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Adaptive PSAM Accounting for Channel
Estimation and Prediction Errors
Xiaodong Cai, Member, IEEE, and Georgios B. Giannakis, Fellow, IEEE

Abstract—Adaptive modulation requires channel state information (CSI), which can be acquired at the receiver by inserting pilot
symbols in the transmitted signal. In this paper, we first analyze
the effect linear minimum mean square error (MMSE) channel estimation and prediction errors have on bit-error rate (BER). Based
on this analysis, we develop adaptive pilot symbol assisted modulation (PSAM) schemes that account for both channel estimation and
prediction errors to meet a target BER. While pilot symbols facilitate channel acquisition, they consume part of transmitted power
and bandwidth, which in turn, reduces spectral efficiency. With imperfect (and thus, partial) CSI available at the transmitter and receiver, two questions arise naturally: how often should pilot symbols be transmitted, and how much power should be allocated to
pilot symbols. We address these two questions by optimizing pilot
parameters to maximize spectral efficiency.
Index Terms—Adaptive modulation,
channel prediction, Rayleigh fading.
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I. INTRODUCTION

C

HANNEL-ADAPTIVE modulation is a promising technique to enhance spectral efficiency of wireless transmissions over fading channels [4], [5], [11], [29]. In adaptive systems, certain transmission parameters such as constellation size,
transmitted power, and code rate are dynamically adjusted according to the channel quality, which increases the average spectral efficiency without wasting power or sacrificing error probability performance.
Channel state information (CSI) is required for the transmitter
to adapt its parameters, and for the receiver to perform coherent
demodulation. It has been shown that adaptive modulation with
perfect CSI offers performance gains relative to nonadaptive
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transmissions [3], [7], [11], [12]. However, adaptive modulation
schemes designed based on perfect CSI work well only when
CSI imperfections induced by channel estimation error and/or
feedback delays are sufficiently small [2], [11]. For example, an
adaptive transmitter relying on one channel sample to predict
future channel values requires feedback delay
,
where
is the Doppler frequency [2]. The performance of
adaptive coded modulation based on perfect CSI at the transmitter
was analyzed in the presence of channel estimation errors in [18],
while channel prediction and the effect of channel prediction
errors were investigated for adaptive coded modulation in [25]
and [23], respectively. While it is necessary to employ reliable
channel estimators and predictors to minimize the effects of
imperfect CSI, adaptive transmitters that account for CSI errors
explicitly may have better performance. Adaptive modulation
incorporating channel prediction errors were considered in
[10], [16], and [30] for single antenna systems, and in [24],
[31] for multiantenna systems. It was shown that multiantenna
transmissions increase spectral efficiency, as well as relax the
requirement on the channel prediction quality [23], [31]. While
the effect of channel prediction error was considered in the
adaptive transmitter designs of [10], [16], [24], [30], and [31],
perfect CSI was assumed at the receiver.
In this paper, we deal with adaptive pilot symbol assisted
modulation (PSAM) that accounts for both channel estimation
and prediction errors. As advocated in [6] and [22], pilot symbols
are periodically inserted in the transmitted signal to facilitate
channel estimation and prediction at the receiver. Different from
these nonadaptive PSAM schemes, we will adjust transmission
parameters to maximize spectral efficiency while adhering to
a prescribed (target) bit-error rate (BER). Our goals are 1) to
design adaptive PSAM schemes that take into account both
channel estimation and prediction errors to meet the target
BER and 2) to optimize the spacing and power of pilot symbols
to maximize spectral efficiency. We will focus on adaptive
modulation without employing error control coding. Although
it is possible to extend our adaptive PSAM to adaptive coded
modulation (following the lines of [1], [10], [12], [14], [15],
and [28]), we will not pursue this direction here.
The rest of this paper is organized as follows. Section II describes the system model, and studies the effect channel estimation and prediction errors have on BER. In Section III, adaptive
PSAM schemes are developed, and their average BER performance is analyzed. Numerical results are presented in Section
IV, and conclusions are drawn in Section V.
, and stand for transpose, conNotation: Superscripts
denotes exjugate, and Hermitian transpose, respectively;
pectation of the random variable within the brackets; and
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Adaptive PSAM system model.

