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Multi-band orthogonal frequency-division multiplexing (MB-OFDM) is an important transmission tech-
nique for ultra-wideband (UWB) communication. One of the challenges for practical realization of these
UWB MB-OFDM systems is the estimation of the channel. In UWB MB-OFDM, the channel can be mod-
elled as sparse, and channel estimation (CE) based on compressed sensing (CS) can be used. However,
the existing techniques all require prior knowledge of some channel parameters, which are not known in
practice, e.g. the dictionary size, corresponding to the effective duration of the channel impulse response
(CIR), and the sparsity of the CIR. Therefore, in this paper, we propose a CS-based channel parameter
estimation method to estimate the dictionary size and the sparsity based on a pilot preamble of which
the duration is shorter than the total duration of the CIR. Using the resulting parameter estimates, we re-
construct the CIR with the compressive sampling matching pursuit (CoSaMP) method. We show that the
proposed algorithm is able to accurately estimate the sparsity and the dictionary size, and can effectively
reconstruct the CIR for channels that are either based on a mathematical model or real, measured chan-
nels. Moreover, as the algorithm has acceptable complexity, the proposed method is suitable for practical

use.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Multi-band orthogonal frequency-division multiplexing (MB-
OFDM) is a technique that is considered as one of the most
promising techniques for ultra wideband (UWB) transmission,
thanks to its ability to mitigate the effects of multipath fading and
interference, and to achieve a high spectral efficiency at a rela-
tively low cost [1,2]. One of the issues that needs to be solved in
practical UWB MB-OFDM systems comprises the estimation of the
channel. To meet this challenge, UWB MB-OFDM adopts a frame-
based transmission [3], where pilot sequences are included in the
frame preamble for channel estimation (CE). However, as the chan-
nel impulse response (CIR) in UWB MB-OFDM is very long, long
pilot preambles must be used to accurately estimate the channel.
As long pilot preambles limit the data throughput, often the pi-
lot preamble is shortened. Because of this shorter preamble, tra-
ditional channel estimators, such as least-squares (LS), maximum-
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likelihood (ML) and minimum mean-squared error (MMSE) estima-
tors [4-7], fail to accurately estimate the CIR.

In indoor environments, typically the propagation environment
is complex, and results in many reflections. At the same time, the
resolution of the ultrawideband signal is very high, implying the
system can identify many of the multipath components. As a con-
sequence, the channel impulse response will typically be very long.
However, measurements of the UWB indoor channel show that the
multipath components are strongly clustered, implying the channel
impulse response, although being widely dispersed in time, only
contains a limited number of non-zero contributions, i.e. the chan-
nel can be modelled as sparse. For example, [8,9] demonstrate that
indoor channel models considered for the IEEE 802.15.4a standard
[10] are sparse. Moreover, this sparsity is shown to be enlarged
when the signal resolution increases [9]. Also the different channel
models for the IEEE 802.15.3a standard [11] can be described with
a limited number of non-zero channel taps. Besides the theoreti-
cal channel models considered in the literature, we also performed
a measurement campaign in a laboratory environment, and show
in this paper that the resulting channel is sparse. Consequently,
we can use compressive sensing (CS) methods [12,13] to recon-
struct the CIR and achieve channel estimation. Recently, several CE
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algorithms based on CS for UWB communication have been devel-
oped [8,14-16]. In [8], the applicability of CS for UWB channel esti-
mation is investigated, and the authors employ standard Matching
Pursuit (MP) algorithms for CS, such as subspace pursuit (SP) [17],
orthogonal matching pursuit (OMP) [18]| and compressive sampling
matching pursuit (CoSaMP) [19], to accurately reconstruct the CIR.
In [14], the authors propose four practical dictionaries to increase
the sparsity of UWB signals, so that the UWB signals can be re-
constructed more efficiently. In [15], another CS technique, i.e. the
Bayesian CS (BCS) algorithm [20], is employed to reconstruct UWB
signals and obtain CE. Although the BCS algorithm achieves a bet-
ter performance than the MP algorithms, it requires intensive com-
putations, raising a barrier for practical implementation. In [16], a
CS dictionary, called eigen-dictionary, is proposed, exploiting the
statistical sparsity of UWB signals where the channel structure ex-
hibits several clusters of significant channel coefficients. Based on
this structure, two novel BCS algorithms are proposed to efficiently
reconstruct UWB CIR. Common to all these CS-based CE algorithms
is that they require prior knowledge of the parameters of the un-
derlying CIR model, which is not available in practice. Without the
knowledge of these parameters, the CIR can not be estimated accu-
rately, deteriorating the performance of UWB MB-OFDM systems.

