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Abstract— Unifying and generalizing the work in [1] and [2], via a zero-error, non-zero delay feedback channel. Based
we analyze and optimize the performance of an adaptive treéB-  on this CSI the transmitter dynamically adapts the rate and
coded modulation system where receive antenna diversity is the power to a mode which maximizes theerage spectral

implemented by means of maximum ratio combining. As in - . S .
[1], the analysis is done in the presence of both estimation efficiency (ASE) while maintaining the instantaneous BER

and prediction errors. Rayleigh fading on each subchannels below some pre-defined target value BERhe instantaneous
considered, with the estimation and prediction being perfoned BER here is with respect to the predicted channel-signal-to

independently on each subchannel. The system optimization noise ratio (CSNR). As in [2], [5], 4-dimensional (4-D)—#hu
process is done in such a way that the throughput is maximized 1, ti-dimensionaktrellis codes designed for additive white

under a bit error rate (BER) constraint. The numerical example G . . AWGN) ch | d ¢
employs a Jakes fading spectrum and shows how the power aussian noise ( ) channels are used as componen

should be distributed between pilot and data symbols, and COdES.
how often pilot symbols should be transmitted for maximum In [6], [7] and [8] multiple-input multiple-output (MIMO)
throughput under an instantaneous (with respect to the predtted systems (with single-input multiple output as a speciak}as
channel) BER constraint. are analyzed where perfect, but delayed CSI (thus outdated)
Index Terms— Adaptive coded modulation, PSAM, estimation was assumed. No pilot symbol is transmitted in their system,
and prediction error, optimal pilot spacing, optimal power and the BER constraint is subject to instantaneous BER and
allocation, antenna diversity, and maximum ratio combinirg. average BER, respectively. Note also that in [6] 2-D trellis
codes are utilized.
|. INTRODUCTION Thoughout the paper we will use the following notations:
DAPTIVE coded modulation (ACM) is an efficient toolsuperscriptg-)", (-)*, and(-)" stand for transpose, complex
to counteract fading in wireless channel communicationgnjugate, and Hermitian transpose, respectively. means
and to improve spectral efficiency [3]. In addition, it is welthe integer part of, and E|z] stands for the expectation of
known that receive diversity stabilizes the channel qudlihe ~ The outline of the remainder of this paper is as follows.
scheme presented in this paper is a generalization of tvemtecWe describe our system in Section Il. Channel estimation and
papers; one by Cai and Giannakis [1], in which an adaptiysediction is dealt with in Section Ill. The analysis of BER
modulation system based on uncodddQAM constellations performance and ASE performance can be found in Sections
with single transmit and receive antenna is investigated, alV and V, respectively. A numerical example is given in
one by @ienret al. [2] where an ACM system with maximum Section VI before the conclusions are drawn in Section VII.
ratio combining (MRC) reception was investigated assuming
perfect_ receiv_elchannel state informatiov@CS_I). We extend Il. SYSTEM MODEL
and unify the idea of these papers by analyzing the case when,
as in [2], coding is included and when MRC is implemented The system we are considering is illustrated in Fig. 1, where
on the receiver side. The system parameters are optimizedV§s havenp ii.d. receive antennas. The adaptive encoder
in [1], for maximal spectral efficiency under an instantareo always chooses to transmit symbols from the constellatfon o
bit error rate (BER) constraint. size M,, that is best suited to the predicted channel state, out
As in [1] and [2], the estimator and predictor in our adaptivef @ set of constellations of sizel§\,,},_;, corresponding
scheme are based on received known pilot symbols whith the set ofspectral efficiencieSEs) {R,.},_;. The SEs
are sent from the transmitter along with data informatio@re ordered such thak, < R, and henceM, < M,
This technique is known alsi|ot_symbo|_assisted modu|ationvn. The choice of code is based on the CSI fed back from the
(PSAM) [4]. The predicted CSl is fed back to the transmittdeceiver: code: is chosen if the predicted CSNR falls between
the switching thresholds,, and#,1. By letting 49 = 0 and
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Fig. 1. The adaptive PSAM system model combined with mutteption of receiving signal.