represents the smallest integer less than . Column vectors (matrices) are denoted by boldface lower (upper) case letters;
represents the
identity matrix; and
stands for the
diagonal matrix with on its diagonal.
II. SYSTEM MODEL AND BER ANALYSIS
A. System Model
The adaptive system under consideration is outlined in the
block diagram of Fig. 1. A pilot symbol is inserted every
information bearing symbols, which results in the transmitted
denote pilot
frame structure shown in Fig. 2, where and
and data (information) symbols, respectively. The discrete-time
equivalent baseband channel includes transmitter and receiver
filters, time-selective frequency-flat fading effects, and additive
white Gaussian noise (AWGN). At the receiver, a channel estimator extracts the pilot signal and estimates the channel periodically. Using the estimated channel supplied by the channel estimator, the demodulator performs coherent detection of the data
symbols. The pilot symbols are also used by the channel predictor to estimate the channel seconds ahead, where is the
feedback delay that accounts for both actual transmission delay,
and processing time at the receiver and transmitter. Based on
the predicted channel and the quality of channel estimation and
prediction, a constellation size is selected and fed back to the
transmitter. There, the adaptive modulator maps incoming binary symbols to the selected constellation. If the instantaneous
transmit power is allowed to vary, the transmit power level is
determined adaptively along with the constellation size, and is
also fed back to the transmitter. If the transmit power is constant,
the system does not include the dashed line blocks of power selection and power control depicted in Fig. 1.
denote the received signal sampled in the
Let
th symbol period of the th frame, or equivalently at
, where
is the symbol (equal to the sampling) period. The received samples corresponding to the pilot
symbols can be written as

Fig. 2. Transmitted frame structure.

of the th frame. We assume that
is complex AWGN with zero mean, and variance
per dimension; and the channel
is a stationary complex
.
Gaussian random process with zero mean, and variance
The channel statistics including the distribution and the autocorrelation function are assumed to be known at the receiver. Unlike
the PSAM in [6], where pilot and data symbols have the same
transmit power, and similar to [22], we allow the pilot and data
symbols to be transmitted with different power. The PSAM in
[6] uses pilot symbols to enable coherent demodulation and the
ergodic capacity of time-selective fading channels with PSAM
is maximized in [22] without CSI available at the transmitter.
The adaptive PSAM we will introduce here uses the estimated channel to perform coherent demodulation, and the predicted channel to adjust the constellation size and transmitted
power, i.e., adaptive PSAM exploits partial CSI at the transmitter. Given a total transmit power budget, the power allocation
between pilot and data symbols, as well as the pilot spacing ,
will be optimized to maximize spectral efficiency with a target
BER. Since both channel estimation and prediction errors affect
BER, to design the adaptive PSAM, we first need to analyze the
BER in the presence of channel estimation and prediction errors.
B. BER in the Presence of Channel Estimation Errors
Let

(2)

be the estimator of
, and
denote the channel estimation error. The
quality of channel estimation is measured by the channel mean
.
square error (MSE) which is defined as1
and a realization of the channel estimator2
Given
, our goal in this subsection is to derive
the conditional BER
for binary phase shift
keying (BPSK) and square M-QAM. In Section II.C, based on
, we will derive the BER in the presence of both
channel estimation and prediction errors, which will be used
later in Section III in adapting PSAM to meet the target BER.
We consider the linear MMSE channel estimator, and refer
the reader to [6] for the detailed derivation. This estimator uses

where
and
represent, respectively, the power per pilot
and data symbol, which will be specified later in Section III;
is the pilot symbol and
are the data symbols

1For the linear minimum mean square error (MMSE) channel estimator under
consideration, it will soon be clear that  (l) does not depend on n.
2We will use h
^ (n; l) to denote a realization of the random variable h
^ (n ; l ) ;
 (n; l) in Section II-C.
similar notation will be used for the predicted channel h

(1)
and similarly, those corresponding to the data symbols are:
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Fig. 3. MSE of channel estimate, classical Doppler spectrum, f

pilot samples,
to estimate

T

= 0:001.

