covariance matrix of the channel gainR e = E[hh H] where
h = [ hj (k �b K e=2c; 0); � � � ; hj (k + b(K e � 1)=2c; 0)]T , f � � g
are the corresponding eigenvalues, andr e is the covariance
vector;r e = E[hh�

j (k; l )].
Due to the orthogonality principle [17, p. 264]he;j (k; l )

and the estimation error� e;j (k; l ) = hj (k; l ) � he;j (k; l ) are
uncorrelated. Both are zero mean Gaussian random variables
[18, Chap. 7.2]

B. Prediction

For notational simplicity, we restrict the system feedback
delay1 to be� = DLT s, whereD is a positive integer andTs

1The feedback delay here includes the time it takes to performprediction,
actual transmission delay on the feedback channel, and the processing time
needed by the transmitter to activate the code to be transmitted.
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is the duration of a channel symbol. The predictor usesK p

pilot symbols from the past to predict one sample in the set
f hj (k; l )gL � 1

l =1 of the kth frame. Similarly to the estimation
case we can �nd the predicted channelhp;j (k; l ), which is
Gaussian distributed with zero mean and variance� 2

hp ; j
(l ) =

� 2
h j

� � 2
p;j (l ) = 1 � � 2

p;j (l ). The corresponding MMSE of the
prediction error is

� 2
p;j (l ) = 1 �

K pX

� =1

juH
� r p j2(1 � � )L �
 j

(1 � � )L �
 j � � + 1
: (4)

Note thatf u � g now denote the eigenvectors of the covariance
matrix of the channel gainR p = E[hh H] whereh = [ hj (k �
D ; 0); � � � ; hj (k� D � K p+1; 0)] T , f � � g are the corresponding
eigenvalues, andr p = E[hh�

j (k; l )] is the covariance vector.

IV. BER PERFORMANCEANALYSIS

A. BER Analysis in the Presence of Estimation Errors

To reduce the complexity of the receiver, we use the subop-
timal symbol-by-symbolmaximum likelihood(ML) detection
on each subchannel asz(k; l ) = yd;j (k; l )=(

p
Edhe;j (k; l )) . As

a result of that detection rule, the CSNR of a single branch
at the time of detection can be found in [1]. The total CSNR
after MRC is the sum of the individual branch CSNRs,


 (k; l ) =
n RX

j =1

Ed jhe;j (k; l )j2

N0 + gEd � 2
e;j (l )

=
Ed

P n R
j =1 jhe;j (k; l )j2

N0 + gEd� 2
e (l )

; (5)

where the last equality is obtained by assuming that the
variance of the estimation error is the same for all branches.
This is reasonable since the branches are assumed uncorrelated
and the same estimation algorithm is used on all the branches.
The constantg = 1 for 4-QAM and g = 1 :3 for M -QAM
whenM > 4 [1].

ACM systems using 2-D trellis codes was �rst introduced
by Goldsmith and Chua in [19]. However, to the best of the
authors' knowledge, extending ACM to 4-D trellis codes was
�rst done by Hole, Holm, and Øien in [20]. In this paper the
4-D trellis codes in [20] are utilized. Tight approximations
for 4-D trellis-coded modulation (TCM) BER performance on
AWGN channels can be found in [2], [5], and [20]. However,
in order to obtain a closed-form and mathematically tractable
solution when MRC is considered we use a somewhat looser
BER approximation expression which, similar to [21], is given
by

BER
�
M n

�
� 


�
=

LX

` =1

an (`) exp
�

�
bn (`)
M n



�

: (6)

Again,M n is the number of points in the symbol constellation,
and an (`) and bn (`) are constellation dependent constants
(given in Tab. I) which can be found by �rst simulating the
codes' BER performance and then using curve �tting with the
least squares method.L is the number of exponential functions
which approximate the simulated BER. The approximation is
illustrated in Fig. 2 for different constellation sizes. At�rst
sight, the approximations seem to be quite coarse. However,
it is shown later that the ACM performance results of this
approximation are very close to those obtained when the

