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Abstract—A novel data-aided noise reduction (DANR) method
is proposed to enhance the accuracy of long-range prediction
(LRP) for wireless fading channels, thereby improving the spectral efﬁciency (SE) of adaptive modulation (AM) system enabled
by the LRP. This method includes an adaptive pilot transmission
mechanism, robust noise reduction and decision-directed channel
estimation. An improved practical AM scheme is used to test the
proposed DANR method. Since this method maintains low pilot
rates, it results in higher SE than previously proposed noise
reduction (NR) techniques, which rely on oversampled pilots.
These conclusions are conﬁrmed for practical prediction ranges
using the standard Jakes model and our realistic physical model.

I. I NTRODUCTION
Adaptive modulation (AM) has been investigated extensively in wireless communication literature due to its effectiveness and simplicity [1]. To ensure high spectral efﬁciency
(SE) for AM systems, reliable channel state information (CSI)
is required. To compensate for the feedback delay, data processing, and system constraints, this CSI needs to be predicted
ahead for rapidly time variant fading channels. Several fading
prediction methods have been proposed to enable mobile radio
AM system [2], [3].
In this paper, we focus on the autoregressive (AR) modelbased linear prediction (LP), referred to as the long-range prediction (LRP) method, which was shown to achieve superior
performance for realistic channel models and measured channels [2]–[4]. The LRP method achieves very low mean-square
error (MSE) at prediction ranges over one carrier wavelength
λ when the signal to noise ratio (SNR) of the observations
is sufﬁciently high [2]. However, at low SNR, this method
suffers from signiﬁcant performance degradation. To improve
the prediction accuracy at low SNR, utilization of highly
oversampled pilots to perform noise reduction (NR) prior to
LP was proposed in [5]. We refer to this NR technique as the
high-rate pilot method. This method improves the prediction
accuracy over the low-rate (on the order of maximum Doppler
shift) raw pilot method that relies only on the pilot symbols
necessary for fading coefﬁcient prediction. The NR method
in [5] requires perfect knowledge of channel statistics. A
practical high-rate pilot NR method was developed and shown
to provide reliable prediction for SNR≥20dB in [6]. However,
This research was supported by NSF grant CCR-0312294 and ARO grant
W911NF-05-1-0311.

these methods consume excessive system bandwidth due to
transmitting oversampled pilots, so the overall SE does not
increase signiﬁcantly despite better prediction accuracy. The
optimal rate and power of raw pilots that maximize the SE of
an AM system under given power constraint was investigated
in [7]. However, the pilots still consume a large portion of the
available bandwidth and power in that method [7].
In this paper, we propose to exploit the data symbols in NR
to achieve high accuracy of prediction without signiﬁcantly
increasing the pilot rate and power, thereby improving the SE.
The data-aided methods have been widely used for channel
equalization [8], estimation, and tracking [9]. In [10], decisiondirected short-range prediction of fading channels was investigated, and in [2], [11], data-aided NR was employed in LRP
to enable adaptive channel inversion. However, these decisiondirected methods are not applicable to the AM system directly.
We propose a novel data-aided noise reduction (DANR)
method for the LRP-aided AM system. This method comprises
an adaptive pilot transmission mechanism that compensates for
outages, robust noise reduction and decision-directed channel
estimation. The prediction accuracy and SE of the proposed
method are compared with those of the high-rate pilot and
raw pilot methods, and the advantages of the DANR approach
are demonstrated for practical prediction ranges. The NR
techniques are tested using the standard Jakes model and our
realistic physical model.
The remainder of this paper is organized as following. The
AM system enabled by LRP is discussed in section II. The
proposed DANR method is described in section III. Finally,
numerical results and conclusions are presented in sections IV
and V, respectively.
II. AM AIDED BY PREDICTED CSI
The proposed system model is illustrated in Fig. 1, and
frequently used notation is summarized in Table I. We consider
a single-carrier ﬂat fading channel and assume the symbol rate
fs . The equivalent lowpass received lth sample is
y(l) = x(l)h(l) + w(l)