,
. Defining

, and
the linear MMSE channel estimator for

,
is given by
[6], which does not
depend on . The estimated channel is obtained as
(3)
where
and the channel MMSE can be written as [6]

;
(4)

which confirms that indeed
does not depend on .
and
depend on
, and the Doppler specSince
trum, we infer from (4) that the channel MMSE is determined
, and the Doppler spectrum. It will be shown
by
later that the channel mean square error (MSE) has direct impact
on BER, and thus, it is desirable to see how these parameters af. In the Appendix, we derive the channel MMSE in the
fect
, both for the classic Doppler speclimiting case where
trum based on Jakes’ channel model, and for the ideal low-pass
decreases as deDoppler spectrum. It is shown that
creases, and
increases. Fig. 3 illustrates
as a
and , for the Jakes’ spectrum. When is large,
function of
a linear MMSE estimator with about 20 taps has almost the same
MSE as the MMSE estimator with infinite number of taps. When
is small,
decreases very slowly as
increases beyond
,
20. In practice, the length of the MMSE channel estimator,
, our calculations show
is chosen around 20. When
is almost identical
. When the channel
that
Doppler spectrum is modeled as an ideal low-pass spectrum, it
turns out that the channel estimator exhibits almost the same
MMSE as when the channel is modeled to vary according to
Jakes’ spectrum, which is also observed in [21, p.651].

We are interested in the BER of square M-QAM and
. The optimal receiver can
BPSK, given
be derived from the maximum likelihood detection rule
based on all received data ([21, p. 686]); however, it has prohibitive complexity. Hence, we will pursue a low-complexity
symbol-by-symbol detector. If the channel were known perwith
fectly at the receiver, the decision variable for
symbol-by-symbol maximum-likelihood detection would be
. With the estimated channel,
we can replace
with
in the decision variable,
although this detection rule is no longer optimum. Since the
channel is a Gaussian random process with zero mean,
and
are zero mean Gaussian random variables. Because
uncorrelated with
the orthogonality principle renders
, the actual channel3,
, when
is given, is Gaussian distributed with mean
, and variance
. Hence, given the realization
of the channel estimator, the decision variable for
can be written as

(5)
,
where we omitted the time indexes of
, for notational brevity. Since and are independent,
and
the SNR in (5) can be expressed as
(6)
For BPSK and 4-QAM, we have
; and thus, BER can
,
be calculated using the SNR in (6). For M-QAM with
3We use the notation h
 (n; l) to differentiate the actual channel after observing
a channel estimate from the actual channel h(n; l) without any CSI.
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. The channel predictor estithat the delay is a multiple of
, using
past pilot samples
mates
. Letting
be the predicted channel, the predic, and the MSE
tion error is given by
. Given the
of the predicted channel is
, our adaptive PSAM will
predicted channel
adjust the constellation size of
based on
, and
the quality (MSE) of channel estimation and prediction. To this
end, in this subsection, we will express the BER for BPSK and
, and
. Using this
M-QAM as a function of
BER expression, the adaptive PSAM in Section III will choose
transmission parameters to maximize spectral efficiency, while
satisfying the target BER.
Defining
,
, the MMSE of the predicted channel
and
is written as
Fig. 4. Conditional BER,  (l) =

N =E

= 0:01.

