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Abstract—This paper deals with channel-estimation for orthogonal frequency division multiplexing (OFDM) in time-variant
wireless propagation channels. We particularly consider the
challenges of the IEEE 802.11p standard, the world-wide dominant system for vehicular communications. For historic reasons,
802.11p uses a pilot pattern that is identical to the one used in
802.11a, which was initially designed for the estimation of indoor
channels with no or little time variations. Therefore, this pilot
pattern violates the sampling theorem for channels with both,
large delay spread and large Doppler spread, as often occurs in
vehicular communications. To remedy this problem, we design a
robust iterative channel estimator based on a two-dimensional
subspace spanned by generalized discrete prolate spheroidal
sequences. Due to the tight subspace design the iterative receiver
is able to converge to the same bit error rate as a receiver with
perfect channel knowledge. Furthermore, we propose a backward
compatible modification of the 802.11p pilot pattern such that the
number of iterations sufficient for convergence can be reduced
by a factor of two to three, strongly reducing implementation
complexity.
Index Terms—Time-variant channel estimation, generalized
discrete prolate spheroidal sequences, IEEE 802.11p, intelligent
transportation system, wireless vehicular communications.

I. I NTRODUCTION
Wireless communications for vehicle-to-vehicle or vehicleto-infrastructure scenarios has many important applications,
including collision avoidance, reduction of traffic congestion,
wrong-way driving warning as well as enabling e-mobility
[1], and thus has drawn great attention in the past years. An
international standard, Wireless Access in Vehicular Environments (WAVE) [2] has been developed. Its physical-layer is
based on the 802.11p standard [3]. It is the main candidate
for implementation by major car manufacturers, and also
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supported by various programs in particular in the European
Union and Japan.
A main challenge of vehicular communications are the
rapidly changing radio propagation conditions. Many measurement campaigns have demonstrated high Doppler and delay
spreads, and even non-stationarities of the channel statistics,
see [1], [4] for an overview and further references. Consequently, robust channel estimation is especially important, but
also especially difficult, in such an environment.
The challenges are exacerbated by the design of training
signals in the 802.11p standard. In order to exploit existing
chip designs and economies of scale, this standard is virtually
identical to the well-known IEEE 802.11a/g (WiFi) standard.
However, while the training signal design works well for the
environments where WiFi is normally operating in (indoor
environments with little or no mobility), it does not work in
conjunction with standard channel estimation techniques in
many vehicular propagation channels, namely those that have
both a large delay spread and Doppler spread.
To combat difficulties in time-variant wireless channels, we
can exploit the fact that the time-variant frequency-selective
impulse responses of the channels are restricted to lowdimensional subspaces. Further improvements can be achieved
by iterations between channel estimation and symbol decisions.
Related Literature:
A number of publications investigate the performance of
802.11p [1], [5]–[7] in realistic vehicular channel with both,
large delay and Doppler spread, demonstrating the need for
improved algorithms. Parallel to the present work [8] shows an
improved orthogonal frequency division multiplexing (OFDM)
symbol wise decision directed channel estimation method that
does not need a standard modification but is limited to frame
error rates in the order of 10−1 . In [9] OFDM symbol wise
decision together with smoothing in the frequency domain and
antenna diversity is investigated. In [10] a modified physical
layer in the form of time-domain differential modulation is
proposed to remove the need for time-variant channel estimation. The insertion of additional pilot symbols is advocated in
a non-backward compatible fashion in [11] and [12].
However, it turns out that it is difficult to reach a frame
error rate (FER) below 10−1 in vehicular channels with the
802.11p pilot pattern. Hence, low-complexity robust frame
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based channel estimation methods must be investigated such
that the correlation of the fading process can be exploited
jointly in time and frequency. At the same time the algorithm
must be also robust towards the non-stationary nature of the
vehicular communication channel.
A number of existing papers deal with channel estimation
in time-variant channels based on subspaces. In [13] a lowdimensional subspace spanned by discrete prolate spheroidal
(DPS) sequences [14] is used. The subspace is designed
according to the given maximum normalized Doppler shift
νDmax = vmax fC TS /c0 , which is determined by the maximum
velocity vmax , the carrier frequency fC , the speed of light c0 ,
and the symbol duration TS . The square channel estimation
bias obtained with the Slepian basis expansion is more than
a magnitude smaller compared to the Fourier basis expansion
(i.e., a truncated discrete Fourier transform) [15].
While [13] estimates the Slepian basis expansion coefficients individually for every subcarrier in an OFDM system
further improvements can be obtained by exploiting the correlation between the individual subcarriers in the frequencydomain. For this purpose a truncated Fourier transform was
used in [16]. However, this approach is optimal only for
sample-spaced path delays. For more realistic real-valued
path delays Edfors et al. [17] exploited the correlation in
the frequency-domain by using the singular value decomposition of the channels covariance matrix which is assumed
to be known. In [18] the singular value decomposition was
calculated in an adaptive manner using an estimate of the
covariance matrix. In [19], [20] a two-dimensional Wiener
filter is employed for time and frequency selective channel
estimation.
Iterative channel estimation, i.e., alternate payload data estimation and channel estimation has been discussed in a number
of papers, see, e.g., [21]–[26]. The two-dimensional Wiener
filter is employed for iterative channel estimation in [27].
In [27] a reduced complexity singular value decomposition
(SVD) based low-rank approximation [28], [29] is shown as
well.
In [30] two successive Slepian subspace projections are used
for time-variant frequency-selective channel estimation. This
allows exploiting the correlation in the time- and frequencydomain without the need to estimate the channel covariance
function and to perform an SVD. A two dimensional projection
on a fixed Slepian subspace is further explored in [31].
However, the subspace in the frequency-domain is chosen
twice as large as necessary, cf. [31, paragraph after (2)].
Contributions of the Paper:
•

•

We further tighten the two dimensional subspace of [31]
by using generalized DPS sequences [32] that allow for
a generalized non-symmetric (and even discontiguous)
band-limit in the time- and frequency-domain. With a
tight subspace we can further reduce the channel estimation mean square error (MSE).
We validate the time-variant channel estimator using a
geometry-based stochastic channel model (GSCM) in an
802.11p compliant link level simulation [33]. The channel

•

•

model is obtained from vehicular channel measurements
[34].
We show that, with a tight subspace design, near-optimal
channel estimation can be still obtained iteratively in an
802.11p compliant system, despite the above-mentioned
deficiencies of the training-signal design in this standard.
Finally, we propose a transparent, backward-compatible
extension to the 802.11p standard allowing for reduced
complexity channel estimation. This is achieved by
adding an additional OFDM pilot symbol to the end of
the otherwise standard compliant frame and by utilizing
one of the reserved header bits.