TABLE I

THE CODE-DEPENDENT CONSTANTSf an (` )g3
` =1 AND f bn (` )g3

` =1 FOR

THE EXAMPLE 4-D TRELLIS CODES.

n an (1) bn (1) an (2) bn (2) an (3) bn (3)

1 233.8034 12.4335 -280.8712 11.4405 51.3394 8.6131

2 210.6415 8.4208 -242.0657 7.9916 34.3732 6.0432

3 246.0565 7.7677 -334.6900 8.1130 89.4924 9.1087

4 99.7887 7.7426 -160.6040 8.3843 61.5091 9.4667

5 78.0083 7.0135 -100.8414 7.4793 23.4319 9.0714

6 86.2181 7.3704 -96.0270 7.6780 10.3583 10.3191

7 87.6912 7.0471 -94.5020 7.2852 7.3344 10.1898

8 89.3099 7.2848 -95.6889 7.4987 6.8972 10.4428
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Fig. 2. BER performance of TCM codes on AWGN channels for different
M -QAM constellations. The solid lines denote the approximations, while the
stars represent the simulated values.

tighter approximations in [2] and [5] are used. This is seen
by comparing the results for the single antenna system in [5]
and what we achieve here fornR = 1 .

Inserting (5) into (6) the BER becomes

BER
�
M n

�
� f he;j g

�
=

LX

` =1

an (`)
n RY

j =1

exp
�
� An Ed jhe;j (k; l )j2

�

(7)
where An = bn (`)=(M n (E=�
 j + gEd� 2

e (l ))) . This equation
will be useful when deriving the BER in the presence of both
the prediction and estimation errors in the next subsection.

B. BER Analysis in the Presence of both Estimation and
Prediction Errors

We may express the estimated channel as

he;j (k; l ) = hp;j (k; l ) + � p;j (k; l )
| {z }

h j (k ;l )

� � e;j (k; l ): (8)

For a single antenna systemp
�
jhe;j j

�
�hp;j

�
is Rice distributed

[1]. Now we consider the MRC technique with the branches
assumed independent and identical. Thus,p

�
fj hejg

�
� f hpg

�
=Q n R

j =1 p
�
jhe;j j

�
�hp;j

�
. Each branch is still Ricean distributed,
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with the Rice factor K = j(1 � � )hp;j (k; l )j2=~� 2
he; j

,
where � = E [� e;j (k; l )h�

p;j (k; l )]=� 2
hp ; j

(l ) is the correlation
between predicted channel and the estimation error, and
~� 2

he; j
= Var(he;j (k; l )jhp;j (k; l )) = E [j� p;j (k; l ) � � e;j (k; l ) +

�h p;j (k; l )j2]. It is shown in [1] that� typically takes on very
small values, and that the deviations in the BER performance
obtained by using the exact value of� instead of setting� = 0
is of less than 0.2 dB. We therefore choose to set� = 0 in our
analysis. Moreover, in contrary to [1],� e;j (k; l ) is correlated
with � p;j (k; l ). Thus, as a result,~� 2

he; j
= � 2

p;j (l ) � � 2
e;j (l ).

Hence, the BER conditioned on the combined predicted chan-
nels is given by

BER
�
M n

�
� f hp;j g

�
=

Z 1

0
� � �

Z 1

0| {z }
n R � fold

BER
�
M n

�
� fj he;j jg

�

� p
�
fj he;j jg

�
� f hp;j g

�
djhe;1 j � � � djhe;n R j

=
LX

` =1

an (`)
Z 1

0
� � �

Z 1

0| {z }
n R � fold

n RY

j =1

exp
�
� An Ed jhe;j j2

�

� p
�
jhe;j j

�
�hp;j

�
djhe;1 j � � � djhe;n R j: (9)