(1)

where x(l), h(l), and w(l) are the transmitted symbol, the
complex fading channel coefﬁcient, and complex white Gaussian noise with variance N0 , respectively. The channel coefﬁcient is modeled as complex zero-mean Gaussian process
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Fig. 1: System Diagram
with unit variance. We employ the widely used Jakes model,
with the autocorrelation function of the channel coefﬁcient
approximated by that of the Rayleigh fading, E[h(l)h∗ (l −
Δl)] = J0 (2πfdm Δl/fs ) [12], where J0 (∗) is the Bessel
function of the ﬁrst kind, and fdm is the maximum Doppler
frequency. The transmitted symbols can be either pilots or data
symbols. Without loss of generality, we assume that x(l) = Ep
for pilots, where Ep is the energy of the pilot symbol.
To enable AM, a LP generates predicted channel coefﬁcient
ĥ(l). The random variables ĥ(l) and h(l) are jointly gaussian
distributed with the cross-correlation [13]

(2)
ρ  E[h(l)ĥ∗ (l)]/ E [|h(l)|2 ] σĥ2


where σĥ2 = E |ĥ(l)|2 . Denote γ(l) = |h(l)|2 and γ̂(l) =

|ĥ(l)|2 , where, without loss of generality, we omit the index
l. The PDF of γ̂ is p(γ̂) = exp(−γ̂/σĥ2 )/σĥ2 .
Consider an AM system that employs M-quadrature
amplitude modulation (MQAM) constellation sizes
{M1 , M2 , . . . , MN }, 0 < Mi1 < Mi2 for i1 < i2 , and
switching thresholds {γ0 , γ1 , . . . , γN +1 } used to select the
constellation size used for transmission, where 0 ≤ γi ≤ γi+1 ,
γ0 = 0, and γN +1 = ∞. When predicted CSI γ̂ falls in
the interval [γi , γi+1 ), the constellation size Mi is used.
When 0 ≤ γ̂ < γ1 , an outage occurs. We employ AM
with constant power allocation, i. e., the same average
MQAM symbol energy Ed is utilized for all Mi > 0, due
to its excellent performance and low required feedback
rate [7], [14]. Given ﬁxed average SNR Ēd /N0 , where
Ēd is the average data symbol energy, Ed is determined
∞
by Ēd = Ed γ1 p(γ̂)dγ̂ = Ed exp −γ1 /σĥ2 [7]. For
the constellation size Mi , we obtain the instant BER
P Ei (Ed , γ̂) given Ed and γ̂ as in [7], [14]. When
the SE loss caused by transmitting pilots is not taken
into account, the SE of data symbols is evaluated
as

 γi+1
N
log
M
p(γ̂)dγ̂
.
Using
the
Sd (γ1 , . . . , γN ) =
2
i
i=1
γi
average BER criterion, the thresholds {γ1 , . . . , γN } are
selected so that Sd (γ1 , . . . , γN ) is maximized under the
constraint that the average BER is lower than the speciﬁed
target BER Pt [14].
Note that γ̂ is a biased prediction, while unbiased power
prediction γ̂ + E(γ − γ̂) was employed in [5], [14]. However,
the performance of the AM system is determined by the
statistical characterization of the predicted channel coefﬁcient
ĥ(l), not the predicted power [15]. Therefore, biased and

unbiased power predictors result in the same SE.
In our simulations, the cross-correlation ρ in (2) is measured
from the observed data set. For the ﬁxed SNR and target BER,
the adjustment of thresholds in the AM system is determined
by ρ. For the linear minimum MSE
the

 (LMMSE) predictor,
normalized MSE is NMSE  E |h(l) − ĥ(l)|2 /E[|h(l)|2 ]
[13], and for general LP, NMSE ≥ 1 − ρ2 [13], [15]. While
the NMSE is often used to measure prediction performance, it
is not appropriate as an indicator of SE in AM aided by fading
prediction. Since this SE is determined by ρ , we deﬁne the
normalized prediction MSE as NPMSE  1−ρ2 . The NPMSE
is used as a performance measure of predictors in all our plots.
In this paper, we employ the set of constellation sizes
{2, 4, 16, 64}. Fig. 2 shows the SE of this AM system for
Pt = 10−3 and several average SNR levels. For a NPMSE on
the order of 10−2 or smaller, the SE is not sensitive to the
variation of the NPMSE. On the other hand, the SE decreases
rapidly when the NPMSE approaches 10−1 . For prediction
ranges over 0.1 employed in adaptive transmission systems [3],
NPMSE usually falls into the latter region for practical SNR
levels (less than 30dB) [2], [5]. Thus, NR that can signiﬁcantly
lower the NPMSE is necessary to enable AM in practical
systems.
TABLE I: Notation
fdm
fs
h(l)
h(k; L)
h0 (k; L)
h̄(k; L)
h̃(k; L)
ĥ(k; L)
h̃(n), ĥ(n)
L
K
Ep
Ed
Ēd
Ēs