assumption that the branches are mutually uncorrelateid. Téstimation and prediction independently on each subctanne
assumption can be fulfilled if the antennas are spaced dt leldste that the slowly fading conditions is in the sense that
half the wavelength from each other [9, p. 330]. Howevethe channel does not reveal its ergodic properties over one
due to the difference of the scattering environment arotiad tdata packet. l.e., it is assumed that the data packet lesgth i
base station and the remote station, about quarter wavblengjgnificantly smaller than the coherence time of the channel
spacing of the antennas is sufficient to provide enoughalpatimplying low terimal velocity in the system.

decorrelation between the antennas at the mobile terminallhe total average power for both pilot and data symbols is
[10]. On the other hand, seperation of 10-20 wavelengthsdenoted byE. The average power per data symbolis =
required at the base station [10]. It is noted that impact ofLE /(L — 1), and per pilot symbol i€,; = (1 — «)LE. The
spatial correlation between different receive antennasum constanty determines how power is distributed between pilot
system is considered in [11] and [12]. Also, we have extendadd data symbols. Equal data and pilot power is obtained when
the system further to operate on a MIMO channel in [13k=1—-1/L.

The issue about the needed accuracy of PSAM-based channel

prediction for MIMO channels using transmit-beamforming i I1l. CHANNEL ESTIMATION AND PREDICTION
considered in [14].

Similar to in [1], [15], the transmitted data stream is dedd
into frames—each of lengtih—with a pilot symbol at the
beginning of each frame, and is followed hy- 1 information
symbols. Both the estimator and predictor are linear and are
made optimal in themaximum a posterioriMAP) sense A. Estimation
[16]. The difference between the two is that the estimator isThe optimally estimated channel in the MAP sense for
non-causal and uses information from both past and futuree complex Gaussian case is a linear combination of the
symbols, while the predictor is strictly causal and predictoisy observations [16, p. 741-742]. Following the apphoac
relatively far into the future. Due to this, the order of thén [1] we can find the estimated chanrel;(k;[), with the
estimator can usually be lower than the order of the predicteorresponding minimum MSE (MMSE) of the estimatgt

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

Ypisj (k3 1) = V Epihj(k; D)s(k; 1) + nj(k; 1),
l:()v jzla"'anRa (1)

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.

K. H 2 _

e|?(1 — )Ly,
2._ ND=1-— |ulir | ( J. 3
e (1) ;1 (I —a)Ly;A + 1 )

In (3), K. is the estimator ordery; = £/N is the expected

and the received data symbols as CSNR on any receive brancpy, } denote the eigenvectors of
the covariance matrix of the channel g&n = E[hh"] where
g (3 1) = /Eahy (ks 1) (k3 1) + (K 1), b= [h(k— [ Ke/2):0), by (k+ (Ko —1)/2):0)]T, {As}
l=1,---,L—1; j=1,--- ,np. (2) ae the corresponding eigenvalues, andis the covariance

_ . . _vector;r. = E[hhj(k;1)].
The indexk counts the frame andlis the symbol index in  pue to the orthogonality principle [17, p. 264, (k1)
that frame.&, and &; is the power per pilot and per datagnd the estimation errar,; (k; 1) = hj(k;l) — hey;(k; 1) are
symbol, respectively, to be optimized late(k; 0) is the pilot yncorrelated. Both are zero mean Gaussian random variables
symbol and{s(k; 1)}/, are data symbols in theth frame. [18, Chap. 7.2]
For simplicity, we assume that[|s(k;1)|?] = |s(k;0)|* =
1. Furthermoren;(-,-) denotes zero mean complex-value% Prediction
AWGN with variance Ny/2 per dimension and dimensions
being uncorrelated. The fading envelope of tith branch, ~ For notational simplicity, we restrict the system feedback
hi(k;1), is assumed to be a stationary complex Gaussiélglay to ber = DLT,, whereD is a positive integer and

random process with zero mean and variaage = 1. Each
P % . 1The feedback delay here includes the time it takes to perfmediction,

. . J .
subchannel is assumed to be SIOle varying so that it remalfal transmission delay on the feedback channel, andrdeegsing time
constant over many channel symbols, and we perform the&eded by the transmitter to activate the code to be trateshit