In this paper, we extend the CoSaMP algorithm from [19],
which combines low complexity and good CE performance, to
autonomously estimate the required channel parameters. The
CoSaMP algorithm requires the knowledge about the dictionary
size, of which the optimal value is strongly correlated to the effec-
tive CIR duration, i.e. the duration of the part of the CIR containing
the dominant channel components, and the sparsity of the chan-
nel, i.e. the number of non-zero channel taps. Optimally, the dictio-
nary size and sparsity must be estimated jointly. Several classical
algorithms exist to achieve this joint estimation, e.g. the simplex
algorithm [21]. However, the computational burden of these algo-
rithms is very high, and therefore limit the applicability of these
joint estimators. Therefore, as main novelty, we propose in this pa-
per an algorithm that has low complexity compared to the above-
mentioned joint estimation algorithm. To this end, we first show
that, although the dictionary size and sparsity are correlated, the
optimal value of the dictionary size becomes essentially indepen-
dent of the sparsity if the sparsity is sufficiently large. Based on
this observation, we propose a two-step approach, where in the
first phase, the optimal dictionary size is estimated, while in the
second phase, the optimal value of the sparsity is obtained. In both
phases, the algorithm adaptively searches for the optimal value of
the parameter, using the pilot sequence included in the preamble.
We show that the proposed adaptive CS-based parameter estima-
tion algorithm not only can be applied to channels simulated based
on a mathematical model, but also is able to exactly reconstruct
the CIR measured in realistic scenarios. Although the proposed al-
gorithm is sub-optimal in the sense that the mean-squared error
of the resulting channel estimation is slightly higher than for the
case where the simplex method is used, the resulting complexity
is much smaller than with the simplex method, e.g. for short pilot
preambles, the complexity of the proposed algorithm is 10 times
lower than with the simplex method, and the difference in com-
plexity increases when the length of the preamble increases. Fur-
ther, we compare the performance of the proposed algorithm with
state-of-the-art algorithms, and demonstrate that the proposed al-
gorithm performs well, even if the pilot preamble is considerably
shortened.

The rest of the paper is organized as follows. In Section 2, we
introduce the channel model used for MB-OFDM systems and de-
scribe the measurement setup used to obtain the sparse measured
channel. In Section 3, we briefly explain how CS is applied to the
estimation of sparse channels, and we discuss the influence of the
dictionary size and sparsity on channel reconstruction. The algo-

rithm to estimate the dictionary size and the sparsity is intro-
duced in Section 4. Further, we evaluate the complexity of the pro-
posed algorithm in this section. In Section 5, we evaluate the per-
formance of the proposed algorithm and compare its performance
with that of state-of-the-art algorithms. Finally, the conclusions are
given in Section 6.

2. Sparse channel

In this section, first we briefly introduce the CM for the IEEE
802.15.3a standard [11], suitable for UWB MB-OFDM systems that
was used to generate the simulated channels, and then we de-
scribe the measurement setup that was used to obtain sparse mea-
sured channels to test our algorithm in realistic scenarios.

2.1. Channel model

The channel impulse response considered for the IEEE 802.15.3a
standard [11] consists of a tapped-delay line model containing L
clusters of K multipath components:

L K
h(t) =XD Y bt — T — 1)), (1)
I=1 k=1
where «; are the multipath gain coefficients, T; is the delay of the
Ith cluster, Ty is the delay of the kth multipath component relative
to the Ith cluster arrival time T; and the prefactor X corresponds to
the log-normal shadowing. The delays T; and 7, follow an expo-
nential distribution with cluster arrival rate A and ray arrival rate
A, respectively:

P(Ti|Ti-1) = Aexp[-A(T, — Tj_y)] (2)

P(ty il Th1,) = A exp[—A (T — Tre1)]- (3)

We select 7 ; = 0. The multipath gain coefficient oy in (1) can be
decomposed as follows:

et = PriiBris (4)

where py; equiprobably takes the values 41 to account for signal
inversions due to reflections, ¢, represents the fading associated
with the Ith cluster, and B corresponds to the fading associated
with the kth ray of the Ith cluster. This fading coefficient ¢ 8y fol-
lows a log-normal distribution:

2010g19(&1Bk1) ~ N(puy 1. 0 +02), (5)

where o is the standard deviation from the cluster log-normal
fading term ¢; and o, is the standard deviation from the ray log-
normal fading term By,. Further, defining the cluster decay factor
I' and ray decay factor y, the mean u;; can be written as:

_10In(2o — 10T;/T —107,;/y)  (0f 4+ 07)In(10) 6)
Pt = In(10) 20 :
where €2, is the average energy of the first path of the first cluster.