Maximum Doppler frequency
Symbol rate
Channel coefﬁcient of the lth symbol
Channel coefﬁcient of the kth frame
Initial channel estimate for the kth frame
Decision directed channel estimate for the kth frame
The noise-reduced channel estimate for the kth frame
The predicted channel coefﬁcient for the kth frame
fs
Down-sampled h̃(k;L) and ĥ(k;L) at rate fpred= LK
Frame size
Superframe size
Pilot symbol energy
Average energy of MQAM symbols
Average data (outage and MQAM) symbol energy
Average energy of all symbols

III. LONG RANGE PREDICTION WITH
DATA-AIDED NOISE REDUCTION
A. Frame Structure and Adaptive Pilot Transmission
The frame structure employed in this paper is illustrated
in Fig. 3. At the transmitter of the proposed AM system, the
transmitted symbols are grouped into frames with L symbols
in each frame. To reduce the feedback rate and the complexity
of NR, the constellation size is ﬁxed in each frame. Thus,
we assume that the fading coefﬁcient is constant during each
frame and choose fs /L = 100fdm to justify this assumption
[16]. We use vectors x(k) = [x(kL), x(kL − 1), . . . , x(kL −
L + 1)]T and y(k) = [y(kL), y(kL − 1), . . . , y(kL − L + 1)]T
to represent the transmitted and received symbols of the kth
frame, respectively (see (1)). In addition, we denote h(k; L) ≈
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When pilot symbols are taken into account, the average SE
of the system is S̄ = (1 − η)S
 γ d (γ1 , . . ., γN ) bps/Hz. For our
method, η = 1 + (L − 1) 0 1 p(γ̂)dγ̂ /KL, which satisﬁes
1/KL ≤ η ≤ 1/L, while η = 0.1 for the high-rate pilot
method [5], and η varies from 0.005 to 0.01 for the raw pilot
method [2].
While the loss in power and bandwidth caused by transmitting pilots is not considered in [5], [14], it needs to be
taken into account in the system performance optimization.
Given the average symbol energy Ēs , the pilot energy and the
average energy of data symbols have to satisfy the constraint
Ēs = ηEp +(1−η)Ēd . In this paper, we select Ēs = Ep = Ēd
as in a pilot symbol assisted modulation (PSAM) system
[17]. Although higher SE is achieved by optimally allocating
power to data symbols and pilots as in [7], the SE loss of
our method relative to the optimal allocation is small [15].
Our selection greatly simpliﬁes power allocation since Ep and
Es are constant for given Ēd . In addition, the selected pilot
energy does not depend on the accuracy of prediction, while
the pilot energy is a function of NPMSE in the variable pilot
energy method [7]. Thus, our methods reduces the required
feedback relative to [7] since the pilot energy is known at the
transmitter.
B. Initial Channel Estimation for Demodulation
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Fig. 3: Frame structure and initial channel estimates for
demodulation (see equation (3)). L=3 symbols/frame, K=3
frames/superframe.
h(kL − l), l ∈ [0, L − 1] as the channel coefﬁcient associated
with the kth frame.
If one pilot is transmitted in each frame to facilitate NR in
LP, the pilot rate is fp = fs /L = 100fdm , which is the pilot
rate in [5]. However, as stated earlier, this approach wastes a
large portion of the available bandwidth due to transmitting
oversampled pilots.
In the proposed approach, which combines pilots and decisions to predict the fading coefﬁcient, we group K consecutive
frames into one superframe. The observed signals of the
mth superframe
are represented by a vector of length KL,

T

y s (m) = y T (mK) . . . y T (mK − K + 1) . In each
superframe, one pilot is transmitted at the last symbol position.
It is denoted x(mKL), and referred to as superframe pilot.
These pilots are used to obtain the initial channel estimates
for the demodulation of data symbols. Moreover, if a frame
does not contain the superframe pilot and experiences an
outage, we also transmit one pilot symbol at the end of
that frame. These additional pilot symbols are necessary
to maintain the reliability of prediction during an outage,
when decision directed estimation is not possible. Denote the
percentage of bandwidth occupied by pilots as η = fp /fs .