(10)
we have
; and the SNR in (6) can not be directly used to
calculate BER. However, our simulations show that the BER of
with channel estimation error is well
M-QAM
approximated by the BER formula using an average SNR given
by
(7)
Since
for
, the factor 1.3 in the denominator of (7) is found via simulation by picking a number between 0 and 2.65. Considering both BPSK and M-QAM, we
will henceforth use the SNR

does not depend on . As shown in
where similar to
, should be chosen
[23], the length of the channel predictor,
large enough to achieve a sufficiently small MSE with a modaffects the pererate delay. For a detailed discussion on how
formance of the channel predictor, we refer the reader to [23].
, the predicted channel
Similar to the estimated channel
is Gaussian distributed with zero mean, and variance
.
Considering the relationship between the estimated and predicted channels, we have

(11)
(8)
where
for BPSK and 4-QAM, and
for M-QAM
with
.
are
Suppose that different constellations of size
available, and Gray coding is used to map information bits to
, the BER of the
QAM symbols. Then, given
th constellation can be approximately calculated by [7]
(9)
where
is given in (8),
for BPSK, and
for square M-QAM. Fig. 4 compares the simulated BER
with the approximate BER calculated from (9), when
. The approximation is within 2 dB for M-QAM,
when the target BER
, or when the SNR is relatively
high.
C. BER in the Presence of Channel Estimation and Prediction
Errors
Suppose that the length of the linear MMSE channel prediction filter is
, and the feedback delay is
, where
is a positive integer. For notational simplicity, we assume

and
are unBy the orthogonality principle,
correlated. Based on the MMSE channel estimator and
;
predictor, it is ready to find
is Gaussian disand thus, given
tributed with mean
and variance
, where
. Hence, given
, the amplitude of
follows a Rice distribution with Rician factor
. Letting
denote this
conditional probability density function (pdf), the conditional
can be expressed as
BER of
(12)
and
. For
where we omitted the time indices of
the coherent detection specified by (5), since the SNR in (8) de, it is seen
pends on the estimated channel amplitude
from (9) that
; thus, we substitute (9) into (12), and obtain [8]

(13)
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where

. If
, then
, and
;
and it is seen from (9) and (13) that
, as expected. While it is straightforward to
from the MMSE channel estimator and predictor,
calculate
,
for simplicity, we will henceforth use
is uncorrelated with
which amounts to assuming that
. The BER calculated under this simplification is almost
due to the folidentical to that computed using the exact
lowing reason. Since the channel estimator is noncausal and
;
the channel predictor is strictly causal, we have
and we also have
, where
is the variance
. Thus, based on the definition of , we deduce that
of
.
Since
, and
, we have
(14)
In the practical SNR region,
and
are very small and thus,
is also very small. For example, in the case we consider in Section III-C, where
, and
, we can
for
and
find that
dB. Hence, in this case, the BER calculated using
will be within 0.2 dB relative to that computed using the
exact . In order to gain insight on the effects channel estima. The
tion and prediction errors have on BER, let us set
is mainly determined by the exponential
BER
term in (13). With
, we can express this exponent as
(15)
where

(16)
reflects the performance loss caused by channel estimation and
prediction. From (16), we observe that the same channel estimation error causes almost the same performance loss for all
M-QAM and BPSK constellations, since the term
changes very slowly when
increases beyond
a moderately large value. On the other hand, the same channel
prediction error incurs less performance loss for large consteldecreases as
lation sizes, because the term
increases. The BER in (13) is obtained by averaging (9) over
the Rician pdf of the channel amplitude. Due to the term
in the denominator of the exponent in (9), when the constellation size increases, the variance of the channel amplitude effectively decreases, which reduces the performance loss incurred
by channel prediction errors.
Let denote the average transmit power of the data symbols.
,
Defining

, we can also write

and
in (13) as

(17)
where we omitted the frame index
ting
can be expressed as

for notational brevity. Let, the pdf of

(18)
This pdf will be used in the next section to develop the adaptive
PSAM, as well as to evaluate the average BER.
III. ADAPTIVE PSAM
Let be the total average power including both pilot and data
, and
,
power. Clearly,
determines the power allocation between
where
corresponds
data and pilot symbols. Note that
to equal power allocation. The channel MSE can be explicitly
be the th eigenvector of
expressed as a function of . Let
, and be the corresponding eigenvalue. Using the constant
in (4) as
modulus property of pilot symbols, we can write