. . . TABLE |
is the duration of a channel symbol. The predictor usgs THE CODEDEPENDENT CONSTANTS{an ()}3_; AND {bn ()}3_; FOR

pilot symbols from the past to predict one sample in the set THE EXAMPLE 4-D TRELLIS CODES
{hj(k; 1)}, *1 of the kth frame. Similarly to the estimation
case we can find the predicted channgl;(k;1), which is

(1—a)Lyj s +1° 86.2181| 7.3704| -96.0270| 7.6780| 10.3583| 10.3191
87.6912| 7.0471| -94.5020| 7.2852| 7.3344| 10.1898

89.3099 | 7.2848| -95.6889| 7.4987 | 6.8972| 10.4428

k=1

Note that{u, } now denote the eigenvectors of the covarianc
matrix of the channel gaiR, = E[hh"] whereh = [h;(k —
D;0),- -+, hj(k—D—K,+1;0)]", {)\.} are the corresponding o ‘ }
eigenvalues, and, = E[hh(k;l)] is the covariance vector. = : ;

n | an(l) | ba(1) an(2) bn(2) | an(3) | ba(3)
Gaussian d|str|buted with zero mean and vanamg:e 1 || 233.8034| 12.4335| -280.8712| 11.4405| 51.3394| 8.6131
op, —05.;(1) =1 =07 (1). The corresponding MMSE 0f the 2 || 210.6415| 8.4208 | -242.0657| 7.9916 | 34.3732| 6.0432
prediction error is 3 || 246.0565| 7.7677 | -334.6900| 8.1130| 89.4924| 9.1087
K 4 || 99.7887 | 7.7426 | -160.6040| 8.3843 | 61.5091| 9.4667
= [uplry [P (1 — ) L3,
2 () =1— UsTp — )L 4 5| 78.0083| 7.0135| -100.8414| 7.4793| 23.4319| 9.0714
Up;j( ) - ( )
6
7
%
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IV. BER PERFORMANCEANALYSIS 10¢ 5 NS *i * **%» . 3
* *
A. BER Analysis in the Presence of Estimation Errors Vs * ; . s Ve L% *,
N * . -
To reduce the complexity of the receiver, we use the subc o R R P
timal symbol-by-symbomaximum likelihoodML) detection o\ AR AV © U E 4
on each subchannel aék; 1) = ya.;(k;1)/(V/Eahej(k;1)). As & 107 5 NS LI AR 1
a result of that detection rule, the CSNR of a single bran R b o
at the time of detection can be found in [1]. The total CSNI ol =4 LMAe | Mked M=p56 |
after MRC is the sum of the individual branch CSNRs, : Lo e "
nZR Ealhej(k;D)> Ea Z?Eﬂhe;j(k?mg ®) 10k : M:s M3z MeL28 | Mgs12
N0+g(€d0' ( ) No—f—ggdUg(l) ’ : ) : B
where the last equality is obtained by assuming that tl 107 : % s ! 2 P » =

variance of the estimation error is the same for all branche ’ CSNR [dB]
This is reasonable since the branches are assumed untmlrela BER performance of TCM codes on AWGN channels foredht
and the same estimation algorithm is used on all the branChﬁI%QAM constgllations. The solid lines denote the approxioms, while the
The constanyy = 1 for 4-QAM and g = 1.3 for M-QAM  stars represent the simulated values.
whenM > 4 [1].

ACM systems using 2-D trellis codes was first introduced
by Goldsmith and Chua in [19]. However, to the best of thigghter approximations in [2] and [5] are used. This is seen
authors’ knowledge, extending ACM to 4-D trellis codes waly comparing the results for the single antenna system in [5]
first done by Hole, Holm, and @ien in [20]. In this paper th&nd what we achieve here farz = 1.
4-D trellis codes in [20] are utilized. Tight approximatin Inserting (5) into (6) the BER becomes
for 4-D trellis-coded modulation (TCM) BER performance on c ‘
AWGN channels can be found in [2], [5], and [20]. HoweverBER M, ‘ {hej} Zan(g) HeXp (_An5d|he;j(k;l)|2)
in order to obtain a closed-form and mathematically traetab
solution when MRC is considered we use a somewhat looser (7)
BER approximation expression which, similar to [21], iseiv Where A,, = b,,(¢)/(M,,(£/7; + g€402(1))). This equation
by will be useful when deriving the BER in the presence of both

by (£) the prediction and estimation errors in the next subsection

BER (M, |'y Z an(€) exp (— i 7> (6)