Notation:
We denote a scalar by a, a column vector by a and its i-th
element with a[i]. Similarly, we denote a matrix by A and
its (i, ℓ)-th element by [A]i,ℓ . The transpose of A is given
by AT and its conjugate transpose by AH . A diagonal matrix
with elements a[i] is written as diag(a) and the Q×Q identity
matrix as I Q . The absolute value of a is denoted by |a| and its
complex conjugate by a∗ . The largest (smallest) integer that is
lower (greater) or equal than a ∈ R is denoted by ⌊a⌋ (⌈a⌉).
We denote the set of all integers by Z, the set of real numbers
by R and the set of complex numbers by C.
Organization of the Paper:
The OFDM signal model is presented in Section II. In Section III we introduce the geometry-based stochastic channel
model used to simulate the time-variant impulse response of
a vehicular communication channel. For channel estimation
at the receiver side a subspace channel model based on
generalized DPS sequences is presented in Section IV and the
corresponding iterative estimator in Section V. In Section VI
the 802.11p pilot pattern and our proposed enhancement
are discussed. The numeric simulation results are shown in
Section VII, together with a discussion of the iterative receiver
complexity. We draw conclusions in Section VIII.
II. S IGNAL M ODEL
We consider the equalization and detection problem for
an OFDM link [35], [36]. The OFDM system utilizes N
subcarriers and a cyclic prefix with length G. The transmission
is frame-oriented with frame length M , utilizes a bandwidth
B and the sampling rate at the receiver side 1/TC = B. The
OFDM symbol duration is given by TS = (N + G)TC .
Each frame contains S = |S| coded data symbols
b[m, q] ∀ [m, q] ∈ S where m ∈ IM = {0, . . . , M − 1}
denotes the discrete time at rate 1/TS , q ∈ IN denotes
the subcarrier index with frequency spacing 1/(TC N ) and S
the two dimensional data symbol position index set in the
time-frequency plane, respectively. For [m, q] ∈
/ S we define
b[m, q] = 0.
A binary information sequence χ[m′′ ] of length 2SRC is
convolutionaly encoded with code rate RC resulting in a
sequence of code bits c[m′ ], see Fig. 1. After interleaving
and quadrature phase shift keying (QPSK) modulation with
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χ[m′′ ]
Data

c[m′ ]
Encoder

Interl.

interference is expected to have only a minor impact on
the receiver performance. For the channel simulation we use
g ′ [n, q] sampled at rate 1/TC, hence all inter-carrier interference effects are fully present in the received signal.
The received signal after cyclic prefix removal and discrete
Fourier transform is

Mapper

b[m, q]
MUX
N

IFFT
cyclic prefix

P/S
N +G

y[m, q] = g[m, q]d[m, q] + z[m, q] ,
p[m, q]
Fig. 1.
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where circularly symmetric complex white Gaussian noise
with zero mean and covariance σz2 is denoted by z[m, q]. The
output of an minimum MSE equalizer

Model of the OFDM transmitter.

Gray labeling the data symbols are mapped on the OFDM
time-frequency grid ,
1
b[Ss ] = √ (c[2s] + jc[2s + 1]) ∀s ∈ IS ,
2

(1)

where Ss denoted the s-th element [ms , qs ] of the set S in the
OFDM time-frequency grid.
In each frame J = |P| pilot symbols p[m, q] ∀ [m, q] ∈ P
are transmitted, where P denotes the pilot symbol position
index. For [m, q] ∈
/ P we define p[m, q] = 0. The two sets
P and S are non-overlapping. The pilot symbols p[m, q] are
added, giving
d[m, q] = b[m, q] + p[m, q] .

(2)

Subsequently, an N -point inverse discrete Fourier transform
is carried out and a cyclic prefix of length G is inserted. An
OFDM symbol, including the cyclic prefix, has length N + G
samples.
The time-variant frequency response
g(t, f ) = gTx (f )gPh (t, f )gRx (f )

(3)

contains the effects of the physical (non band-limited) channel
gPh (t, f ), as well as the band-limiting filter at the transmitter
side gTx (f ) and the receiver side gRx (f ), respectively. The
sampled time-variant frequency response, used for channel
simulation, is defined as
g ′ [n, q] := g(nTC , ϕ(q)/(N TC )) .

(6)

(4)

The function ϕ(q) = ((q + N/2 mod N ) − N/2) maps the
subcarrier index q ∈ {0, . . . , N −1} into the discrete frequency
index ϕ = {0, . . . , N/2 − 1, −N/2, . . . , −1}.
Generally, in an OFDM system inter-carrier inteference is
caused by a time-variant channel impulse response. However,
if the normalized Doppler bandwidth νD stays below a fraction
ǫ = 5 · 10−1 of the normalized subcarrier bandwidth
νD N
<ǫ
(5)
N +G
the inter-carrier interference is small enough to be neglected
for the processing at the receiver side [37]–[39].
This condition is well fulfilled for IEEE 802.11p systems
up to a velocity of about 1440 km/h ≈ 400 m/s. Hence,
we are able to define the sampled time-variant channel as
g[m, q] := g(m(N + G)TC , ϕ(q)/(N TC )) = g ′ [m(N + G), q],
temporally sampled at rate (N + G)/TC for the processing
at the receive side. We can do this since the intercarrier

∗
ˆ q] = y[m, q]ĝ[m, q]
d[m,
2
2
σz + |ĝ[m, q]|

(7)

is used as input to a BCJR decoder [40] after de-mapping
and de-interleaving. In (7) we denote by ĝ[m, q] the channel
estimate at time index m and subcarrier index q.
III. G EOMETRY-BASED S TOCHASTIC M ODEL FOR
W IRELESS WAVE P ROPAGATION
The time-variant frequency response
g(t, f ) = gTx (f )

P
−1
X

ηℓ (t)e

−j2πτℓ (t)f

ℓ=0

|

{z

!