(19)
is the average transmit SNR. Since
dewhere
pends on , so does
. The MSE of the predicted channel,
, can also be written in a similar formula.
Based on the feedback, our goal in this section is to adapt the
, and possibly the power transmitted per
constellation size
constellation, as well as the spacing , and the power level
of PSAM, so as to maximize spectral efficiency, while adhering
to the target BER. The BER in (17) depends on the predicted
, as well as the channel MSE
and
channel value
. As we claimed in Section II.B, when
, the MSE
of the estimated channel is almost identical for any . The MSE
is largest when
, since
of the predicted channel
is
, which is maxthe prediction range for
imized at
. Hence, the receiver can use
and
in calculating the constellation switching thresholds
. With a small
(which will be specified later) for
penalty in spectral efficiency, this reduces computational comrelative to the case where the switching threshplexity to
are, respectively, calculated using
olds of
and
. When the channel changes very
slowly in a frame, this also reduces the feedback rate, since
is almost identical , and the same constellation can be
. We will henceforth omit the time indexes
used for
, and
, for notational simplicity.
in
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Suppose that the target BER is equal to . Using (17) and letting
, we can find the switching thresholds

fect CSI case, it has been shown that the spectral efficiency of
discrete power transmissions is within 2 dB of those with continuous power adaptation [11], and is higher than that of constant
power transmission [7]. Here, the advantage of discrete power
adaptation relative to constant power transmission may be even
larger because discrete power adaptation increases the probability of using large constellations, and as corroborated by (16),
the same channel prediction error incurs smaller performance
loss for larger constellations.
be the transmit power of the th constellation, the
Letting
switching threshold can be calculated from (21) with being
replaced by
. Since the average transmit power of the data
symbols is , we must have

(21)

(24)

, the spectral efficiency can be

For each , we can formulate the following optimization
problem to be solved for the optimum and

Let denote the constellation switching threshold such that
the th constellation will be transmitted if
, where
, and
will be found later to meet
a target BER. In this subsection, we assume that the transmit
.
power is constant, and no data is transmitted when
Then, the actual transmit power is [7]
(20)

Letting

, and

expressed as

(25)

(22)
It is evident from (19) that the MSE of the estimated channel depends on and . Similarly, the MSE of the predicted channel
is also a function of and . Hence, the switching thresholds,
as well as the spectral efficiency depend on and . Numerical
techniques can be used to find the optimum and to maximize . Specifically, the maximum value of can be found
[6], [22]. For each
, we
as
have the following optimization problem to be solved for the
optimum and

(23)
where the last constraint follows from (20), and we explicitly
write as a function of , and . Numerical search based on
e.g., sequential quadratic programming (SQP) [9], can be used
to solve this optimization problem with starting point
. After solving (23) for each , the optimum
and the maximum spectral efficiency can be found by searching
over all possible values of . If the pilot and data symbols have
and the same
the same transmit power, we let
procedure can be used to find the maximum spectral efficiency,
as well as the optimum .
B. Discrete Power
Here, we allow symbols chosen from different constellation
sizes to be transmitted with different power levels. For the per-

where the last equation in the constraints follows from (24), and
we explicitly write as a function of , and
. This
optimization problem can also be solved by numerical search
and
,
based on e.g., SQP [9], using
as the starting point. Similar to the constant power case, the
optimum and the maximum spectral efficiency can be found
by searching over all possible values of , using the solution to
the optimization problem (25).
C. Average BER Performance Analysis
Since the switching threshold is chosen such that the BER
,
of the th constellation meets the target BER:
and the same constellation is used in the interval
, the
actual average BER is expected to be less than the target BER. In
this subsection, we will analyze the average BER performance
of the adaptive PSAM schemes developed in Sections III-A and
III-B.
The average BER for the th constellation can be written as
(26)
The overall average BER is then computed as the ratio of the
average number of bits in error over the total average number of
transmitted bits [2], [7]
(27)
Substituting the conditional BER in (17) and the pdf of the
predicted SNR in (18) into (26), we obtain
(28)
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where
. Then, the average BER in (27) can be approximately calculated by substituting (28) into (27). The conin (17) is derived from the BER approxditional BER
imation in (9) for AWGN channels, which is within 1 dB ac[7]. The accuracy
curate when the true BER is less than
of the average BER calculated from (28) is thus limited by the
. In the following, we will derive
BER approximation
a more accurate approximation for the average BER.
An approximate expression for the BER of QAM in AWGN,
which is very accurate across the SNR region, was derived in
[20]