Finally, the log-normal shadowing factor X of the total multipath
power from (1) has the distribution:

201l0g(X) ~ N(0,62), (7)

where o is the standard deviation of the log-normal shadowing
of the total multipath power.

The parameters of the four channel models presented in
[11] are listed in Table 1. These four models consider communica-
tion among UWB devices located within a range of less than 10 m.
Specifically, CM1 and CM2 model the line-of-sight (LOS) and non-
LOS (NLOS) channel environments, for ranges smaller than 4 m. For
larger ranges, the NLOS models CM3 and CM4 are used, with em-
phasis on the strong delay dispersion I from CM4 [2]. In this pa-
per, we consider discrete-time channel models derived from the
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Table 1
Parameters of the Four Channel Models (CMs) from [11].
Parameters CM1 CM2 CM3 CM4
A 0.0233 0.4 0.0667 0.0667
A 2.5 0.5 2.1 2.1
r 7.1 5.5 14.00 24.00
Yy 4.3 6.7 7.9 12
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Fig. 1. Sparse channel: (a) an example channel realization of CM1 with tap spacing
of t = 1/6 ns. (b) measured channel between transmitter and R; receiver with tap
spacing of t = 4/5 ns.

above continuous-time models. Following the IEEE 802.15.3a stan-
dard [11], the discrete-time CIR h=[h(0),h(1),..., h(Ltaps — 1)]
can be obtained by oversampling the continuous-time CIR h(t), fol-
lowed by an anti-aliasing filtering, down conversion and decima-
tion. As an example, we show in Fig. 1(a) the discrete-time domain
CIR for a realization of CM1 with tap spacing t = 1/6 ns, together
with a close-up of the 180 first taps. As can be observed, the num-
ber of dominant taps, having a non-negligible amplitude, is quite

Fig. 2. Measurement environment: (a) Schematic representation, (b) Long side of
laboratory, (c) Small side of laboratory.

small, i.e. most taps have a (close to) zero amplitude. Further, the
dominant taps are confined in the first part of the CIR, i.e. the tail
contains only close-to-zero taps. Hence, the effective duration of
the CIR, corresponding to this dominant, first part of the CIR, is
much smaller than the total duration of the CIR. Similar results
are obtained with the other three channel models. Therefore, the
channel can be considered as sparse in the time domain, indicat-
ing that compressive sensing methods to reconstruct the CIR can
be employed.

2.2. Measured channel

The experiments to measure the sparse channels were carried
out in a laboratory of Ghent University in Belgium. The labora-
tory, shown in Fig. 2, roughly has an L-shaped form. The long side
(Fig. 2(b)) approximately has length 16 m and width 5m, while the
small side (Fig. 2(c)) approximately has length 8.5m and width
5m. We selected one transmitter position and 15 receiver positions
(see Fig. 2(a)). Of these positions, 8 positions (i.e. Ry — Rg) were
considered as light-of-sight positions, where a free space path ex-
ists between transmitter and receiver, 4 positions (i.e. Rg — Rq3)
were regarded as obstructed-LoS (OLoS), where the signals undergo
a reflection and/or a diffraction, and 3 positions (i.e. Ri3 — Ry5)
are non-LoS (NLoS) scenarios, as a plasterboard wall is present be-
tween transmitter and receiver.
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Fig. 3. UWB antenna with an automated positioning system.

At both the transmitter and receiver sides, omnidirectional
UWB antennas of type electrometrics EM-6865 [22] were placed
1.5 m above ground level, as shown in Fig. 3. To measure the com-
plex gain for each combination of transmit and receive pair, we
used a Rohde & Schwarz ZNB8 vector network analyzer (VNA). The
VNA calibration included the feeder cables to eliminate their ef-
fect on the measurement data. We created at both sides a [4 x
4] virtual antenna array by using an automated positioning sys-
tems. At each of the receiver positions, channel measurements
were performed, and the channel was obtained by averaging these
measurement data. An example of the resulting discrete-time CIR
for receiver position Rg is shown in Fig. 1(b), for a tap spacing
t =4/5 ns. As can be observed, the CIR contains only a few domi-
nant taps, i.e. most taps have a near-zero or zero amplitude, imply-
ing the channel can indeed be considered as sparse. Similar results
were obtained for the other receiver positions.