To demodulate received data symbols, we obtain initial
channel estimates as illustrated in Fig. 3. Without loss of
generality, assume that the latest received frame has index
(m0 K−k0 ), k0 ∈ [0, K − 1]. This frame belongs to the m0 th
superframe. The initial estimate for frame (mK−k)≤(m0 K−k0 )
in superframe m≤m0 is computed as
h0 (mK − k; L) =
k
K−k
K h0 (m0 K−K;L)+ K ĥ(m0 K;L), if m=m0 and

Pest −1 ∗
p=0 ωest (k, p)y(mKL − pKL), otherwise

(3)
k0=0

In the ﬁrst case in (3), the superframe pilot y(m0 KL)
associated with superframe m0 has not been received. Therefore, the initial channel estimates for frames in this superframe are obtained via simple linear interpolation between
h0 (m0 K−K; L) (the initial channel estimate for the last frame
in the previous superframe) and ĥ(m0 K;L) (the prediction
of the channel coefﬁcient for the last frame in the m0 th
superframe), where the prediction method is discussed in
section III-E.
In the second case in (3), the mth superframe pilot
has been observed (see Fig. 3). Thus, either m < m0
or k0 = 0. In the latter case, the latest observed
frame includes the superframe pilot. The estimation is
made by ﬁltering superframe pilot observations y p =
[y(mKL) y(mKL−KL) . . . y(mKL−Pest KL+KL)]T ,
where Pest is the order of the estimation ﬁlter. Since channel
statistics are unknown and time-variant in practice, we
employ a robust ﬁlter that assumes a ﬂat Doppler spectrum
with support [−fdm , fdm ] [6]. The Pest ×1 vector of ﬁlter
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coefﬁcients is constructed as
[ωest (k, 0)

...

ωest (k, Pest−1)]T = (R+N0 I)−1 r(k) (4)

where the Pest ×Pest autocorrelation matrix R has elements
Ri1 ,i2 = sinc[(i1 −i2 )fˆdm KL/fs ], the Pest×1 cross-correlation
vector r(k) has elements [r(k)]i = sinc[(iK−k)fˆdm L/fs ], I is
the Pest×Pest identity matrix, and fˆdm is the estimated maximum
Doppler frequency obtained by the FFT operation in [6] aided
by decision-directed channel estimates [15].
Finally, h0 (k; L) is used to obtain x̂(l), the decisions
√ of
data symbols x(l) for kth frame. By deﬁnition, x̂(l) = E p
for pilot symbols, and x̂(l) = 0 during outage.
C. Decision-Directed Channel Estimation
Next, the decisions x̂(l) are employed in the estimation
of channel coefﬁcient h(k; L) at the frame rate. To derive
the estimation ﬁlter, we assume perfect decisions x̂(l). This
assumption is realistic since error propagation is negligible
for Pt ≤ 10−2 employed in practical AM systems [8], [9].
When kth frame is not an outage frame, the unbiased least
square (LS) estimation of h(k; L) is obtained as [15].

[r N R ]i = sinc[ifˆdm L/fs ], and V (k) = diag[v(k; L), . . . , v(k−
PN R + 1; L)]. Note that v(k; L) is time-variant and depends
on whether given frame experiences an outage. The outputs
of the NR ﬁlter are
h̃(k; L) = ω H
N R (k)h̄(k; L)

(8)

Our ﬁlter is similar to the NR ﬁlter used in [6], but we
employ decision-directed channel estimates instead of the
over-sampled pilot observations.
Note that the initial channel estimate h0 (k; L) of each
frame except the last frame in a superframe is computed by
interpolation ﬁrst, then using ﬁltering (see (3)) to improve
accuracy. The associated data symbols are also re-demodulated
to reduce decision errors, and (5) and (8) are updated using
these recomputed initial estimates.
E. Long-Range Prediction

Since the outputs of (8) are generated at the frame rate,
they are decimated by factor J as each new sample h̃(k; L) is
computed, so the effective sampling rate used for prediction
kL
kL
y(l)x̂∗ (l)
w(l)x̂∗ (l) fpred = fs /(JL) is on the order of fdm [2], [3], [5]. In our
simulation, J = K, the number of frames per superframe. We
l=kL−L+1
l=kL−L+1
= h(k; L)+
.
h̄(k; L) =
kL
kL
denote the sequences h̃(k; L) and ĥ(k; L), decimated at rate
fpred , as h̃(n) and ĥ(n), respectively. The one-step prediction
|x̂(l)|2
|x̂(l)|2
of channel coefﬁcient is obtained as [2],
l=kL−L+1
l=kL−L+1
(5)
Ppred −1