denote a Nakagami- distribution with parameter
Let
, and define
. It has been shown in ([27,
p.103]) that

(32)
is the Gauss hypergeometric function ([19,
where
is not an integer. Using (29), (31), and (32),
p. 238], and
can be found as

(29)
, and denotes
where
the SNR. Based on the SNR in (8), we can use (29) instead
of (9) to calculate the BER in the presence of channel estimation error. As we discussed in Section II-C, the amplitude
, given the predicted channel
of the estimated channel,
, is Rice distributed. Hence, in (8), conditioned on the predicted SNR, , follows a noncentral chi-square
distribution. Unfortunately, it is difficult to obtain a tractable exby averaging
in (29)
pression for the BER,
over the noncentral chi-square distribution of . If we rely on
numerical integration to calculate the average BER from (26)
and (29), then a triple integral is required. Furthermore, since
two of the three upper limits of the triple integral are infinity,
their numerical evaluation is considerably complicated. We next
derive a simpler method to compute the average BER.
It is well known that a Rice distribution with Rician factor
can be well approximated by a Nakagami- distribution with
([27], p. 23).
parameter satisfying
Then, the Rice distribution of
conditioned on
can be closely approximated by a Nakagami- distribution with parameter

(30)

The distribution of conditioned on is thus well approximated
by the gamma distribution ([27, p.22])

(31)
where
is given by (30),
is the gamma function, and
is the expectation of conditioned on , which is given by
.

(33)
is given by (30). Substituting (33) into (26), we can
where
obtain the average BER
for the th constellation by using
in (27)
numerical integration. The overall average BER
. Since
in (33) ofcan then be calculated from
fers a tighter approximation than (17), the overall average BER
calculated from (33) is more accurate than that calculated from
(28).
IV. NUMERICAL RESULTS
We consider an adaptive modulation system which employs
4 different square M-QAM constellations corresponding to
2 (4-QAM), 4 (16-QAM), 6 (64-QAM), and 8 (256-QAM)
bits/symbol, in addition to BPSK. The carrier frequency is
GHz; and the symbol rate is 200 ksps, which corresponds to a symbol period of 5 s. We consider a delay
ms, a mobile velocity
km/h or
km/h. Hence,
Hz for
km/h, or
the Doppler spread is
Hz for
km/h; the normalized Doppler spread
for
km/h, or,
for
is
km/h. The delay can also be written as
for
km/h, or
for
km/h. We assume
that the channel has a Jakes’ Doppler spectrum. We choose
, and the length of the channel
a target BER equal to
. The
estimation (prediction) filter to be
spectral efficiency of constant power adaptive PSAM is shown
in Fig. 5. The channel capacity with perfect CSI, as well as
lower bounds on channel capacity with estimated channels,
which were derived in [22], are also depicted in Fig. 5. With
km/h, the
a small Doppler spread corresponding to
spectral efficiency of our adaptive PSAM is very close to that
km/h, the
with perfect CSI. When the mobile speed is
Doppler spread is relatively large; thus, more bandwidth and
power are allocated to pilot symbols, which in turn decreases
the spectral efficiency. It is seen that the scheme with optimum
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Fig. 5. Spectral efficiency of constant power adaptive modulation.