gRx (f )

(8)

}

gPh (t,f )

can be described as the superposition of P individual paths,
given P is sufficiently large. Each path is characterized by
the complex time-variant weighting coefficient ηℓ (t) and its
real-valued time-variant delay τℓ (t).
We can approximate the non-stationary fading process as
wide-sense stationary for the duration of a single OFDM frame
m ∈ IM and q ∈ IN [41], [42]. Hence, we model the timevariant path delay as τℓ (t) = τℓ (0) − fℓ t/fC for the duration
of M TS where fℓ denotes the Doppler shift of path ℓ. With
this assumption and using (4) we obtain
g ′ [n, q] = gTx [q]gRx [q]

P
−1
X

ηℓ e−j2πθℓ ϕ(q) ej2πνℓ n/(N +G) , (9)

ℓ=0

|

{z

gPh [n,q]

}

where νℓ = fℓ TS denotes the normalized Doppler shift and
θℓ = τℓ (0)/(N TC ) the normalized path delay, respectively.
The geometry-based wireless wave propagation model (9)
is the basic foundation for accurate emulation of vehicular
wireless wave propagation properties. It was validated for
modeling wireless communication channels for cellular [43]–
[45] as well as vehicular communication systems [34].
As shown in previous investigations [34], [46], the channel
response in vehicular environments consists of the sum of
contributions coming from different reflecting objects, each
one with strongly different statistical properties. The most
important contributions stem from (i) the line-of-sight (LOS)
path between transmitter and receiver, (ii) discrete objects,
either mobile (MD) or static (SD) producing reflections with a
larger time delay and (iii) diffuse scattering (D) coming from
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reflections on side walls of the road. Therefore we can rewrite
gPh [n, q] as
(LOS)

gPh [n, q] =η0(LOS) [n]e−j2πθ0
NSD
X

ℓ=1
N
MD
X
ℓ=1
ND
X

ϕ(q) j2πν0(LOS) n/(N +G)

e

−j2πθℓ(SD) ϕ(q)

ηℓ(SD) [n]e

(MD)

ηℓ(MD) [n]e−j2πθℓ
(D)

ηℓ(D) [n]e−j2πθℓ

e

+

j2πνℓ(SD) n/(N +G)

e

e

|W| =

+

ϕ(q) j2πνℓ(MD) n/(N +G)

ϕ(q) j2πνℓ(D) n/(N +G)

,

+

(10)

ℓ=1

where NSD , NMD , and ND denote the number of scattering objects (SD, MD, and D), c.f. [34, (9)]. The detailed
parametrization of (10) will be discussed in Section VII-B2.
IV. G ENERALIZED D ISCRETE P ROLATE S PHEROIDAL
S UBSPACE C HANNEL M ODEL
We consider an OFDM system transmitting data-frames
over a time-variant frequency-selective channel. Pilot symbols
are interleaved with data symbols in the time frequency
plane. Hence, we can observe the time-variant and frequencyselective channel for a certain region in time and frequency
during the transmission of a single frame.
For channel estimation we are interested to represent the
channel in time and frequency by a low dimensional subspace
such that a low-complexity reduced-rank (robust) Wiener filter
[29] can be employed. For channel estimation we are interested
to design a subspace that minimizes the MSE. In general this
requires the knowledge of the second order statistics. The
eigenvectors of the covariance matrix, the Karhunen-Loéve
expansion [47], are the optimal basis functions spanning the
subspace; see [17] for a treatment in the frequency-domain
and [32, Section III.C] for the time-domain approach, respectively. However, vehicular communication channels show
local-stationarity only, i.e., their second-order statistics can
change rapidly. Hence, estimation of second order statistics
in frame based communication systems is either difficult or
impossible.
Below, in Section IV-A, we introduce the concept of generalized DPS sequences and we motivate and explain their
application for a two dimensional subspace model for timevariant frequency-selective channels in Section IV-B.
A. Generalized Discrete Prolate Spheroidal Sequences
The subspace U spanned by time-limited snapshots of a
band-limited (flat) fading process has an essential dimension
given by the time-bandwidth product [32]
D′ (W, M ) = ⌈|W|M ⌉ + 1 ,

(11)

where the interval
W=

I
[

i=1

Bi = B1 ∪ B2 ∪ . . . ∪ BI

i ∈ {1, . . . , I} and with ν11 ≤ ν12 ≤ . . . ≤ νI1 ≤ νI2 . The
Lebesgue measure of W reads

(12)

defines the bandlimit [32, (16)] potentially consisting of I
disjoint intervals. Each interval is defined as Bi = (νi1 , νi2 ),

I
X
i=1

(νi2 − νi1 ) .

(13)

The same subspace U is also spanned by generalized DPS
sequences {ui [m, W, M ]}, i ∈ {0, . . . , M − 1}}, time-limited
to m ∈ IM . The generalized DPS sequences are band-limited
to the region W and their energy is most concentrated in the
interval IM , see [32, Definition 2]. They are the solutions to
M−1
X
ℓ=0

C[ℓ − m, W]ui [ℓ, W, M ] = λi (W, M )ui [m, W, M ]
(14)

for m ∈ Z, where
C[k, W] =
and
λi (W, M ) =

Z

ej2πkν d ν ,

(15)

W

M−1
P
m=0
∞
P

|ui [m, W, M ]|2

m=−∞

(16)

|ui [m, W, M ]|2

denotes the i-th ordered eigenvalue also representing the
energy concentration of ui [m, W, M ] within IM .
Note that C[k, W] is proportional to the covariance function
of a process exhibiting a constant spectrum with support W.
Equation (15) evaluates to
C[k, W] =

I

1 X j2πkνi2
− ej2πkνi1
e
j2πk i=1

(17)

if the band-limiting region W consists of I disjoint intervals.
B. Two Dimensional Generalized DPS Channel Model
For a highly oversampled fading process |W| ≪ 1 the
essential subspace dimension D′ (W, M ) ≪ M . This is the
typical situation for modern high rate communication systems.
Due to the small degrees of freedom the detailed shape of
the power spectral density becomes less important for the
estimation error. Hence, the support of the power spectral
density is the crucial parameter for the subspace design [13],
[32], only. A similar reasoning was used for a robust Wiener
filter design in [19], [48].
Motivated by the structure of (9) we will represent g[m, q]
using a two dimensional subspace model
g[m, q] ≈

f −1
D
t −1 D
X
X

i=0

k=0

ui [m, Wt , M ]

