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Adaptive FIR Filtering for PAPR Reduction in OFDM Systems

Hikaru MORITA ™, Student Member, Teruyuki MIYAJIMA®, and Yoshiki SUGITANI', Members

SUMMARY This study proposes a Peak-to-Average Power Ratio
(PAPR) reduction method using an adaptive Finite Impulse Response (FIR)
filter in Orthogonal Frequency Division Multiplexing systems. At the trans-
mitter, an iterative algorithm that minimizes the p-norm of a transmitted
signal vector is used to update the weight coefficients of the FIR filter to re-
duce PAPR. At the receiver, the FIR filter used at the transmitter is estimated
using pilot symbols, and its effect can be compensated for by using an equal-
izer for proper demodulation. Simulation results show that the proposed
method is superior to conventional methods in terms of the PAPR reduction
and computational complexity. It also shows that the proposed method has
a trade-off between PAPR reduction and bit error rate performance.
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1. Introduction

Orthogonal Frequency Division Multiplexing (OFDM) has
been widely adopted in various wireless standards, such as
IEEE 802.11 [1] and LTE-Advanced [2], because it can
achieve a reliable high-rate transmission over multipath fad-
ing channels [3]. However, a major disadvantage of OFDM is
its high Peak-to-Average Power Ratio (PAPR), which causes
anonlinear distortion and low power efficiency at a nonlinear
power amplifier. It can be concluded that PAPR reduction is
an important issue in OFDM systems [4].

The simplest and most popular PAPR reduction method
is clipping and filtering, which involves clipping the high
peaks of an OFDM signal. A major drawback of this method
is the generation of both in-band and out-of-band distortion,
leading to an increase in Bit Error Rate (BER) and degrada-
tion in the spectral efficiency. So far, many researchers have
developed various distortionless methods [5]-[8]. These
distortionless methods comprise complex problems such as
combinatorial problems or Quadratic Programming (QP)
problems. Therefore, their common drawback is a high
computational complexity to achieve a significant PAPR re-
duction.

An effective approach to reduce the complexity is to
employ a gradient descent algorithm, which is a standard
tool to solve optimization problems [8]-[12]. In general,
they can provide a suboptimal solution by using a simple
iterative procedure. In [8], [9], algorithms to obtain a peak
reduction signal for Tone Reservation (TR) [8] were pro-
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posed. Since the reduction signal conveys no information,
spectral efficiency is reduced and more transmit signal power
is required. In [10], PAPR is reduced by iteratively finding
a signal indicating the antenna position in Space Shift Key-
ing (SSK). It requires a number of antennas, which makes it
unsuitable for small terminals. In [11], the phase factors of
Partial Transmit Sequences (PTS) [5] are determined by the
Constant Modulus Algorithm (CMA). However, the mini-
mum of the CMA cost function is not necessarily coincident
with that of PAPR [12]. Furthermore, PTS is required to send
phase factors as Side Information (SI), which causes a loss in
transmission data rate and BER degradation due to an erro-
neous SI detection. In [12], the phase factors are determined
by iteratively minimizing the p-norm of a transmitted signal
vector. This method avoids sending SI by blindly estimating
the phase factors at the receiver. However, it is difficult to
apply this method to the higher-order QAM constellations
because of the estimation difficulty of the phase factors.

Another interesting approach is to employ adaptive fil-
tering. In [13], an adaptive FIR filter is placed before Inverse
Discrete Fourier Transform (IDFT) and its filter coeflicients
are adjusted by a sequential QP algorithm. This method re-
quires sending the filter coefficients as SI, which consumes
transmission power. In addition, it is impractical to send
continuous complex coefficients precisely. In [14], a single
adaptive All-Pass Filter (APF) is placed after IDFT and its
parameter is adjusted using the Newton—Raphson algorithm.
Interestingly, this method does not require SI because the
composite channel comprising APF and a physical channel
is estimated using the pilot symbols at the receiver. The
drawbacks of the method are, first, this method requires ex-
tra processing to stabilize the filter; second, the resulting
impulse response of APF can be longer than a Cyclic Prefix
(CP). As shown later, since this method has only one ad-
justable parameter, its PARP reduction capability is limited.