The variance of this decision-directed estimate is [15]


N0
v(k; L) = E |h̄(k; L)−h(k; L)|2 =
. (6)
kL
|x̂(l)|2

l=kL−L+1

kL
Since kL−L+1 |x̂(l)|2 ≈ LEd
Ep for large frame size L,
the noise power is greatly reduced at the output of (5). For
outage frames, the noisy pilot observation is employed for
channel √
estimation, i. e., h̄(k; L) = y(kL)/ Ep = h(k; L) +
w(kL)/ Ep and v(k; L) = N0 /Ep .
D. Robust Noise Reduction
Since the sampling rate in (5) is given by the frame
rate, the channel coefﬁcients are highly correlated, while
the noise samples are independent at the output h̄(k; L) of
the decision-directed estimator. Thus, the power spectrum
density of the noise samples is much wider than that of
the fading signal. To reduce noise further, we pass h̄(k; L)
through a robust NR ﬁlter that removes the noise power
falling outside of the frequency band of the fading signal.
In vector form, the input to this NR ﬁlter is h̄(k; L) =
[h(k; L) . . . h(k − PN R + 1; L)]T , where PN R is the ﬁler
order. Similarly to (4), the coefﬁcients of this ﬁlter are expressed as a PN R ×1 vector
−1

ω N R (k) = [RN R + V (k)]

rN R

(7)

where the PN R×PN R matrix RN R has elements [RN R ]i1 ,i2 =
sinc[(i1−i2 )fˆdm L/fs ], the PN R ×1 vector r N R has elements

∗
ωpred
(p)h̃(n − p),

ĥ(n + 1) =

(9)

p=0

where Ppred is the order of predictor, and ωpred (p), p ∈
[0, Ppred − 1], are the coefﬁcients of the predictor. Note that
a low sampling rate fpred is employed in (9), while its
outputs are computed at the frame rate. This approach improves prediction accuracy relative to prediction followed
by interpolation [2], [15]. As in [6], we employ the Burg
method to estimate ωpred (p) using an observation window that
contains B past noise-reduced samples at the rate fpred , where
usually B
Ppred . The normalized spatial prediction range
in (9) is fdm JL/fs , usually expressed in multiples of carrier
wavelength λ [3]. Finally, when the desired prediction interval
is longer than J frames, we iterate (9) by using previously
predicted samples instead of h̃(n) [2].
The NPMSE and SE of this LRP form a feedback loop.
Clearly, the system SE is a function of the NPMSE. Moreover,
the accuracy of DANR-aided LRP increases with the effective
data rate of the system. Since the theoretical solution for the
equilibrium point of this feedback system is very complex,
we resort to simulations. First, we employ a NPMSE guess
to calculate the thresholds of AM. If the simulated NPMSE
is higher/lower than the initial guess, the guessed NPMSE is
increased/decreased by a small step Δ. This process is iterated
until the guess and the simulated NPMSE are sufﬁciently
close. The ﬁnal NPMSE and SE represent the equilibrium
point of this adaptive system.
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TABLE II: Parameters used in the simulation for Jakes model
fdm
fs
Frame rate fm
L
K
fpred
FFT Window size
Order of PSAM ﬁlter Pest
Order of NR ﬁlter PN R
Order of predictor Ppred
Observation window size B
Target BER Pt