3. Compressive sensing based channel reconstruction scheme

In this section, we discuss the reconstruction of the CIR using
CS methods, and analyze the effect of two parameters, i.e. the dic-
tionary size and sparsity of CIR, on the CE. Let us first revisit the
principle of CS. Let us assume we want to reconstruct a sparse sig-
nal ¢ from an observation p

p="Te+ng (8)

where ng is additive noise and Y is called the measurement ma-
trix. To obtain accurate estimates of ¢, the measurement matrix Y
should satisfy the restricted isometry property (RIP), i.e. it should
be nearly orthonormal when operating on the sparse vector ¢. In
following subsections, we derive the observation model, discuss
the RIP of the measurement matrix and the accuracy of the re-
constructed sparse channel, and evaluate the effect of the system
parameters on the performance.

3.1. CS-based channel reconstruction

Following [3], we consider a frame-based UWB MB-OFDM
transmission system, in which several known OFDM symbols are
placed in a preamble for channel estimation and synchronization,
followed by a payload frame containing the OFDM data symbols.
During the transmission of the payload frame, the IEEE 802.15.3a
standard [11] assumes that the channel remains unchanged.

To estimate the channel impulse response, we consider a
preamble, where the frequency domain pilots X = [X(0), X (1), ---,
X (N —1)] are selected randomly, and the resulting UWB MB-OFDM
symbol is repeated N, times. We assume a long cyclic prefix is pre-
ceding the preamble, to avoid distortion of the preamble due to
transition effects at the start of the preamble, and no guard inter-
val is added between the pilot OFDM symbols. Hence, the time-
domain samples of each of the N, pilot OFDM symbols can be
written as:

1 N1 - kn
x(k+iN) =x(k) = — Y 2% X (n) 9)
P>
with k=0,...,N—1 and i=0,...,N, — 1. After transmitting the
preamble over the channel with impulse response h, we obtain the
received sequence:

Np—1N-1
y(m)= "> "x(k)h(m —k —iN) + w(m) (10)
i=0 k=0
where w(m) is zero-mean additive white Gaussian noise with vari-
ance Ny, and h(l) = 0 for I <0 or I> Ligps, with Legps the number of
taps within the total CIR duration. In this paper, we restrict our
observation to the NN, samples from the pilot preamble to avoid
interference with the subsequent data symbols. We assume this
preamble is shorter than the total CIR length, i.e. NN, < Ltgps. How-
ever, in order to allow accurate reconstruction of the channel, the
preamble must be long enough to capture the contributions of the
majority of the dominant components of the channel. As a result,
the observation vector (10) can be rewritten as

y=®h+w, (11)

where h =[h(0), h(1),---, h(Ltaps — 1)]T, and the elements of the
NN x Ligps measurement matrix ®,! which are obtained by substi-
tuting (9) into (10), are given as
@ ! Nix (n)es2m "™ (12)
mm = = | mem’
VN pard L] Mg
with |x] the floor of x. To reconstruct the channel, we define a
Liaps x Meqps dictionary W, where Miqps < Lgps corresponds to an in-
terval containing all dominant channel components. If the dictio-
nary size Mqps is too small, not all dominant components will be
recovered, but if it is selected too large, noisy samples will affect
the ability to properly reconstruct the channel and at the same
time the complexity of the algorithm will increase. Hence, the op-
timal value of Mps must be determined by the receiver. We as-
sume Meqps > NNp and W = [I 0]7, where I is the Maps x Miaps iden-
tity matrix. Hence, we restrict our attention to the first Mgps taps
of the Lps taps of the CIR, which is a reasonable assumption as
the tail of the CIR in the considered channel models contain only
close-to-zero taps. To reconstruct the channel, we write the CIR h
as a linear combination of Miaps < Leaps basis vectors from the dic-
tionary W:
h = Ww¢ (13)

where & =[&1,&;,--- ,éMmps]T is @ Mps x 1 vector. Because the
channel is sparse, only K; of the Mps components of & will have