In this study, we propose a PAPR reduction method us-
ing an adaptive FIR filter, which is always stable and has
an impulse response shorter than CP. The weight coeffi-
cients of the FIR filter are updated by iteratively minimizing
the p-norm of a transmitted signal vector. It does not re-
quire sending any additional reduction signal or SI. At the
receiver, either the FIR filter used at the transmitter or a
composite channel is estimated using the pilot symbols, and
the effect of the FIR filter can be compensated for by an
equalizer. This method can be applied to the higher-order
QAM constellations without any modification.

Throughout this paper, we use the following notations:
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Fig.1  Transmitter structure.

AT, (HH, and (-)* represent the transpose, Hermitian trans-
pose, and complex conjugate of a vector or matrix, respec-
tively. E[:] denotes the expectation operator. diag(a) rep-
resents a diagonal matrix whose diagonal entries consist of
the entries of vector a.

2. System Model
2.1 Transmitter

Figure 1 shows the transmitter structure of the proposed sys-
tem equipped with a single transmit antenna. Data symbols
sy are generated every T seconds, and N data symbols are
grouped into a data block s, = [sun SuN+1 - - - s(n+1)N_1]T.
A time domain signal of the nth block is obtained by taking
IDFT of s,, as

X(n+1)N-1 ]T =Ffs,
ey
where F denotes the N-point DFT matrix whose
(k,th element is eXp(_ﬂ”(lf/;Vi)(l_l)/N). A CP of
length P is added to x, to obtain a discrete time

Xn = [ XnN  XnN+1

- T
x(n+1)Q—1] =
X(,H_l)N_]]T for the nth

OFDM signal %, = [fug fugs1 =+
[X(+1)N-P *** X(m+1)N-1 XuN * -
block of length O = N + P.

In the proposed system, the PAPR of the transmit signal
is reduced by an adaptive FIR filter with input X;. The output
of the FIR filter for the nth block is given by

Ly
Pk = Z w,(n)ik—l, nQ <k<n+10Q 2)
=0

where L, is the FIR filter order and wl(") is a weight co-
efficient of the nth block, which is adjusted by an adaptive
algorithm described later. According to [15], a continuous-
time signal u(¢) is obtained by the root Nyquist filter with
input pi as

u() = ) gt = KTy) 3)
k

where g(¢) is a delayed version of a truncated root Nyquist
pulse, defined as

“

. gt-T, 0<t<2T,
g = .
0 otherwise

where T, = MT; is a delay, M is a pulse truncation length,
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Fig.2  Receiver structure.

and g(¢) is the root Nyquist pulse. The continuous signal
u(t) is sent to the receiver.

To approximate the PAPR of a continuous-time trans-
mitted signal u(¢), we consider an oversampled signal given
by ur = u(kT;/Fs) where Fg, which is an integer, is the
oversampling factor. The PAPR of the transmitted signal is
expressed as

2
max,r, Q<k<(n+)FyQ |Uk]|

PAPR =
E [lug|?]

(&)

Because a high PAPR causes a nonlinear distortion and low
power efficiency, our purpose is to adjust the FIR filter co-
efficients using an adaptive algorithm such that the PAPR is
reduced.

2.2 Receiver

Figure 2 shows the receiver structure of the proposed sys-
tem. The transmitted signal u(¢) is passed through a physical
channel whose impulse response is h(t) = leho ho(t—ITy),
and is corrupted by additive white Gaussian noise, where Lj,
is the order of the channel. The received signal is filtered
by the root-Nyquist filter §(¢) in (4) and its output r(¢) is
sampled every T seconds to obtain a discrete-time signal as
Lc
ri = r(kTy) = Z C1Pk-1 + Zc (6)
1=0

where ¢; is the impulse response of a composite channel of
order L. = Ly +4M, which consists of the physical channel
and Nyquist filter, and is given by

Ly,
Ck = Z higk-1 (N
1=0

where g = g(kT;),k = 0,1,---,Ly, L, = 4M, g(t) =
g(t) = g(t) is the delayed version of the Nyquist pulse trun-
cated within [0, L,7] and zx is channel noise. Furthermore,
by substituting (2) into (6), we have

Ly
"= Z V¥t nQ<k<@m+DQ (8
1=0
where
LC
B = aw ©)
=0

is the impulse response of the total channel for the nth block
of order Ly, = Ly, + Ly + Ly, which consists of the FIR filter,
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Nyquist filter, and physical channel. To prevent inter-block
interference, the CP length P is larger than or equal to L.
The received samples after removing CP are written as