With the help of [22, Eq. (6.633-4)], by assuming~� 2
he; j

= ~� 2
he

8j , and lettingdn = 1 =(An Ed ~� 2
he

+ 1) , Eq. (9) becomes

BER
�
M n

�
� f hp;j g

�
=

LX

` =1

an (`)dn R
n exp

�
� dn An Ed

n RX

j =1

jhp;j j2
�

:

(10)
The predicted CSNR on each branch is de�ned as in [2] by

̂ j = �Ed jhp;j (k; l )j2=N0, and the combined predicted CSNR
using the MRC scheme is obtained as [23, Eq. (26)]


̂ =
�Ed

N0

n RX

j =1

jhp;j (k; l )j2: (11)

Solving this wrt.
P

jhp;j j2 and inserting the result into (10)
gives

BER(M n j 
̂ ) =
LX

` =1

an (`)dn R
n exp

�
�


̂d n An EEd

�
 j �Ed

�
: (12)

The combined predicted CSNR̂
 is fed back to the trans-
mitter via the return channel and is used for deciding which
code to use. If̂
 n < 
̂ < 
̂ n +1 , coden (or constellation of
sizeM n ) is activated to transmit. To �nd the optimal switching
thresholdsf 
̂ n gN

n =1 in a maximal ASE sense, subject to BER
and power constraints, we set (12) equal to BER0 and solve
for 
̂ n . In contrast to [1], here we have to use a numerical
approach to obtain the solutions; this will be explained in
Section V. The optimal switching thresholds here will be
dependent on the average expected subchannel CSNR, which
is in contrast to [2], where constant switching thresholds
optimized for perfect CSI were used.

From (11) we can �nd the average predicted CSNR as

�̂
 =
�Ed

N0

n RX

j =1

E[jhp;j (k; l )j2] = r �
 j nR ; (13)

wherer = �Ed(1 � � 2
p)=E. The second equality is obtained by

assuming that� 2
p;j = � 2

p 8b, since the branches are assumed
uncorrelated and the same prediction algorithm is used on
all the branches. The overall predicted CSNR with MRC
of nR branches will follow a Gamma distribution [2], i.e.,

̂ � G (nR ; r �
 j ) = 
̂ n R � 1

�( n R )( r �
 j )n R exp(� 
̂= (r �
 j )) .

C. Overall Average BER Performance Analysis

The average BER for thenth constellation is found by
averaging (12) over the Gamma probability density function
of 
̂ :

BER(M n )=
Z 
̂ n +1


̂ n

BER(M n j 
̂ )p(
̂ )d
̂

=
LX

` =1

an (`)
�

dn �Ed

rdn An EEd + �Ed

� n R

�
�

�
�

nR ; 
̂ n
rdn An EEd + �Ed

r �
 j �Ed

�

� �
�

nR ; 
̂ n +1
rdn An EEd + �Ed

r �
 j �Ed

� �
; (14)

where � ( a; z) = (
R1

z ta� 1e� t dt)=�( a) is the normalized
incomplete gamma function[24, Eq. (11.3)].

The most frequently used estimate of the average BER (over
all codes) is the ratio between the average number of bits in
error, and the number of bits transmitted in total [1], [25],
[26]:

BER =
P N

n =1 BER(M n )Rn
P N

n =1 Pn Rn

; (15)

where Pn is the probability that
̂ 2 [
̂ n ; 
̂ n +1 i ; Pn =R
̂ n +1


̂ n
p(
̂ )d
̂ = � ( nR ; 
̂ n =r�
 j ) � � ( nR ; 
̂ n +1 =r�
 j ).

V. OPTIMIZATION OF ASE

The goal of this section is to design an adaptive system
where both� and L are optimized in such a way that the
ASE is maximized while BER(M n j 
̂ ) � BER0.