B. BER Analysis in the Presence of both Estimation and
Again, M, is the number of points in the symbol constellationprediction Errors

and a,,(¢) and b,(¢) are constellation dependent constants
(given in Tab. 1) which can be found by first simulating the
codes’ BER performance and then using curve fitting with the hej (ks 1) = hpj (ks 1) + €pyj (k5 1) —€eyj (K3 ). (8)
least squares method.is the number of exponential functions
which approximate the simulated BER. The approximation is
illustrated in Fig. 2 for different constellation sizes. Atst For a single antenna systepr(|he.;||h,:;) is Rice distributed
sight, the approximations seem to be quite coarse. Howe\di, Now we consider the MRC technique with the branches
it is shown later that the ACM performance results of thiassumed independent and identical. Thu)|he|} | {hy}) =
approximation are very close to those obtained when th¢ " ", P (|hej||hp;). Each branch is still Ricean distributed,

We may express the estimated channel as

R (ksl)



with the Rice factor K = [(1 — p)hy;(k;1)[>/o7 . wherer = &4(1 —cr )/5 The second equality is obtained by
where p = Elec;(k; )by (k; l)]/a'h (1) is the correlat|0n assuming that; = o7 Vb, since the branches are assumed
between predicted channel and 'the estimation error, amgcorrelated and the same prediction algorithm is used on
52 = Var (hej(k; D|hy (k1)) = Ellegsj (k1) — e;(k;1) +  all the branches. The overall predicted CSNR with MRC

Phpg(k 1)|2]. It is shown in [1] that,o typically takes on very Of nr branches will follow a Gamma distribution [2], i.e.,
small values, and that the deviations in the BER performante~ G(nr,77;) = 1“(71’;)(77«7)"1? exp(—4/(ry;))-

obtained by using the exact value pinstead of setting = 0
is of less than 0.2 dB. We therefore choose togset0 in our

analysis. Moreover, in contrary to [1&817(13;1) is correlated C. Overall Average BER Performance Analysis

with e,;(k;1). Thus, as a resulg?, = o2,(I) — 02,(1). ~ The average BER for theth constellation is found by
Hence, the BER conditioned on the combined predicted chaveraging (12) over the Gamma probability density function
nels is given by of 4
00 ) Yn+1 . o
BER (M, | {hp;j}) = // BER (M, | {|he;;[}) BER(Mn)=/ BER(M, |[9)p()dy
0 0 n
H/_/ n
np—fold _ia (ﬂ)( dnE, ) R
({|h6j|} ‘ {hpj}) d|he;1| e 'd|he;nR| = " rd, AnEEG + &y
oo MR — dpALEES + &,
= - L2 i 5, [InlnCld T Cd
o | Tt Attt e
n = N rd, A, EEq + &,
o T (g M AEL I
xp(|he:j|‘hp-j) d|he-1|"'d|he-nR|- (9) Tvicd

With the help of [22, Eq. (6.633-4)], by assumiag_ = 57 yvhere I(a,z2) = ()77 t“l_le_tdt)/l"(a) is the normalized
V4, and lettingd,, = 1/(A,£4572 + 1), Eq. (9) becomes incomplete gamma functid@4, Eg. (11.3)].
‘ The most frequently used estimate of the average BER (over

- ,\ all codes) is the ratio between the average number of bits in
BER(MH‘ {hz’%j})zza”(@dn EXp <_d"A”5dZ|hP%J’| > error, and the number of bits transmitted in total [1], [25],

=1 =1 (10) [26]:
N
The predicted CSNR on each branch is defined as in [2] by BER = 2=t BER(Mn)Rn’ (15)
4; = Ealhp;(k;1)|*/No, and the combined predicted CSNR SN PR,

using the MRC scheme is obtained as [23, Eq. (26)] where P, is the probability thaty € [44mi1); P —

j’n#»l AdA:F An ~ . _F "n __.
7= | (K3 1), 11 p(¥)dy =T (ng,4n/r7;) — T (NR, Yns1/77;)