N
, Wf , N ]ψi,k , (18)
2
where {ui [m, Wt , M ], m ∈ IM , i ∈ IDt } spans the timedomain subspace and {uk [q, Wf , N ], q ∈ IN , k ∈ IDf } spans
the frequency-domain subspace [30]. The generalized DPS
coefficients are denoted by ψi,k .
The time-domain subspace {ui [m, Wt , M ], m ∈ IM , i ∈
IDt } models a sequence in time, i.e., the channel coefficients
· uk [ϕ(q) +
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We collect the received data values y[m, q] for all m and q
in one vector

2νDmax

y = [y[0, 0], . . . , y[0, N − 1], y[1, 0], . . . , y[1, N − 1],

ν
−νDmax
Fig. 2.

0

. . . , y[M − 1, 0], . . . , y[M − 1, N − 1]]T . (23)

νDmax

Similarly we define vector d containing the data values d[m, q]
and the noise vector z containing the noise values z[m, q].
We define the vector

Symmetric time-domain subspace Wt = [−νDmax , νDmax ].

f [m, Wt , M ] = [u0 [m, Wt , M ], . . . , uDt −1 [m, Wt , M ]]T
(24)
containing the elements of the generalized DPS basis functions
for a given time index m.
Finally, we define the M N × Dt Df matrix

θmax

0
Fig. 3.

θmax

θ



Asymmetric frequency-domain subspace Wf = [0, θmax ].

g[m, q] for a single subcarrier q and a finite time-period
m ∈ IM . The time-domain subspace is parametrized by
the maximum support of the Doppler power spectral density
Wt = [−νDmax , νDmax ], see Fig. 2.
Similarly,
the
frequency-domain
subspace
{uk [q, Wf , N ], q ∈ IN , k ∈ IDf } models g[m, q] for a
single OFDM symbol m and a finite frequency-interval
q ∈ IN . The frequency-domain subspace is parametrized
by the maximum support of the power delay profile
Wf = [0, θmax ], where θmax = τmax /(N TC ) and τmax is the
maximum excess delay, see Fig. 3.
The subspace dimensions Dt (Wt , M ) and Df (Wf , N )
minimizing the MSE for a given SNR can be expressed as
[32], [49]
D(W, M ) =

argmin
D∈{1,...,M}

M−1
X
1
λi (W, M )
|W|M
i=D

D
+ σn2 . (19)
M

V. I TERATIVE C HANNEL E STIMATION
After inserting the subspace channel model (18) into the
signal model (6) we obtain
y[m, q] =

f −1
t −1 D
 DX
X

i=0

k=0

5










D = D









y = Dψ + z.

˜ q] = b̃[m, q] + p[m, q]
d[m,

(21)

ψ i = [ψi,0 , . . . , ψi,Df −1 ]T .

(22)

where

(26)

(27)

containing the soft symbol feedback b̃[m, q].
The soft symbols b̃[m, q] are defined according to
b̃[Ss ] = E(APP) {b[Ss ]}
b


1
(APP)
(APP)
√
=
{c[2s]} + jE
{c[2s + 1]}
E
c
2 c

(28)
(29)

for s ∈ IS , where
(APP)

ψ = [ψ T0 , . . . , ψ TDt −1 ]T ,










 (25)









We use the soft-symbol feedback from the BCJR decoder
[40] to enhance the channel estimates iteratively. In the first
iteration only the pilots are used. We define D̃ similar to (25),
where we substitute d[m, q] collected in d with

c


N
· uk [ϕ(q) + , Wf , N ]ψi,k d[m, q] + z[m, q] . (20)
2
Using the generalized DPS sequences, our channel estimation
problem is reduced to estimating the coefficients ψi,k . Note
that Dt Df ≪ N M .
For the purpose of estimating the generalized DPS coefficients ψi,k we rewrite (20) in matrix vector notation as follows.
We collect the coefficient ψi,k in the vector



where D = diag(d), allowing to write the signal model for
estimating the generalized DPS coefficient vector ψ as

E

ui [m, Wt , M ]

, Wf , N ]T
f [0, Wt , M ]T ⊗ f [ϕ(0) + N
2
.
..
T
f [M − 1, Wt , M ] ⊗ f [ϕ(0) + N
, Wf , N ]T
2
..
.
.
..
T
f [0, Wt , M ] ⊗ f [ϕ(N − 1) + N
, Wf , N ]T
2
..
.
T
, Wf , N ]T
f [M − 1, Wt , M ] ⊗ f [ϕ(N − 1) + N
2

{c[m′ ]} = 2Pr(APP) {c[m′ ] = +1 | ĉ[m′ ]} − 1

(30)

calculates the expectation over the alphabet of c which is
{−1, +1}. By Pr(APP) we denote the a-posterior probability
(APP) for the code symbol being +1 if ĉ[m′ ] is observed,
ˆ q] after
where ĉ[m′ ] is obtained from the equalizer output d[m,
de-mapping and de-interleaving [24], see also Fig. 5.
The linear minimum mean square error (MMSE) estimator
for the generalized DPS coefficients ψ can be expressed as
 H
−1 H
D̃ ∆−1 y
(31)
ψ̂ = D̃ ∆−1 D̃ + Cψ −1
following the derivation in [24, (30)-(39)], where
Cψ =

1
diag (λ(Wt , M ) ⊗ λ (Wf , N )) ,
|Wt ||Wf |

(32)
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λ(Wt , M ) = [λ0 (Wt , M ), . . . , λDt (Wt , M )]T ,

(33)

q

6

pilot
data
header
postamble

[∆]m+Mq,m+Mq = σz2 +
·

D
f −1
t −1 D
X
X
k=0

frequency

and
1
|Wt ||Wf |

λi (Wt , M )λk (Wf , N )

i=0

· |ui [m, Wt , M ]uk [ϕ(q) + N/2, Wf , N ]|2
˜ q]|2 ) . (34)
· (1 − |d[m,

m
time

Fig. 4. Pilot pattern in an 802.11 OFDM frame, extended by the proposed
transparent postamble.