It is obvious that the variance of the prediction error is
largest when predicting the last symbol in a frame—i.e.,l =
L � 1. On the other hand, the variance of the estimation error
is almost the same for alll if the order of the estimator is
K e � 20 [1]. Thus, we use the variance of theestimation
error � 2

e;j (L � 1) and the conservative choice of theprediction
error variance� 2

p;j (L � 1) when �nding the optimal switching
thresholdsf 
̂ n g, as well as in the further optimization process.

A. ASE Performance Analysis

The system is experiencing anoutagewhen the predicted
CSNR falls below
̂ 1, since by de�nition there is no code in
our code set which then guarantees the BER performance. In
that case the system does not send anything but the pilots—
in order to perform the channel estimation and prediction—
while the data must be buffered at the transmitter. And since
no transmission is allowed when̂
 < 
̂ 1, we do not use any
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data power during that time. Therefore the actual transmitted
power per data symbol can be set to

Ed =
�EdR1


̂ 1
p(
̂ )d
̂

=
�Ed

� ( nR ; 
̂ 1=r�
 j )
: (16)

The SE of the nth constellation used by the 2G-
dimensional2 trellis code isRn = (1 � 1=L)(log2(M n )� 1=G).
Hence, the ASE is given by

ASE=
NX

n =1

Rn Pn

=
L � 1

L

NX

n =1

�
log2(M n ) �

1
G

�

�
�

�
�

nR ;

̂ n

r �
 j

�
� �

�
nR ;


̂ n +1

r �
 j

��
; (17)

in which the term1� 1=L accounts for the fact that everyL th
symbol is a pilot—in which no information is transmitted.

When using Nyquist sampling,L must be less thanL max =
b1=(2f dTs)c [4] where f d is the maximum Doppler shift.
Thus, forL 2 [2; � � � ; L max] we have the following optimiza-
tion problem:

max
�

ASE

subject to 0 < � < 1: (18)

In order to solve BER(M n j 
̂ ) = BER0 wrt. 
̂ we need the
value of Ed, which again is a function of̂
 1 (cf. (16)). The
problem of �nding f 
̂ n g is reduced to �nding thê
 1 since
f 
̂ n gN

n =2 is easily found whenEd is given. Thus, for the
�rst constellation M 1 and given an� , we let Ed vary as a
function of thewhole rangeof 
̂ (note that it is not̂
 1), i.e.,
Ed(
̂ ). The solution of BER(M 1j 
̂ ) = BER0 for that Ed(
̂ )
yields the
̂ 1—which is optimal if � is optimal. Oncê
 1 is
known, Ed is explicitly given by (16), and it can be used to
�nd other thresholds. In that way, ASE(� ) is reduced from a
2-dimensional (2-D) functionS(�; Ed) in [1, Eq. (23)] to a
1-D function. Thus, the optimization of 1-D function of (18)
is easily done by picking an� 2 h0; 1i by numerical search
which maximizes the ASE.3

After solving (18) for all the possibleL values, the maxi-
mum ASE is found by searching over allL in order to �nd
the � and theL values which simultaneously maximize ASE.

VI. N UMERICAL EXAMPLE

At this point, we consider an example ACM system which
has a set ofN = 8 QAM signal constellations of sizes
f M n g = f 4; 8; 16; 32; 64; 128; 256; 512g to switch between.
Those constellations are used to represent eight 4-D trellis
codes. The carrier frequency is 2 GHz and the length of a
channel symbol is 5� s—corresponding to a channel band-
width of 200 kHz using Nyquist sampling. The mobile velocity
is v = 30 m/s and the system delay considered is� = 1 ms.
With those parameters, the Doppler frequency isf d = 200 Hz
and the normalized delay� f d = 0 :2. We require the system to

2As in [2] and [20],G is equal to 2 for our example codes in Section VI.
3For this purpose we have used the functionfminbnd in MATLAB .
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Fig. 4. Fraction of power allocation to pilot symbols (i.e.,1 � � ) when the
pilot period L is optimal. The number of receive antennas isnR = 1,2, and
4.

tolerate an BER0 = 10 � 5, and as in [1] we choose the order
of the estimator and predictor to beK e = 20 andK p = 250,
respectively. That choice ofK p leads to a suboptimal but
satisfactory predictor [27]. Furthermore, we assume that the
expected subchannel CSNR is the same for all the branches—
i.e., �
 = �
 1 = �
 2 = � � � = �
 n R .