100Hz
100Ksps
10K frames/s
10
10
1KHz
100
10
20
20
200
10−3
3.5
m

4m

Curved
reflector

30m

Route of
calculation

Transmitter

1000m

Fig. 4: Geometry of physical model
IV. N UMERICAL R ESULTS
The simulation parameters that represent a typical ﬂat
fading urban mobile radio channel are listed in Table II. The
standard Jakes model with nine oscillators (34 scatterers) [12]
is employed. In addition, we utilize our realistic physical
model [18]. It was demonstrated in [2], [3], [18] that this
model is more suitable than the Jakes model for validating the
LRP. We employ the physical model geometry in Fig. 4. This
data set represents a challenging realistic scenario [15]. The
same parameters are utilized as for the Jakes model (Table II)
with the exception of the observation window size B of Burg
predictor, which is reduced to 100 samples to accommodate
the time-variant channel statistics.
In addition to the proposed DANR method, we also simulated two pilot-aided LRP techniques, the raw pilot and
high-rate pilot methods. In the raw pilot method without NR,
noisy superframe pilots at rate 10fdm are employed in the
Burg predictor. In the high-rate pilot method [5], one pilot is
transmitted in each frame, i. e., the pilot rate is fp = 100fdm
and η = fp /fs = 0.1. The NR is performed using four
ﬁlters with smoothing lags {0, 2, 5, 10} [5] and ﬁlter order
50. The outputs of these NR ﬁlters are down-sampled at a
rate of 10fdm and then fed into the MMSE predictor. As
in [5], perfect knowledge of channel statistics is assumed in
the design of this method, and it is only tested for the Jakes
model. For all prediction methods, we choose the order of the
predictor Ppred = 20.
To illustrate the potential of our NR method, the performance of several techniques that employ ideal assumptions is
illustrated for the Jakes model. First, we plot the SE when
perfect CSI is available at the transmitter of the AM system,

and η = 0. This method provides an upper bound to the
achievable SE of all other techniques. We also simulated
the performance of the high-SNR pilot method, i.e., the raw
pilot method where the pilot SNR=60dB is much higher than
for the data symbols without incurring power penalty. This
method was employed in [2] and provides a lower bound on
the achievable NPMSE for NR methods. Finally, we plot the
performance of the outdated CSI scheme, where one noiseless
channel coefﬁcient delayed by the normalized prediction range
is employed to enable the AM [19].
Fig. 5 and 6 illustrate the variation of NPMSE and SE,
respectively, as the prediction range increases. At short to
medium prediction ranges (under 0.6λ), the DANR method
exhibits excellent prediction accuracy, and its NPMSE is lower
than those of the pilot-aided methods. At larger prediction
ranges, the improvement in NPMSE provided by NR is less
signiﬁcant, and the errors caused by imperfect estimation of
predictor coefﬁcients in Burg method result in slight degradation of the raw pilot and the DANR methods relative to
the high-rate pilot method, which has perfect knowledge of
channel statistics. The DANR also has higher SE than pilotaided methods for prediction ranges below 0.6 λ. Its gain over
the raw pilot method is as high as 1.0 bps/Hz. Moreover,
our DANR method has excellent performance for prediction
ranges≤ 0.2λ, where its SE loss relative to the perfect CSI case
is at most 0.22 bps/Hz. This prediction range is sufﬁcient for
most AM applications [3], [7]. For prediction ranges> 0.2λ,
the NPMSE of all practical prediction methods simulated in
this paper approaches 10−1 (see Fig. 5). Thus, as illustrated
in Fig. 2, they cross the NPMSE threshold, and their SE drops
rapidly with the increasing NPMSE at these larger prediction
ranges in Fig. 6. Although the high-rate pilot scheme has better
prediction accuracy than the raw pilot scheme, its SE is lower
at short prediction ranges (0.1λ) since it is penalized by high
η values, i.e., oversampled pilots. Finally, much higher SE is
maintained by the high-SNR pilot method relative to other
prediction methods for medium to high prediction ranges.
This result demonstrates that there is signiﬁcant potential
for performance improvement in the area of NR for fading
prediction.
Fig. 7 and 8 illustrate the dependency of NPMSE and SE,
respectively, on the system SNR for the prediction range of
0.2λ for the Jakes and physical models. For both models, the
proposed DANR method outperforms the pilot-aided methods.
The SE gain of DANR over the raw pilot method is as
large as 0.6 bps/Hz for the Jakes model. We observe that the
physical model data set is easier to predict than the Jakes
model for most SNR values in Fig. 7, while the opposite
conclusion was reached in [2], [3], [18] for high-SNR pilot
method. This can be explained as follows: for lower SNR,
noise dominates prediction performance, and the prediction
is aided by lower number and non-uniform distribution of
reﬂectors in the realistic physical model data set [15]. On the
other hand, for pilot SNR≥30dB, non-stationarity dominates
prediction errors and limits the accuracy of prediction for the
physical model relative to the Jakes model [3], [18].
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Fig. 5: NPMSE vs. prediction range for SNR=20dB, Jakes
model
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Fig. 8: Spectral efﬁciency vs. SNR, prediction range of 0.2λ;
Jakes and physical model (PM)

V. C ONCLUSIONS
A novel DANR method for fading channel prediction is
proposed. This technique achieves higher throughput than
the previously investigated oversampled pilot methods for the
standard Jakes model and for our realistic physical model.
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