T As can be observed in (12), the measurement matrix ® is a Hermitian matrix
containing the pilots X and components from the Fourier kernel. Hence, the mea-
surement matrix can in general not be written as a partial Fourier matrix. While
it is shown in the literature that, with exponentially high probability, the partial
Fourier matrix satisfies the RIP, assuming the number of measurements is nearly
linear in the sparsity level, the RIP characteristics of the matrix ® will not be
straightforward to show, as in general, this proof is a strongly NP-hard problem
[23,24]. Although we are not able to prove that the matrix @ is RIP, we will demon-
strate in the numerical results section that this measurement matrix can be used
to accurately estimate the CIR.
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non-zero value. Therefore, we can rewrite £ as
£=B0 (14)

where 0 = [01,6,, ..., 0¢]" is the Ks x 1 vector of parameters to be
estimated, while the selection matrix B determines the positions
of the Ks non-zero channel taps, i.e.

v ifi=v())
Bij= {0 otherwise (15)

where v =[v(1),v(2),---,v(K)] is the Ks x 1 vector with the po-
sitions of the K; dominant taps. Substituting (14) into (13), we ob-
tain:

h = VB0 (16)

Note that @ can be estimated using standard channel estimation
techniques such as LS or MMSE, however, the main drawback of
these approaches is that if the CIR length Ly exceeds the pream-
ble length NNp, as in the problem at hand, the accuracy of the
channel estimation is degraded. To overcome this issue, CS can be
used. It is shown in [25,26] that the channel estimation accuracy
of CS outperforms that of LS and MMSE methods when L¢gps > NNp.
Moreover, the complexity of the CS method is lower than that of
the MMSE approach. Hence, provided that the measurement ma-
trix @ is incoherent with the dictionary ¥ (which is the case in
the problem at hand), the CIR can be estimated with high reli-
ability through solving the following well-known convex [;-norm
optimization problem:

E=min|&||; st y=®WVE (17)

This convex optimization problem can be solved using linear
programming techniques like subspace pursuit (SP), orthogonal
match pursuit (OMP) and compressive sampling matching pur-
suit (CoSaMP). Let us take a closer look at the performance of
the CS estimation. Assume the CIR has non-zero components at
positions v. The CS algorithm first has to estimate the positions
V=[D(),---,0(Ks)] of the dominant channel taps, and then it
needs to estimate the values ﬁ‘A, of the dominating channel taps. To
this end, we define, for given Mgps and K;, the matrix A= @W =
la,ay, - ,aMmpS], and the submatrix Ay = [@;), -+ , @y, ] of the
matrix A. The LS estimate of the dominant channel taps at posi-
tions V is given by

h; = W(AIA,)'Ally (18)

We assume that, at positions different from Vv, the

reconstructed channel taps are set to zero, ie. h=

[0,---,0, hg((1)),0,---,0, hy(¥(Ks)), 0, ---,0]". Taking this into
account, the MSE of h, i.e. MSE = E[|| (h — h)||3] yields

MSE = hg (C® —DHH(CP® —h; + h hy\g + Notrace(CHC) (19)

v\V

where the first and third term originate from the contribution
of the reconstructed channel at the positions ¥, and the sec-
ond contribution from the non-zero channel taps that were not
selected in the reconstruction, i.e. at positions v\ V. In (19),
C=W(AHA;)'Al and hg = [h(D(1)), -, h(I(Ks))]. Defining e =
(C® — Dhy, the first term of (19) can be rewritten as

H H H
ee = e, ;€yny 1 €5,Coy (20)

i.e., the contribution of the positions that are both included in v
and V - or the dominant channel taps that were correctly identi-
fied with the CS algorithm - and the contribution from zero chan-
nel taps that were incorrectly identified as dominant channel taps
(V\ v). Substituting (20) in (19), the MSE of h can be decomposed
as

MSE = e, + ey (21)

—eH L hH _ i -
where the first term e, = ej ey + h‘,\c,hv\v contains a channel

dependent term, originating from the estimation errors in the
dominant components due to the CS reconstruction error, and the
second term ey :eg\vef,\v+N0trace(C”C) contains the contribu-
tions from the noise and the estimation errors at time instants
that do not contain dominant channel components, but that are
captured by the CS algorithm due to noise. Both terms depend on
the selection of the parameters Mqps and K through the matrix C.
Preferably, the mismatch related to the compressive sensing must
be made as small as possible. To obtain an accurate reconstruction
of the channel, we need to select out of the Mgps channel compo-
nents, the K; taps with the largest energy, i.e. determine the po-
sitions of the non-zeros components of B, and estimate the values
of @ for the selected Mqps and Ks. The best performance of chan-
nel estimation is obtained when Mqps and K; are matched to the
effective duration and the dominant taps of the channel.