T
r, = [rnP 'nP+1 * r(n+1)Q—1] =B,x, + 1z, (10)

where B,, is an N X N circulant matrix of the total channel
b,((") and z, is a noise vector. By applying DFT to r,, we
obtain the frequency domain signal of the nth block as

yn = Fr, = FB,,Fs, + Fz, = D,;s,, + Fz, (11)

where D,, = FB,FH isan N x N diagonal matrix. The
diagonal elements of D,, are identical to Fpb,, where Fy is
the N X (Lp + 1) matrix consisting of the first L, + 1 columns
of VYNF and b, = [b(()") bg") b(L';)]T is the total channel
vector of the nth block. If the total channel is known at
the receiver, the effect of the channel is compensated by the
Zero-Forcing Frequency-Domain Equalizer (ZF-FDE) as

$, =Dy, =s, +D;,'Fz,. (12)

The total channel b,((") can be estimated by using pilot
symbols. Thus, it should be noted that we need not transmit
the weight coefficients w](:’) of the FIR filter as SI because

the FIR filter w]((") is a part of the total channel b]i") as shown

in (9). In practice, instead of the total channel b("), it is
sufficient to estimate a part of the channel since we have the
knowledge of the Nyquist pulse gx as discussed in Sect. 4.
Note that the estimation should be done for each block.

3. PAPR Reduction Adaptive Algorithm
3.1 Transmitted Signal Model

For notational convenience, we represent the transmitted sig-
nal samples uy in a vector form. From (3), we have

2M
M) = gy om = ) Gilmlpe-t (13)
=0

fork = nQ,nQ+1,---,(n+1)Q—landm =0,1,---, Fs—1,
where

Gelm] = § (kn + ?T) . (14)

Then, we collect Fy samples in a vector as

2M

i = [ [0 ugl1] -+ [ Fy = 117 = ) @t (15)
=0

where g = [gk[0] gil[1] -+ Gi[Fs — 1]]T. All samples
corresponding to the nth OFDM block are collected as

T
Unr1)E0-1 |

~T T
Uoi)0-1 ]

Uy = | tnr,Q  Unr, 01

ST ST
= [ Lo Wosl
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:(}0[ Pr-i ]z [ Go G ][ _g*‘ ] (16)

Pn n
where
Som 8 &o 0 0
Go=| ° &
&M : 0
0 0 | 2um g &
=[ Go | G |. (17)
_ B . _ T
Pn-1= [ Pno-2m Pno-2  Pno-1 ] ,  (18)
o . . . T
Pn = [ Pn@  Pno+1 P(n+1)0-1 ] - 319

From (2), we have

Pn = X, Wy (20)
where w,, = [w(()") wf") wZ’U)] and
o Tno-1 *no-L,
Xn _ XnQ+1 XnQ an+.1—Lw
Xm+no-1  X@n+1)0-2 X(n+1)Q-(1+Ly)

Then, u,, can be expressed as
u, = GOf)n—l + éoxnwn = Gopn—l + Vnwn (21)

where V,, = GOXH. Note that p,,—; has been determined in
the n—1th block and is not influenced by the determination of
the FIR filter w,, in the nth block. Thus, when we determine
W, Pn-1 is fixed.

3.2 Cost Function and Adaptive Algorithm

If the average power E[|ux|?] can be kept constant, the PAPR
of uy is identical to the infinity-norm of the transmitted signal
vector u,. Thus, we can employ the infinity-norm of u, as
the cost function:

Joo(Wn) = [[p]lo = lutge|. (22)

max
nFyQ<k<(n+1)FsQ
We use a gradient descent algorithm to minimize Je(W;,)
because of its simplicity. We impose the norm constraint
[lwnll2 = 1, which keeps the average power constant and
prevents w, from converging to zero. When a gradient
descent algorithm is employed, a convex cost function is
desirable. However, the infinity norm cost function generally
has local minima.

Let us visualize the cost function J.(w,). We con-
sider an FIR filter with two weight coefficients w, =
[wé") wi")]T. Since Jo(W,) is invariant to a phase rota-
tion of w,, and ||w,|> = 1 holds, we can parameterize w,, as

1T
w, = [r Vl—rzef(’?] where 0 <r < 1,0 < 6, < 27
Figure 3(c) plots an example of J.(W,) as a function of r
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Fig.3  Examples of cost function.

and 6. As can be seen from this figure, the infinity-norm
cost function J, (W) is non-smooth and has multiple local
minima. Then, a gradient descent algorithm may be trapped
in an undesired minimum.