VI. P ILOT PATTERN D ESIGN
In time-variant channels, the channel coefficients change
between OFDM symbols within a frame, which needs to be
tracked by the channel estimator. This is particularly true for
vehicular settings, where high Doppler spreads of the channel
are to be expected. In these cases, the pilot structure plays a
significant role on how well these changes can be tracked by
a channel estimator.
As discussed in [1] the pilot placement in the timefrequency grid in general needs to fulfill the sampling theorem.
The maximum excess delay τmax determines how dense pilot
symbols must be transmitted in the frequency-domain. Hence,
the maximum pilot spacing ∆f (no. of subcarriers) shall
satisfy
N
∆f ≤
.
(35)
τmax B
The Doppler spread determines how dense pilot symbols must
be placed in time. The maximum spacing ∆t (no. of OFDM
symbols) shall satisfy
∆t ≤

B
.
2fD (N + G)

(36)

Optimal pilot placement is discussed in [50], [51].
A. Standard IEEE 802.11p Pilot Pattern
The pilot pattern of the IEEE 802.11 OFDM frame [3],
[52] is shown in Fig. 4. After the so-called “short preamble”
(not shown) for coarse timing estimation, the “long preamble”
consists of two OFDM symbols containing pilot symbols, only.
Additionally, four subcarriers are containing pilots throughout
the whole OFDM frame. This pilot structure is usually termed
a “block-comb” structure. It is particularly suited for quasistatic channels, where the block pilots are used for an initial
channel estimate, while the comb pilots shall ensure tracking
of the phase for carrier frequency offset compensation.
Using the bound (35) we can see that for a time-variant
channel having an impulse response with τmax > 490 ns the
802.11p pilot pattern will cause a degradation of the channel
estimates due to aliasing.
For iterative receiver structures as discussed in this paper
the bounds (35) and (36) can be relaxed since the fedback soft symbols are used as additional pilot information.
However, if (35) and (36) are strongly violated, the number of iterations until convergence increases or the iterative
receiver convergence stops early [53]. In Section VII we

provide numeric simulation results further detailing the effect
of the 802.11p pilot pattern on iterative channel estimation in
vehicular channels.
B. Improved Pilot Pattern
The increased number of iterations needed due to the
802.11p pilot pattern that violates (35) and (36) leads to high
computational complexity for the hardware design. For this
reason, we advocate to use an improved pilot symbol pattern,
by appending another OFDM pilot symbol as postamble to
the OFDM frame as indicated in Fig. 4. The existence of this
postamble is announced in the “reserved” bit of the header
structure [3].
It is known that this choice is still suboptimal for channel
tracking [50], [51]. However, the advantage of this choice
is that this pilot pattern is backwards compatible to the
established standard:
• New receivers check the value of the “reserved” bit in
the header. When set, the postamble is used for improved
channel estimation.
• Conventional receivers ignore the “reserved” bit, but
obtain the number of OFDM symbols in a frame from
the “length” field of the header. By that, they are simply
ignoring the postamble.
With the postamble the maximum excess delay is now
determined by the cyclic prefix
τmax < G/B

(37)

and the maximum Doppler bandwidth depends on the frame
length M ,
fDmax < B/(2M (N + G)) .
(38)
VII. N UMERIC S IMULATION R ESULTS
In this section we present numerical simulation results
obtained with an 802.11p compliant link level simulation.
A. IEEE 802.11p Link Level Simulator
An 802.11p [3] compliant link level simulator implemented
in MATLAB is used to evaluate the iterative time-variant
channel estimator. The building blocks of the simulator are
depicted in Fig. 5, showing the transmitter, channel model,
and receiver with iterative channel estimation.
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Fig. 5. Schematic structure of the 802.11p link-level simulator with iterative
channel estimation.

The 802.11p standard uses a system bandwidth B =
10 MHz, the cyclic prefix has length G = 16 samples,
corresponding to a maximum tolerable excess delay of 1.6 µs
(or 480 m propagation distance). Of the N = 64 subcarriers
only 52 are utilized for data transmission to provide an upper
and lower guard band. We assume a carrier frequency of
fC = 5.9 GHz.
The 802.11p standard supports eight different coding and
modulation schemes, that allow for data rate adaptation ranging from 3 to 27 Mb/s [1, Sec. III.B]. In this paper we present
results using coding and modulation scheme 3 at 6 Mb/s.
This scheme uses quadrature phase shift keying (QPSK) (with
symbol mapper rate RS = 2) and a convolutional code with
constraint length 7 and code rate RC = 1/2.
We present simulation results for two different types of
channel models for a vehicle driving at v = 100 km/h ≈
28 m/s ≈ 62 mph communicating with a fixed infrastructure
access point (vehicle-to-infrastructure):
1) A Rayleigh fading channel with an exponentially decaying power delay profile with root mean square (RMS)
delay spread τRMS = 0.4 µs and a Clarke Doppler
spectrum [54] for each tap modeling a non line-ofsight scenario (e.g. the line-of-sight to the infrastructure
access point is blocked by another vehicle). This model
is similar to the ”RTV-Expressway” tap delay line model
described in [55].
2) A geometry-based stochastic channel model (GSCM)
[34] implementing a vehicle-to-infrastructure scenario
shown in [1, Fig. 18] that allows to model the nonstationary properties of the vehicle-to-infrastructure link
with a dominant line-of-sight propagation path (e.g. the
access point is mounted on an elevated position on a
motorway gantry).
Both channel models are implemented using fourfold oversampling. The bit-error-rate (BER) results will be shown
versus Eb /N0 where Eb denotes the energy per bit and N0
denotes the noise power spectral density. Hence, we calculate
the variance of the additive symmetric complex white Gaussian