3.2. Effect of the dictionary size and sparsity

To solve the [;-norm optimization problem discussed in the
previous section, we will employ the CoSaMP algorithm [19], as
it combines good estimation accuracy with low complexity. How-
ever, similarly as for the LS and MMMSE approaches, this algorithm
requires the knowledge of the size Mgy of the dictionary, which
must be matched to the effective duration of the channel, as well
as the sparsity K, to be able to reconstruct the channel. In this
section, we first theoretically analyze the effect of the dictionary
size Miqgps and sparsity Ks, as an improper choice of Mgps or Ks can
strongly affect the channel estimation performance and thus will
influence the bit error rate (BER) performance. Then, some simula-
tions are conducted to verify our analysis.

First, we consider the effect of the dictionary size Mqps on the
performance. On the one hand, if the dictionary size is too small,
the search window will not be able to ’catch’ all significant channel
taps, causing a degradation of the channel estimation performance.
On the other hand, if we select the dictionary size too large, not
only the complexity of the algorithm will increase, but also the es-
timation process will include samples having near-zero amplitude,
implying noise will start to play a larger role. As a result, increas-
ing the dictionary size will have a detrimental effect on both the
performance and the complexity.

Similarly, if the sparsity K is too small, not enough significant
signal components will be uncovered in the channel reconstruc-
tion process. As part of the channel taps with non-negligible en-
ergy will not be included in this way, the BER performance will be
degraded. However, if the sparsity is too large, the algorithm will
start to include signal components with close-to-zero amplitude,
indicating that the channel estimation error will increase due to
the relatively large effect of the noise on these close-to-zero chan-
nel components. Moreover, increasing the sparsity will augment
the computational complexity of the algorithm.

The dependency of the MSE on Miqps and Ks is illustrated in
Fig. 4, in which a pilot preamble with N=128 and N, =1 is
transmitted to reconstruct the CIR for a signal-to-noise ratio (SNR)
Ep/N, of 30dB. The results are averaged over 500 random CM1-
based channel realizations with Miqps opr = 180 effective taps and
Ks,opt =30 dominant taps. As explained, the MSE will first re-
duce when Mg is increased, and slightly increases again when
Mtaps > Mtaps,opt- Decomposing the MSE into the channel-dependent
term (first term of (21), Term1 in Fig. 4) and the noise-dependent
term (second term of (21), Term 2 in Fig. 4), we observe in Fig. 4(a)
that both the channel-dependent term and noise-dependent term
grow when Mps reduces, for Miaps < Maps,ope. When Migps re-
duces, dominant taps will start to fall outside the interval [0, Mtqps],
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Fig. 4. MSE and its constituent terms as function of (a) My for different K; and
(b) K for different Myqps.

implying those taps cannot be reconstructed by the algorithm,
so the mismatch between the true and reconstructed channel
increases, i.e. the channel-dependent term grows. At the same
time, as not enough dominant taps will be present in the interval
[0, Migps], the algorithm will start to reconstruct noise-dominated
taps, implying the noise-dependent term also increases. This latter
effect is larger when K is larger, as the algorithm tries to recon-
struct more close-to-zero taps. When Miaps > Miqps,opt, the increase
of the MSE as function of Mqps is mainly due to the increase of the
noise-dependent term, as the channel-dependent term is quasi-
independent of Miqs, because the dominant taps are mainly con-
tained in the first part of the interval, i.e. in [0, M¢aps,opt]-

Further, we stated that when K; is too small, some dominant
channel taps will not be reconstructed, while when Kj is too large,
noise will start to play a larger role. This is observed in Fig. 4(b).
When K; < Ksopt, the MSE is dominated by the channel-dependent
term, while this term becomes independent of Ks; when Ks > K opt,
i.e. all dominant taps will be reconstructed. On the other hand,
the noise-dependent term grows with Ks, as more noise-dominated
taps will be taken into account.

4. Parameter estimation

The dictionary size Mqps and the sparsity K; both affect the pre-
cision of channel estimation. Hence, knowledge about the param-
eters Mps and K; is indispensable. However, in realistic scenarios,
prior information about these two parameters is often not avail-
able, so we will estimate these parameters based on the preamble.
In this section, we first discuss the simplex method to jointly es-
timate Mps and Ks. As the complexity of the simplex method is
very high, we then propose a simpler, sub-optimal method to esti-
mate Mqps and Ks. We show that the performance degradation of
our method compared to the simplex method is small. Finally, we
compare the complexity of the proposed method with that of the
simplex method and the MMSE estimator.