An approach to overcome this issue is to approximate
the infinity-norm cost function by the p-norm cost function
given by

|-

(n+1)F,0-1

o) =lwll, = > lwl”| (23)

k=nFsQ

This approximation has been successfully applied to the TR
method [9], the SLM method [10], and the PTS method [12].
Although the p-norm cost function is convex, local minima
can exist due to the norm constraint ||w,||> = 1. Figures 3(a)
and (b) show the examples of J, (w},) for p =8 and 64, respec-
tively. It can be observed that the smaller p is, the smoother
the cost function is. As p decreases, the shape of J,(wj)
deviates from that of J.(w,). This observation suggests
that J,(w,) with a properly chosen p well approximates
Joo(Wy). The weight coefficients obtained by minimizing
J, (w,;) might be suboptimal but can be expected to reduce
PAPR significantly.

The updation of the weight coefficients of the nth block
is performed by the gradient descent method given by

_itl _ i 0Jp(Wn)
W = Wn = K g
n
4 (n+1)Fs Q-1
=W = SUmllp)' ™ Y0 vidul”(24)
k=nFsQ
wirl = Wil /Wil (25)

where y is a step size and vy is the (k — nFyQ + 1)th row
of V,,. Given an initial value wg, the weight coefficients are
updated according to (24) and (25) until they converge or the
predetermined number of iterations is reached.

4. Channel Estimation

As mentioned in Sect.2, knowledge of the total channel
b]({") for each block is required for data demodulation. We
consider time-domain channel estimation by Least Squares

(LS) using pilot symbols known to the receiver. Let S be
an N, X 1 vector composed of N, pilot symbols. The DFT
outputs corresponding to the pilot symbols are extracted from
(11) and are expressed as

yn = SFLbn +zn (26)

where S = diag(§), Fy, is the N, x (Lp, + 1) matrix obtained
by extracting N, rows corresponding to pilot symbols from
F., and z, is a noise vector. The direct LS estimation of
the total channel b, needs at least L; + 1 pilot symbols.
However, L;, can be large, which can result in wastage of the
bandwidth. To reduce the number of required pilot symbols,
we consider the two channel estimation methods.

4.1 Estimation of Composite Channel

The total channel b,((") is composed of several subsystems as
shown in Fig. 4. Since the Nyquist pulse gi is known to the
receiver, it is sufficient to estimate a composite channel a,((")
composed of the FIR filter w,i") and the physical channel /.
First, we consider estimating the composite channel whose
impulse response is given by
T
a, = [ aé") ai") e a(L"a) ] = Hw, 27

where L, = Lj, + L,, is the order of the channel a]((") and H
is a Toeplitz matrix

ho 0 0
hi ho :
: 0 (La+1D)X(Ly+1)

H=| e | €C%e wtD - (28)
0 hyp,
0 0 hy, ]

Then, the total channel becomes b,, = Ga,, where G is also a
Toeplitz matrix of size (L +1) X (L, +1), whose first column
islgogi -+ gr,0 --- 01" and firstrow is [go O - - - 0]. The
LS estimation is given by

4, = arg min |7, — A4d,|3 (29)
an
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where A, = SF;.G € CYX(LatD) By solving (29), the
impulse response is obtained by

a, = (AA,)'Aly,. (30)

Since A, must have the full column rank, the required num-
ber of pilot symbols in each OFDM block is

Ny2Ls+1=Lp+Ly+1. 31D

4.2 Estimation of FIR Filter

When the physical channel /i changes very slowly, i.e., it
can be considered to remain constant for a long period, it

is sufficient to estimate only the FIR filter coeflicients w,i")

instead of a]i"). The DFT outputs in (26) can be rewritten
as ¥, = SF.GHw,, + Z,,. Similar to (29), we have the LS
estimation of w,, as

W, = (AFA,) Ay, (32)

where A, = SF; GH € CM*(Lw*D) " The required number
of the pilot symbols in each OFDM block for A, to have the
full column rank is

Np > Ly +1. (33)

The estimation (32) requires fewer pilot symbols than the
estimation (30) and thus, improves the bandwidth efficiency
reduction owing to the use of pilot symbols.

When we use the estimation method (32), we need to
estimate the physical channel A in advance. During the
estimation period for A, we should fix the value of w®
to a constant value. The number of pilot symbols for the
estimation of Ay is Ly + 1. Note that since it is sufficient to
perform the estimation only when the channel changes, the
loss due to the pilot symbols is not significant in a quasi-static
environment.