N
Eb
1
=
RS RC
σz2
N0
N +G
·

M′
NDa
, (39)
′
M + MPr + MH + MPo NDa + NPi

where M ′ , MPr , MH , and MPo are the number of OFDM
symbols contained in the data, preamble, header, and postamble fields, respectively. The number of data subcarriers is
denoted by NDa and the number of pilot subcarriers by
NPi . For all simulations, NDa = 48, NPi = 4, MPr = 2,
MH = 1 and MPo ∈ {0, 1} depending on the presence
of the postamble pilot OFDM symbol. This corrects for the
additional transmit energy used for the cyclic prefix, pilots and
header information. The generated channel impulse responses
are normalized1 to have average energy 1. Expressed by the
time-variant frequency response it reads
(N −1
)
X
2
=N,
(40)
|g[m, q]|
E
m

q=0

due to Parcevals’s theorem. The transmitter sends a frame
containing {200, 400, 800} bytes, which corresponds to a total
frame length of M = {37, 71, 137} OFDM symbols without
postamble and M = {38, 72, 138} with postamble, respectively. The presented results are averaged over 500 channel
realizations for the non line-of-sight and over 1000 channel
realization for the line-of-sight scenario, respectively.
For the parameters of 802.11p and M = 37, (37) and
(38) provide the following bounds: τmax < 1.6 µs and fD <
1.6 kHz (300 km/h). These are sufficient for most vehicular
scenarios
B. Simulation Results
We will compare our simulations results with the base
line performance shown in [1, Fig. 21] for the exponentially
decaying power delay profile and Clarke’s Doppler spectrum
in non line-of-sight situations and with [1, Fig. 22] for the
non-stationary model with strong line-of-sight component.
In both cases a non-iterative least-square or linear minimum
MSE estimator was used in [1] to demonstrate the current
performance of common-of-the-shelf chip sets. A bit error
floor at 10−1 for the non line-of-sight case and at 10−4 for the
line-of-sight case at an Eb /N0 > 20 dB was found in [1] due
to the bad match of the 802.11p pilot pattern to a time-variant
vehicular channel. A similar result is also reported in [56].
In the following we will present numeric simulation results
demonstrating the improved performance of the iterative receiver developed in this paper and the benefit of the modified
backward compatible pilot pattern.
1) Vehicular non Line-of-Sight Scenario: Figure 6 shows
the BER versus Eb /N0 using the 802.11p compliant pilot
pattern for channel estimation. The solid line without markers
shows the BER with perfect channel state information (CSI) at
the receiver side. The line with the circle markers shows the
1 For the GSCM (10) the normalization can be achieved since the attenuation
of each path ηℓ is known.
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Fig. 6. Bit error rate (BER) versus Eb /N0 for iteration {1, . . . , 5} for a
frame length M = 37, full 802.11p compliant (no postamble). The vehicles
moves at v = 100 km/h, the channel model uses a Clarke Doppler profile for
each channel tap. The power delay profile is exponentially decaying with root
mean square delay spread 0.4 µs modeling a Rayleigh fading non line-of-sight
scenario.

BER performance after the first iteration. Hence, a receiver
without iterative channel estimation shows poor performance,
with a BER of about 10−1 at Eb /N0 = 11 dB. Additionally,
we show the base line performance from [1, Fig. 21] for (i) the
block least square estimator (block LS) where only the first
two pilot symbols are used for channel estimation and (ii)
the block comb MMSE estimator where the four comb pilot
subcarriers are employed to estimate the channel covariance
function used then for MMSE channel estimation.
For a practical communication system the frame error rate
(FER) is of high importance. In Fig. 7 we show the FER for
the same scenario as in Fig. 6. Clearly, most frames can be
received without error and only a small number of frames
contain multiple errors. Hence the bit-errors occur in bursts
due to the time and frequency selective channel.
When the receiver makes re-use of the already decoded bits
and their associated APPs, by running the receiver algorithm
iteratively the FER decreases and approaches the one for
perfect CSI. We obtain FERs below 10−1 from the 3rd
iteration on, with the FER curve converging to that of perfect
CSI after 4 iterations.
Nevertheless, the price we have to pay at the receiver
side for this improvement is an increased complexity of the
hardware implementation2, see Sec. VII-C for more details.
To reduce this complexity we evaluate our proposal adding
an extra dedicated OFDM pilot symbol at the end of the
frame, described previously as transparent postamble. This
results in a strongly improved channel estimate already after
the first iteration, as depicted in Fig. 8. A FER below 10−1
is obtained for Eb /N0 > 10.5 dB with a distance of about
0.8 dB to the FER curve with perfect CSI. Convergence to
the FER curve with perfect CSI is achieved already after the
2 For every iteration of the receiver the chip area needs to be increased by
an additional BCJR decoder, as well as a frame storage, channel estimation
and data detection logic to allow for a continuous pipelined operation.
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Fig. 7. Frame error rate (FER) versus Eb /N0 for iteration {1, . . . , 4} for a
frame length M = 37, full 802.11p compliant (no postamble). The vehicles
moves at v = 100 km/h, the channel model uses a Clarke Doppler profile for
each channel tap. The power delay profile is exponentially decaying with root
mean square delay spread 0.4 µs modeling a Rayleigh fading non line-of-sight
scenario.
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a frame length of M = 37, with backward compatible transparent postamble.
The vehicles moves at v = 100 km/h, the channel model uses a Clarke
Doppler profile for each channel tap. The power delay profile is exponentially
decaying with root mean square delay spread 0.4 µs.

second iteration. Hence, the transparent postamble allows for
a complexity reduction by a factor of two in the non line-ofsight case analyzed in Fig. 7 and Fig. 8
In Fig. 9 we plot the FER as a function of the number of
iterations at the receiver for different frame size at a fixed
Eb /N0 = 11 dB. Circular markers depict results with the
transparent postamble, the square markers are used for the
ones without postamble, and the lines without markers show
the FER obtained with perfect CSI. Different line-styles are
used to denote the length of the frame.
As expected, with increasing number of iterations, the FER
converges towards the one with perfect CSI. The slope of
the curves with transparent postamble is steeper than with-
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Parameters
G0 [dB]
n

LOS
-20
1.8

MD
-80+24n
U [0,3.5]

SD
-80+24n
U [0,3.5]

−1

10

D
50
6.4

TABLE I
GSCM PARAMETERS MODIFICATIONS FOR THE
VEHICLE - TO - INFRASTRUCTURE SCENARIO RELATIVE TO [34, TABLE I].
G0 DENOTES THE REFERENCE POWER AND n THE PATHLOSS EXPONENT.