4.1. Joint estimation

To jointly optimize Miqps and Ks, we need to solve the following
optimization problem:

< Meaps,opt,  Ksopr >= argmianpsst ||<I>\II§ -vyl2
st. y=®VE

which can be solved with the well-known simplex algorithm. This
method can accurately estimate Mqps and Ks, as will be illustrated
in Section 5. Although it is stated in [27] that the simplex algo-
rithm in general needs polynomial time, in the worst case, the
simplex algorithm applied to the problem at hand has complex-
ity O{Mmps’opfl(&opt 102 (Mtaps,opt 1082 (Ks,0pt)}. As this complexity is
still very high, the simplex algorithm is unsuitable for practical im-
plementation in UWB MB-OFDM systems.

(22)

4.2. Adaptive CE method

As jointly optimizing K5 and Mgy is a challenging task, we first
take a look at the effect of both parameters on the BER perfor-
mance, to be able to reduce the computational burden of the opti-
mization. In Fig. 5, we show the BER of the pilot sequence as func-
tion of the dictionary size Mqps and sparsity Ks, with N = 128 and
Np = 1. Comparing Figs. 4(a) and 5(a), we observe that the min-
imum of the BER coincides with the minimum of the MSE, i.e.
at Miaps,opt = 180, if Ks is sufficiently large. This optimal value of
Mqps for the BER does neither depend on the sparsity Ks nor on
the SNR E,/N,. On the other hand, from Fig. 5(b), where the BER
is shown as function of the sparsity K;, we find that when Migps
is smaller than the optimum Maps opr = 180 found in Fig. 5(a), i.e.
for Miqps = 140, the BER is largely independent of the value of Kj,
while when Miqaps > Miaps,opt, the BER shows a clear minimum at an
intermediate value of K, i.e. at K ope = 30. As the optimal value
of Mqps is not prior known at the receiver, this implies that we
need to first estimate the dictionary size, to avoid that no opti-
mum value for the sparsity can be found. Similar results were ob-
tained for the other channel models. Hence, in the following, we
propose an estimation algorithm for Mps and Ks, where in the
first phase, the optimal value of M is determined, and in the
second phase, the optimal value of K;. In both phases, we employ
a dynamic search algorithm.

4.2.1. Algorithm 1: Maps optimization

First, we will describe the algorithm to estimate Miqps. In this
algorithm, we need an initial value for K;. First, we note that, when
Ks > Ks,opt, the optimal value Mgpsope becomes (quasi-) independent
of Ks. Further, we notice from Fig. 5 that selecting Ks > Ksopr Will
have a smaller effect on the BER than selecting Ks < Ksopt. There-
fore, we select K niriq > Ks,ope. As no prior knowledge is available,
we set Kipirigr to the maximum possible value that can be esti-
mated with the preamble, i.e. K; jirjqr = NNp. To find Miaps,ope, We
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Fig. 5. BER performance as function of (a) M, for different K and (b) K; for dif-
ferent Miqps.

define an initial search interval [M,i,, Mmax]. For the lower limit,
we set My, = NNp. To motivate this lower limit, we note that in
practice, if the length of the pilot preamble is shorter than the
effective CIR length, the channel can not be estimated accurately.
Hence, we assume that in the design phase, the length of the pilot
preamble is selected in a proper way, i.e. that it is able to catch
all dominating channel components. Therefore, it is clear that the
length NN, of the pilot preamble is an appropriate lower limit for
Mqps. For the upper limit, we select Mmax = 5NN, as it is shown
in [28] that if the length NN, of the pilot sequence is smaller
than 20% of the CIR length, the CIR cannot be reconstructed ac-
curately. Note that if the optimal value Miqpsope falls outside this
initial search interval, the algorithm can adapt the search range
automatically (see lines 10-13, Algorithm 1) . However, for both
simulated channels and measured channels, we did not encounter
any case where the optimal Mqpsopr Was located outside this ini-
tial search interval, meaning the search interval was selected prop-
erly. Within the initial search interval, we select N}, equidistant val-
ues for Mgps, i.e. with step size Mseep = | * | (Mmax — Min)/Np. For

Algorithm 1 Mg estimation algorithm.