power allocation has about 1 dB advantage over the equal power
dB for
km/h. With optimum
scheme at
training, channel capacity is very close to that with perfect
CSI, because only channel estimation error affects capacity. On
the other hand, both channel prediction and estimation errors
degrade the performance of adaptive PSAM. Hence, adaptive
PSAM with optimally estimated channels loses considerably
in spectral efficiency compared to that with perfect CSI, when
the Doppler frequency is relatively large. Fig. 6 compares
spectral efficiency of constant power adaptive PSAM with
and without channel estimation errors. We here use the same
setting of pilot symbols as in Fig. 5. It is observed from Fig. 6
that with optimal power allocation, channel estimation errors
are so small that they do not affect spectral efficiency and
the estimated channel can be treated as perfect. On the other
hand, with equal power allocation, channel estimation errors
cause relatively large spectral efficiency loss. Note that we here
consider frequency-flat fading channels. If the fading channel
is frequency-selective, or if multiple transmit antennas are
deployed, then channel estimation errors will be even larger
because the number of unknowns to be estimated increases.
Hence, channel estimation errors should be taken into account
in designing adaptive PSAM. Fig. 7 shows the spectral efficiency of discrete power adaptive PSAM. Comparing Fig. 5
with Fig. 7, we infer that the discrete power adaptive PSAM
has larger spectral efficiency than the constant power scheme,
as expected. Notice that the discrete power scheme has higher
complexity and requires larger feedback bandwidth. From
Fig. 7, we see that the optimum power allocation has a higher
spectral efficiency than the equal power allocation scheme. The

optimum and are depicted in Figs. 8 and 9, respectively.
Figs. 8 and 9 reveal that the optimum training allocates more
power to pilot symbols, while increasing the pilot spacing , to
maintain the quality of the channel prediction and estimation.
The net effect is that the spectral efficiency is maximized.
Fig. 10 shows the average BER of both constant and discrete
km/h. We observe that the
power adaptive PSAM for
average BER is much lower than the target BER, even though
, is relatively large. On the
the feedback delay,
other hand, our calculations show that the MSE of the predicted
channel in this case is larger than the critical value derived
in [32] across the SNR region; thus, the adaptive modulation
schemes treating the predicted channel as perfect CSI are not
able to meet the target BER with such a large feedback delay.
This clearly shows the advantage of our adaptive PSAM that
accounts for both channel estimation and prediction errors.
V. CONCLUSION
We have studied adaptive transmission systems with pilot
symbol assisted estimation and prediction of rapidly fading
channels. The effect of linear MMSE channel estimation and
prediction errors on BER was investigated for BPSK and square
M-QAM. Adaptive pilot symbol assisted modulation schemes
that account for both channel estimation and prediction errors
were developed and their BER performance was analyzed. The
spacing between two consecutive pilot symbols and the power
allocation between pilot and data symbols were optimized to
maximize spectral efficiency. Numerical results show that our
adaptive PSAM schemes work well even when the feedback
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Fig. 6. Effects of channel estimation errors on spectral efficiency of constant power adaptive modulation, v = 108 km/h.

Fig. 7. Spectral efficiency of discrete power adaptive modulation.
Fig. 8.

delay is relatively large, and that our optimized pilots improve
spectral efficiency.

([26, p. 487])
(34)

APPENDIX
A. Channel MSE When
Supposing that we have
the limiting case where

Optimum pilot spacing, v = 108 km/h.

, the channel MSE in
, can be expressed as

is the Doppler spectrum of the discrete channel.
where
is common
in (4) is generally a funcWhile
tion of . For the classic Doppler spectrum based on Jakes’
, and
model,
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where and
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are two constants, and

, (36) becomes
(38)

where
. To gain more insight into the
channel estimation error, let us specialize to the ideal lowpass
Doppler spectrum, which is given by
, and
; the MSE
in (34)
then becomes
(39)
is sufficiently large,
When
, we have
Since
can either reduce and/or increase
Fig. 9. Optimum power allocation, v = 108 km/h.

. To lower

.
we

.
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