out postamble, indicating higher convergence speed. More
precisely, the transparent postamble allows for a complexity
reduction of at least a factor of two to reach a FER below
10−1 with a maximum number of 2 iterations for a frame size
of 400 and 200 bytes. We reach a FER close to 10−1 after 4
iterations for 800 byte frame size.
2) Vehicular Line-of-Sight Scenario: The investigated scenario consists of a highway with two lanes in each direction,
with a width of 4 m per lane. The transmitter is at a fixed
position in the middle of the road at x = 0, which represents
a road side unit, and the receiver in the on-board unit is moving
on the outer lane with a velocity of 100 km/h, see [1, Fig. 18].
We use a geometry-based stochastic channel model
[34] with a parameterization for this specific vehicle-toinfrastructure scenario [57]. The parameterization in [34]
was obtained from vehicle-to-vehicle measurements; however, since they describe the geometry of the surroundings,
the parameters are only changed slightly for the vehicleto-infrastructure scenario, see [57]. In Table I we list the
modifications of the parametrization relative to [34, Table I]
for the different scattering objects in terms of the reference
power G0 and the pathloss exponent n.
The analysis of the BER is performed over 1000 generated
channel realizations and at different x-coordinates of the
receiver x ∈ {50, 100, 200} m. Other cars are also driving in
both directions with a mean speed of 100 km/h ≈ 28 m/s and
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Fig. 10.
FER with perfect CSI for different receiver coordinate x =
{100, 200} m for the GSCM and for non line-of-sight (NLOS). The frame
length M = 37 containing 200 bytes.

standard deviation of 20 km/h ≈ 5.5 m/s. A band of objects
producing diffuse scattering is placed beside the road (on both
sides) with a width of 5 m.
For the investigation presented in this paper, we evaluate
the FER versus Eb /N0 for different positions x. Due to the
strongly varying delay spread, Doppler spread and Rician Kfactor, the available diversity in the channel changes with
x. In order to provide a base-line performance, we plot the
FER with perfect CSI for all positions x in Fig. 10. The
solid line in Fig. 10 depicts the FER for the non line-of-sight
Rayleigh fading scenario with exponentially decaying power
delay profile and Clarke Doppler spectrum. Clearly, for the
scenarios with strong line-of-sight component the diversity
varies with x and the non line-of-sight channel provides
highest diversity. However, for Eb /N0 < 11 dB the line-of
sight scenario allows for smaller FERs.
Finally, we plot the FER versus the number of iterations
for the line-of-sight scenarios with receiver positions x ∈
{50, 100, 200} m at a fixed Eb /N0 = 11 dB, in Fig. 11. Again,
we can demonstrate that the transparent postamble allows for
a faster convergence of the iterative receiver with a complexity
reduction of a factor of two, reaching a FER smaller than 10−1
after one iterations.
For the presented simulation results, we use channel impulse responses normalized to unit average energy, see (40).
However, in a practical receiver the additive noise power stays
constant and the signal energy will vary with x. The measured
received energy over x is shown, e.g., in [46, Fig. 3] with
a path loss exponent of 1.8. Hence, if we assume that we
have an Eb /N0 = 13 dB when the receiver is at coordinate
x = 50 m, the actual Eb /N0 for the other distances is going to
decrease as indicated in Fig. 12. Therefore, the FER achieved
is going to increase not only due to the fact that the channel
properties vary with x, but also because the Eb /N0 is going
to be different depending on the distance. Noteworthy here
again, is that the FER obtained after the first iteration using
the postamble is similar to the FER after 3 iterations without
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postamble.
C. Complexity
The new iterative algorithm presented in this paper together
with the transparent postamble allows to operate 802.11p
system in time-variant non line-of-sight scenarios with a FER
below 10−1 . Due to the legacy pilot pattern a two dimensional
filter must be employed to achieve convergence.
The complexity of the iterative channel estimator is determined by three factors:
1) We employ a reduced rank two dimensional linear
MMSE filter (31), i.e. a reduced rank Wiener filter,
that allows to reduce the complexity compared to a
normal Wiener filter [20] by utilizing only the dominant subspace. The complexity CRR of the reduced
rank filter (31) in term of floating point operations