5. Simulation Results

Unless otherwise stated, the simulation parameters in Table 1
were used. The channel taps h; and the noise zx were
generated as complex Gaussian random variables. We set
the initial values as wO = [1 0 --- 0]7 and po = 0.

In Fig. 5, the convergence performances for various step
sizes are shown. The vertical axis represents the PAPR that
achieves Complementary Cumulative Distribution Functions

IEICE TRANS. FUNDAMENTALS, VOL.E102-A, NO.8 AUGUST 2019

Table 1  Simulation parameters.
Modulation scheme 16QAM
Number of subcarriers N 256
CP length P 64
Oversampling factor Fi 4
p-norm 64-norm
Number of iterations I 103
Step size u 1072
FIR filter order L, 20
Data symbol interval T 1077
Pulse truncation length M 8
Roll-off factor 8 0.5
Channel order Ly, 10
SSPA parameter p 2

PAPR at CCDF of 107

10° 10’ 10? 10° 10*
Number of iterations |

Fig.5 Convergence performance.

PAPR, at CCDF of 10"

I S R R I Lo I R
12 3 4 5 6 7 8 9 101112 13 14 15 16 17 18 19 20

FIR filter order L |

Fig.6  Effect of FIR filter order L,, and p.

(CCDF) of 1073, i.e., PAPR( of Pr(PAPR > PAPR,) = 1073.
In the case of u = 107!, PAPR is not reduced at all. PAPR
converges fastest when u = 1072 and reaches 4.9 dB at 10°
iterations.

Figure 6 shows the effect of the FIR filter order L,, for
various values of p. It is seen that the PAPR reduces as the
FIR filter order increases. When p = 8, the performance
is the worst. As mentioned in Sect. 3.2, this is because the
cost function with p = 8 differs greatly from the infinity
norm. The performance of p = oo also degrades because of
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Fig.8 Comparison with PTS.

the convergence to an undesired local minimum. The best
performance is obtained when p = 64. The best p depends
on conditions such as modulation scheme and the number
of subcarriers. The determination of an appropriate p is our
future research topic.

In Fig. 7, we show the CCDF of PAPR of the proposed
method for various values of L,,. It is seen that the PAPR
at CCDF of 1073 achieved by the proposed method with
L, = 20 is approximately 6.5dB lower than that without
PAPR reduction. For the sake of comparison, results of
the conventional APF method with n=8dB, 9dB, and A =
0.9 [14] are also shown. The conventional APF method
has only one adjustable parameter and its complexity found
in [14] is slightly lower than that of the proposed method.
However, as shown in this figure, its PAPR performance is
very limited compared to the proposed method.

We compare the proposed method with PTS [5]. In
Fig. 8, the PAPR for CCDF of 1073 of PTS is shown, where
the number of disjoint sub-blocks is V' = 4, 8 and the number
of allowed phase angles is W = 2,4, 8, and the PAPR curve
of the proposed method is same as that in Fig. 5. The larger
V or W is, the lower PAPR of PTS is. The proposed method
can achieve significantly lower PAPR than PTS.

The computational complexity (the number of multipli-
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Table 2  Complexity comparison.
[VW) ] Cers [ I | Crr
4,4 [34%x100] 7 [ 3.3x10°
4,8 | 26x10°] 8 | 3.8x10°
(8,2) | 1.2x10° [ 10 | 4.8x 105
8,4 | 1.5%x105 | 20 | 9.5x10°

—IBO=0dB
—1BO=3dB
—IBO=7dB
—Linear

—1BO=0dB
—IBO=3dB||
—IBO=7dB
—Linear

50 S S S S
0 25 5 75 10 125 15 175 20
Frequency [MHz]

(b) proposed(I = 10)

50 S S S S
0 25 5 75 10 125 15 17.5 20
Frequency [MHz]

(a) PTS(V =8 W =2)

Fig.9  PSD performance.

cations) of the PTS Cprs and the proposed method Cgr are
given by

Cprs = VNlog, N + WYL (VE,N + F,N), (34)
CrR = Nlng N+ H{F;Q0Q2q+ Ly +5)
+3(Ly + 1) +2}, (35)

where we set p = 29. Table 2 shows Cprs and Crr Where
the number of iterations 7 in (35) is identified from Fig. 8
such that the achieved PAPR of the proposed method at [ is
almost equal to that of PTS. The complexity of the proposed
method is remarkably lower than that of PTS. We could not
obtain the results for V > 8 or W > 8 owing to the huge
complexity of PTS.