Figs. 3 and 4 respectively shows the optimum pilot symbol
period4 and the optimum fraction of power allocation to the
pilot symbols—for different numbers of branches to combine.
As can be seen from Fig. 3, when the power distribution
between pilot and data symbols is optimized fewer pilot
symbol is needed. The spacing between two pilot symbols is
also larger when there is more antennas available to combine.

4Note that since� = DLT s = 1 ms, and bothD andL must be positive
integers, the value ofL must obeyL = 200 =D. Thus,L has to be in the set
L 2 f 2; 4; 5; 8; 10; 20; 25; 40; 50; 100; 200g.
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The power allocated to pilot symbols is lower for higher
diversity orders for both the equal power and optimal power
allocation cases (cf. Fig. 4). This is due to the array gain and
to the fact that MRC is optimal in the sense that it maximizes
the output CSNR, thus less pilot power is needed when more
antenna is available. To correspond to the larger pilot period
the optimal power allocation scheme puts more power on the
pilots than when the power is equally allocated.

On the other hand, the pilot power increases again at very
high CSNR for the optimal case. This corresponds to the
steeply increasing pilot period in the same CSNR region.
In order to have a good channel prediction and estimation
which the system can rely on—so that the BER requirement
is maintained—more power should be allocated to the pilots.

Because of the �nite number of codes, the ASE reaches a
ceiling when the CSNR grows large. As expected, the ASE is

higher when the transmit power and pilot period are optimized,
and when we have more antennas available to combine. This
is due to the array gain as well as to the fact that the pilot
period is larger for highernR . This is shown clearly in Fig. 5.

As can be seen in Fig. 6, the theoretical average BER
curves—produced from Eq. (15)—are always lower than
BER0 = 10 � 5. This is due to the requirement that the
instantaneous BER is less than or equal to BER0.

We observe that our optimum ASE is approximately 0.7
bits/s/Hz higher than for uncodedM -QAM for nR = 1 —cf.
Fig. 5 and [1, Fig. 5] at 20 dB. This corresponds to about 3
dB gain in average CSNR due to the coding.

With the same delay and system parameters, the system in
[2] will not be able to operate acceptably with 1, or even
with 2 receive antennas. Combining 4 antennas, the system
starts functioning at average subchannel CSNR = 21 dB, for
L = 10. To conclude, our system operates satisfactory and
superior to the system in [2] for the whole range of CNSRs
under consideration and for the considered delay. This holds
especially at the high CSNR region where �xing of pilot
spacing is clearly a disadvantage since the channel can also
be satisfactorily tracked with larger pilot period.

VII. C ONCLUSIONS

We have investigated an ACM system where receive diver-
sity is implemented by means of MRC. The ASE is a result
of a joint optimization of the pilot symbol period, and the
power distribution between pilot and data symbols. The ASE
is considerably increased compared to when the pilot spacing
is �xed, and when the power is equally allocated to pilot and
data symbols. The increased ASE is obtained without losing
BER performance; especially in the high CSNR regions. This
gain is due to the fact that the rate of the pilot symbols is
substantially reduced in that region, thus, �xing of the pilot
symbol rate is clearly a disadvantage.

The optimal power allocation strategy is the one which
puts more power on pilot symbols; as the response to the
decreased pilot symbol rate. The pilot spacing increases, and
the pilot power decreases for higher diversity orders and for
both optimal and non-optimal power distribution scheme.
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