(FLOPS) [58] is determined by the dimension of matrix
D̃ ∈ CMN ×Dt Df as explained in [25, (4)] resulting in
8
(41)
CRR ≈ 8M N (Dt Df )2 + (Dt Df )3 .
3
The full linear MMSE filter would require CLMMSE ≈
32
3
3 (M N ) . For a 200 byte frame at an Eb /N0 = 16 dB
the frame consists of M = 38 OFDM symbols and the
subspace dimensions Dt = 2 and Df = 19. Hence
the complexity reduction relative to the two dimensional
Wiener filter is CLMMSE /CRR = 1.5 · 1011 /2.8 · 107 =
5.4 · 103 .
A further complexity reduction of the reduced rank
Wiener filter (31) is possible by utilizing the Krylov
subspace method, see [25] for more details.
2) The dominant factor in the computational complexity
of the iterative channel estimator is by far the BCJR
decoder. An efficient max. logMAP implementation [59]
in C consumes more than 85% of CPU time in the
numerical simulations of the iterative receiver. However,
a BCJR decoder is currently state of the art for turbodecoding in UMTS and LTE receivers and efficient max.
logMAP VLSI implementations are readily available,
see [59].
3) As shown by the simulation results two to three iterations are sufficient for most relevant scenarios. For the
concrete chip set implementation, this means that the
structure depicted in Fig. 5 in the gray box needs to be
replicated I-times, where I is the maximum number of
iterations. This will allow a pipelined operation of the
iterative algorithms.
VIII. C ONCLUSION
We presented an iterative reduced-rank channel estimator
for vehicular time-variant channels based on generalized discrete prolate spheroidal sequences. This iterative algorithm
allows convergence to the same bit error rate (BER) and frame
error rate (FER) as with perfect channel state information even
when using the pilot pattern of the IEEE 802.11p standard.
The 802.11p pilot pattern violates the sampling theorem for
vehicular channels because it is identical to the one used in
IEEE 802.11a which was designed for indoor scenarios. To
reduce the number of iterations and the complexity of the
hardware implementation we propose a backward compatible pilot pattern modification by adding a postamble. This
modified pilot pattern allows for a complexity reduction by
a factor of two to three. We present numerical simulation
results using a tap-delay-line model and a geometry-based
stochastic channel model, representing a Rayleigh fading non
line-of-sight situation and a strongly non-stationary line-ofsight situation, respectively. For both scenarios the robust
performance was demonstrated to reach a FER below 10−1
after a maximum of three iterations with the added transparent
postamble.
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C. F. Mecklenbräuker, and A. F. Molisch, “A geometry-based stochastic
MIMO model for vehicle-to-vehicle communications,” IEEE Trans.
Wireless Commun., vol. 8, no. 7, pp. 3646–3657, July 2009.
[35] S. B. Weinstein and P. M. Ebert, “Data transmission by frequencydivison multiplexing using the discrete Fourier transform,” IEEE Trans.
Commun., vol. 19, no. 5, pp. 628–634, October 1971.
[36] Z. Wang and G. B. Giannakis, “Wireless multicarrier communications,”
IEEE Signal Process. Mag., vol. 17, no. 3, pp. 29–48, May 2000.
[37] Y. G. Li and L. J. Cimini, “Bounds on the interchannel interference of
OFDM in time-varying impairments,” IEEE Trans. Commun., vol. 49,
no. 3, pp. 401–404, March 2001.
[38] G. Faria, J. A. Henriksson, E. Stare, and P. Talmola, “DVB-H: Digital
broadcast services to handheld devices,” Proc. IEEE, vol. 94, no. 1, pp.
194–209, January 2006.
[39] T. Luo, Z. Wen, J. Li, and H.-H. Chen, “Saturation throughput analysis
of wave networks in doppler spread scenarios,” Communications, IET,
vol. 4, no. 7, pp. 817 –825, 30 2010.
[40] L. R. Bahl, J. Cocke, F. Jelinek, and J. Raviv, “Optimal decoding of
linear codes for minimizing symbol error rate,” IEEE Trans. Inf. Theory,
vol. 20, no. 2, pp. 284–287, March 1974.
[41] A. Paier, T. Zemen, L. Bernadó, G. Matz, J. Karedal, N. Czink,
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A. F. Molisch, and C. F. Mecklenbräuker, “Characterization of vehicleto-vehicle radio channels from measurements at 5.2 GHz,” Wireless
Personal Communications, vol. 50, no. 1, pp. 19–32, July 2009.
[47] A. Papoulis, Probability, Random Variables and Stochastic Processes.
Singapore: McGraw-Hill, 1991.
[48] J. Berkmann, C. Carbonelli, F. Dietrich, C. Drewes, and W. Xu, “On
3G LTE terminal implementation - standard, algorithms, complexities
and challenges,” in International Wireless Communications and Mobile
Computing Conference (IWCMC), August 2008, pp. 970 –975.
[49] L. L. Scharf and D. W. Tufts, “Rank reduction for modeling stationary
signals,” IEEE Trans. Acoust., Speech, Signal Process., vol. ASSP-35,
no. 3, pp. 350–355, March 1987.
[50] L. Tong, B. Sadler, and M. Dong, “Pilot-assisted wireless transmissions:
general model, design criteria, and signal processing,” Signal Processing
Magazine, IEEE, vol. 21, no. 6, pp. 12–25, November 2004.
[51] R. Mersereau, “The processing of hexagonally sampled two-dimensional
signals,” Proceedings of the IEEE, vol. 67, no. 6, pp. 930–949, 1979.
[52] “Supplement to IEEE standard for information technology - telecommunications and information exchange between systems - local and
metropolitan area networks - specific requirements. Part 11: Wireless
LAN medium access control (MAC) and physical layer (PHY) specifications: High-speed physical layer in the 5 GHz band,” IEEE Std
802.11a-1999, 1999.
[53] S. ten Brink, “Convergence of iterative decoding,” Electronics Letters,
vol. 35, no. 10, pp. 806 –808, May 1999.
[54] R. H. Clarke, “A statistical theory of mobile-radio reception,” Bell
System Technical Journal, p. 957, July-August 1968.
[55] G. Acosta-Marum and M. A. Ingram, “Six time- and frequency-selective
empirical channel models for vehicular wireless LANs,” IEEE Veh.
Technol. Mag., vol. 2, no. 4, pp. 4–11, 2007.
[56] I. Ivan, P. Besnier, M. Crussiere, M. Drissi, L. Le Danvic, M. Huard,
and E. Lardjane, “Physical layer performance analysis of V2V communications in high velocity context,” in Intelligent Transport Systems
Telecommunications,(ITST),2009 9th International Conference on, oct.
2009, pp. 409 –414.
[57] A. Paier, J. Karedal, N. Czink, H. Hofstetter, C. Dumard, T. Zemen,
F. Tufvesson, and A. Molisch, “First results from car-to-car and car-toinfrastructure radio channel measurements at 5.2 GHz,” in Proc. 18th
IEEE International Symposium on Personal, Indoor and Mobile Radio
Communications (PIMRC), Athens, Greece, Sep. 2007.
[58] G. H. Golub and C. F. V. Loan, Matrix Computations, 3rd ed. Baltimore
(MD), USA: Johns Hopkins University Press, 1996.
[59] L. Sabeti, M. Ahmadi, and K. Tepe, “Low-complexity BCJR decoder
for turbo decoders and its VLSI mplementation in 0.18-µm CMOS,”
in Vehicular Technology Conference, 2005. VTC-2005-Fall. 2005 IEEE
62nd, vol. 2, sept., 2005, pp. 912 – 916.

Thomas Zemen (S’03, M’05, SM’10) received the
Dipl.-Ing. degree (with distinction) in electrical engineering from Vienna University of Technology in
1998 and the doctoral degree (with distinction) in
2004. From 1998 to 2003 he worked as hardware
engineer and project manager for the radio communication devices department at Siemens Austria.
Since October 2003 Thomas Zemen has been with
FTW Forschungszentrum Telekommunikation Wien,
he leads the department ”Signal and Information
Processing” since 2008. He is the speaker of the
national research network for ”Signal and Information Processing in Science
and Engineering” funded by the Austrian Science Fund (FWF). His research
interests include vehicular channel measurements and modelling, time-variant
channel estimation, orthogonal frequency division multiplexing (OFDM), iterative multiple-input multiple-output (MIMO) receiver structures, cooperative
communication systems and interference management. Dr. Zemen teaches as
external lecturer at Vienna University of Technology and serves as editor for
the IEEE Transactions on Wireless Communications. He is the author or coauthor of four books chapters and more than 80 journal papers and conference
communications.
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