&Mw

i
No
. . . . i V. OPTIMIZATION OF ASE
Solving this Wrt.2|hlo;j|2 and inserting the result into (10)

gives The goal of this section is to design an adaptive system
where botha and L are optimized in such a way that the
Ydp AnEEq ASE is maximized while BERV,,|%) < BER,.
T) - (12) It is obvious that the variance of the prediction error is
largest when predicting the last symbol in a frame—ile-,
The combined predicted CSNRis fed back to the trans- 1. — 1. On the other hand, the variance of the estimation error
mitter via the return channel and is used for deciding whidl almost the same for all if the order of the estimator is
code to use. Ify, < 4 < An41, coden (or constellation of £, > 20 [1]. Thus, we use the variance of thestimation
size M,,) is activated to transmit. To find the optimal switchingerror o2 2;(L—1) and the conservative choice of theediction
thresholds{#,,}]_, in a maximal ASE sense, subject to BERerror varlanceef2 (L —1) when finding the optimal switching

and power constraints, we set (12) equal to BERd solve thresholds{'yn} as well as in the further optimization process.
for 4,. 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 b&: ASE Performance Analysis

dependent on the average expected subchannel CSNR, whicthe system is experiencing autagewhen the predicted

is in contrast to [2], where constant switching thresholdSSNR falls belows;, since by definition there is no code in

optimized for perfect CSI were used. our code set which then guarantees the BER performance. In

From (11) we can find the average predicted CSNR as that case the system does not send anything but the pilots—
= ng in order to perform the channel estimation and prediction—
5= ﬁ ZEth;j(k; D?] = YR, (13) while the data must be buffered at the transmitter. And since

No = no transmission is allowed when < 4;, we do not use any

L
BER(M,|4) = Y _ an(£)d" exp <—
=1



data power during that time. Therefore the actual transohitt  **° ho=T v ‘
power per data symbol can be set to 180 |« ng=2 ! ]
& & Lo %Wt ‘ !

5d d - _ d ) (16) 160 1 f

Jy p(3)dy T (nr, A /)
The SE of the nth constellation used by the G2 ol » /|

dimensiond trellis code isR,, = (1—1/L)(logy(M,)—1/G). i f

Hence, the ASE is given by — 100f v R

140 “ y

[

Equal power ) i

80
I

Optimal power . Y
60 pHmeLp ! I .

£F0—0-0-0-0-0—d » x—x—x = H—A4

N
ASE= Z R.P,
n=1

/!

L—1 N | v 1 40 0o OO ; /,x—x—% s
L Z 0ga( ")_5 ” ! 60004 x x—x— &
n=1 20+ K@w@w e d
~ ~ _8- (SN0 X=X % X
= 'Yn = ’YnJrl 1 | | I I
X {F (n& — | =I'| ng, — ) (17) % 10 15 20 25 30 35
5 ;5 Expected subchannel CSNR [dB]

in which the terml — 1/L accounts for the fact that evefjth  _. . . . . .
. . . . . . . . Fig. 3. Optimum pilot periodl. when the power is equally and optimally
symbol is a pilot—in which no information is transmitted. ajiocated between pilot and data symbols. The number ohaateto combine
When using Nyquist samplind, must be less thafimx = isng =12, and 4.
|1/(2f4Ts)] [4] where f; is the maximum Doppler shift.
Thus, forL € [2,-- -, Lmay We have the following optimiza-
tion problem:

0.4

o
w
a

Equal power allocation

max ASE
subjectto 0 < a < 1. (18)

o
w

©
N
a

In order to solve BERV/,, |y) = BER, wrt. 4 we need the
value of &;, which again is a function of; (cf. (16)). The
problem of finding{%,} is reduced to finding thé; since
{%}fj:g is easily found whenrg; is given. Thus, for the
first constellationM; and given anx, we let &, vary as a
function of thewhole rangeof 4 (note that it is noty,), i.e.,
E4(¥). The solution of BERM;|y) = BER, for that £;(9)
yields they;—which is optimal if « is optimal. Once?; is
known, &; is explicitly given by (16), and it can be used tc
find other thresholds. In that way, ASE(is reduced from a 0 0 s 20 pr v e
2-dimensional (2-D) functiort(«, £4) in [1, Eg. (23)] to a Expected subchannel CSNR [dB]
.]'_D fu_nctlon. Thus’.th(.a optimization of 1-D fun(.:tlon of (18)Fig. 4. Fraction of power allocation to pilot symbols (i.&.5- o) when the
is easily done by picking an € (0,1) by numerical search pijot period L is optimal. The number of receive antennasi = 1,2, and
which maximizes the ASE. 4.
After solving (18) for all the possibld, values, the maxi-
mum ASE is found by searching over dll in order to find