Figure 9 shows the Power Spectrum Density (PSD) per-
formances of PTS and the proposed method. The PSD of
the proposed method fluctuates and is slightly worse than
that of PTS around 5 to 10 MHz when a linear ampli-
fier is used. This is because the proposed method uses a
truncated root Nyquist filter. If the pulse truncation length
M can be lengthened, the fluctuation can be reduced. In
Fig.9, PSDs are also shown when we use a Solid State
Power Amplifier (SSPA) whose AM/AM characteristic is

gx)=x (1 + (x/A)* e where A is the saturation level
and p controls the sharpness of the AM/AM curve, and input
backoff (IBO) is 0,3, and 7 dB. Except for the fluctuation of
the proposed method, the PSDs of the proposed method are
almost the same as those of PTS.

In Fig. 10, we show the relationship between PAPR and
BER where the perfect channel estimation is assumed and
Ey, /Ny = 40dB. Evidently, the proposed method has a trade-
off between PAPR and BER. If the iteration is stopped when
a required BER is achieved, the resulting PAPR of the FIR
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Fig.10  Relationship between PAPR and BER.
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Fig.11  MSE performance.

filter with a larger order L, is lower than that with a smaller
order. For example, when BER=10"*, PAPRy of L,, = 5 and
20 are 8.3 dB and 6.4 dB, respectively. However, as shown
in (33), the number of pilot symbols required for estimation
is increased for a large FIR filter order.

Figure 11 shows the Mean Squared Error (MSE) per-
formance of the channel estimation methods discussed in
Sect. 4, where the number of iterations / = 10. MSE is
defined by

MSE = b, — b, |13/Ib,l13, (36)

where b, = Ga,, for (30) and b,, = GHW,, for (32) with the
perfect knowledge of h;. The number of pilot symbols is
N, =L,+1=31for(30)and N, = L, +1 = 21 for (32). In
both cases, MSE decreases as Ej, /Ny increases. MSE of the
composite channel estimation is lower than that of the FIR
filter estimation because the former uses more pilot symbols.

Figure 12 shows the influence of the channel estimation
on BER. It is observed that if the channel is perfectly esti-
mated, the degradation of the proposed method is insignif-
icant when compared to the case without PAPR reduction.
When the estimated channels are used, the performance de-
grades by approximately 4 dB. Although it can be improved
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by using more pilot symbols, this results in a spectral effi-
ciency loss. We also observe that although the number of
pilot symbols required for the FIR filter estimation (32) is
fewer than that for the composite channel estimation (30),
their BER performances are almost identical to each other.

In Fig. 13, the BER performances are shown when
SSPA is used. When IBO is 0 and 3 dB, the proposed method
shows superior performance compared to the original OFDM
without PAPR reduction. When IBO is 7 dB, the BER of the
proposed method is almost the same as that without PAPR
reduction.

Finally, let us explain the limitations of the proposed
method. First, as shown in Fig. 6, PAPR performance im-
proves as the FIR filter order L,, increases. However, the
increase of L, leads to the increase of both the number of
pilot symbols N, in (33) and the computational complexity
Crr in (35). Second, as shown in Fig. 10, the BER perfor-
mance deteriorates as the PAPR performance improves. It
is desirable that BER is independent of PAPR. It is worth
investigating how to overcome these limitations.

6. Conclusion

In this study, we proposed an adaptive FIR filter based PAPR
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reduction method in the OFDM systems. The weight coef-
ficients of the FIR filter are determined by minimizing the
p-norm of the transmitted signal vector by a gradient descent
method. It was shown that PAPR significantly reduces as the
FIR filter order increases if p is chosen properly. Moreover,
the proposed method achieves a lower PAPR compared to
the PTS method, while the complexity is significantly re-
duced. A simulation result suggested that we should take
into account not only PAPR, but also BER. We presented
two channel estimation methods using pilot symbols. It was
shown that the BER performance using the estimated chan-
nel is close to the ideal case.

Improving the channel estimation performance with
fewer pilot symbols is a challenging prospect. One approach
is to employ a blind channel estimation method [16]. How-
ever, the blind method is too complex computationally to be
implemented in small terminals. It is worth developing a
simple blind method.
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