— -5 i
the a and thelL values which simultaneously maximize Asglolerate an BER= 107", a_md as in [1] we choose the order
of the estimator and predictor to €. = 20 and K, = 250,

respectively. That choice of(, leads to a suboptimal but
satisfactory predictor [27]. Furthermore, we assume that t

At this point, we consider an example ACM system whicRyyected subchannel CSNR s the same for all the branches—
has a set ofN = 8 QAM signal constella_tlons of SIZeSi e A =F1 =2 = = Ynp.
{M} = {4,8,16,32,64,128,256,512} to switch between. rjas 3 and 4 respectively shows the optimum pilot symbol
Those constellations are used to represent eight 4-Dstrefligriod and the optimum fraction of power allocation to the
codes. The carrier frequency is 2 GHz and the length of o symbols—for different numbers of branches to combine
channel symbol is J:s—corresponding to a channel bandag can be seen from Fig. 3, when the power distribution
width of 200 kHz using Nyquist sampling. The mobile velocity)enyeen pilot and data symbols is optimized fewer pilot
is v = 30 m/s and the system delay considered-is 1 ms. gy is needed. The spacing between two pilot symbols is
With those parameters, the Doppler frequencyis= 200 HZ 5150 Jarger when there is more antennas available to combine
and the normalized delayf; = 0.2. We require the system to

Fraction of power allocation to pilot symbol (1 - a)
o
o N o
- (4] N

o
o
a

V1. NUMERICAL EXAMPLE

) ) ) ) “Note that sincer = DLTs = 1 ms, and bothD and L must be positive
2As in [2] and [20],G is equal to 2 for our example codes in Section Vlintegers, the value of, must obeyL = 200/D. Thus,L has to be in the set
3For this purpose we have used the functiam nbnd in MATLAB. L € {2,4,5,8,10, 20, 25, 40, 50, 100, 200}.



higher when the transmit power and pilot period are optichize
i 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 higheng. This is shown clearly in Fig. 5.
As can be seen in Fig. 6, the theoretical average BER
curves—produced from Eqg. (15)—are always lower than
BER, = 10~°. This is due to the requirement that the
instantaneous BER is less than or equal to BER
We observe that our optimum ASE is approximately 0.7
bits/s/Hz higher than for uncoded -QAM for np = 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.

(=2}
T

Average spectral efficiency [bits/s/Hz]

—— Optimal power, optimal L With the same delay and system parameters, the system in
1 -~ ~Optimalpower,L=10 | | [2] will not be able to operate acceptably with 1, or even
——Equal power, optimal L ; . .
—— Capacity with 2 receive antennas. Combining 4 antennas, the system
05 0 15 20 25 0 35 Starts functioning at average subchannel CSNR = 21 dB, for
Expected subchannel CSNR [dB] L = 10. To conclude, our system operates satisfactory and

! . _ superior to the system in [2] for the whole range of CNSRs
Fig. 5. Average spectral efficiency for both optimal pararetand some d id . d f h id d del hisshold
fixed parameters together with the channel capacity fordiglylfading.nr un er_conS| erat'on_ and for the CO_nSI ere eay This _0
is the number of receive antennas and is set to 1, 2, and 4. especially at the high CSNR region where fixing of pilot

spacing is clearly a disadvantage since the channel can also
10”° | be satisfactorily tracked with larger pilot period.

VII. CONCLUSIONS

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
D is considerably increased compared to when the pilot sgacin
is fixed, and when the power is equally allocated to pilot and
107} : : B 4 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, fixing of theotil
symbol rate is clearly a disadvantage.

Py ’ The optimal power allocation strategy is the one which

5 10 15 20 30 35
Expected subchannel CSNR [dB] puts more power on pilot symbols; as the response to the

o6 A BER for optimal 4 ootinalith different numb decreased pilot symbol rate. The pilot spacing increases, a

9. ©. \verage Or optumal power and opti I Imerent number . . . H
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