1: Initialization: Set K; j;irjqy = NNp, searching block [Mpin, Mmax],
Mmin = NNp, Mmax = 5NN, pilot sequence X, received pilot
sequence y, the number N, of test values, Msep = +o0 and
Mstep,min =1

2: while Mstep > Mpep min 0 % outer loop

Mstep < | (Mmax — Mpin) /Ny J;

form=0:N,do % inner loop
Mtaps <= Min + M * Mstep;

Obtain h with CoSaMP using Mtaps, K initiar» X and y;
Calculate BER;; with ﬁ;

end for

Mopt <= argn}gnBERm

10: if mopr = 0 or mgypr = N}, then

© 0N DI oRWw

11: Mtaps,opt <= Mmin + Mopt * Mstep;
12: Mmax < Mtaps,opt + NNp;

13: Mmin < Mtaps.opr — NNp;

14: else

15: Mtaps,opt <= Mmin + Mopt * Mstep;
16: Mmax < Mtaps opt + Mstep;

17: Mpin < Mtaps.opt — Mstep;

18: end if
19: end while
20: Output Meaps,opt-

each of the N, selected values Miqps, we reconstruct the CIR with
the CoSaMP algorithm, and use the reconstructed channel to re-
cover the data of the pilot sequence and to compare the result-
ing bits with the known pilot symbols to obtain the BER, which
serves as the optimization criterion in our algorithm. From these
Ny, test values, we select the value Miaps,op¢ that minimizes the BER.
We tighten the search interval around the found value of Miapsopt,
i.e. [Mtaps,opt — Mstep, Mtaps,opt + Mstep], reduce the step size with a
factor Np/2 (see line 3 of Algorithm 1), and continue the search
procedure until the step size becomes smaller than or equal to
the threshold Msep min, Which we chose Mg, min =1 in our sim-
ulations.

4.2.2. Algorithm 2: K estimation

The dynamic window search algorithm to find Ksep:, which
is shown in Algorithm 2, is similar to the algorithm to find
Mtapsope- The initial search interval for Ks is set to [Kpin, Kmax] =
[1, NNp], i.e. the minimum and maximum Ks that can be esti-

Algorithm 2 K; estimation algorithm.
1: Initialization: Set Mqps,opt, searching block [Kyin Kmax], Kmin =
1, Kmax = NN, pilot sequence X, received pilot sequence y, the
number N, of test values, Kstep = +00 and Kep min = 1.
: while Kstep > Kep min do % outer loop
Kstep < [ (Kmax — Kinin)/NpJ;
for k=0:N,do % inner loop
Ks < Kiin + k * Kstep
Obtain h with CoSaMP using Miaps,opt, Ks, X and y;
Calculate BER;, with h;
end for
kopt < argmkin BER;,

© XN 2 DR W

-
=

Ks.opt <= Kiin + Kopt * Kstep;

11: Kmax < Ks opt + Kstep;

12: Kiin < Ks opt — Kstep:

13: end while

14: Output Ks ope, CIR b estimated with Myqps ope and Ks ope-
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mated with a preamble length NN,. Similarly as in Algorithm 1,
we select N, equidistant test values for K;, with step size Ksep =
| * | (Kmax — Kmin)/Np, and reconstruct the CIR with the selected
value of K and Mqps,opt from Algorithm 1, and compute the result-
ing BER of the pilot sequence. We gradually refine our search inter-
val until the step size Ksep is smaller than or equal to the threshold
Kitep,min = 1. The outputs of this algorithm are K qp and the recon-
structed CIR.

4.3. Complexity analysis

To show that the proposed algorithm is suitable for practical
implementation, we evaluate the computational complexity of
the algorithm. This computational complexity, which is expressed
in terms of the number of complex multiplications (NCM), is
compared to the complexity of the MMSE estimator. The main
share of the computations in the proposed algorithm stems from
the CoSaMP algorithm that is used to reconstruct the CIR for
each combination of Mps and K;. From [19], the number of
complex multiplications required in the CoSaMP algorithm equals
O{Mtaps logy (Mraps) log, (Ks)}. Hence, this complexity depends
on the considered Mps and Ks. In the Mips optimization al-
gorithm, given in Algorithm 1, Ks is fixed to Kjipiig, but Megps
changes during the course of the optimization. As in this op-
timization process, the dictionary size Mips will converge to
Miaps,opt» We approximate the complexity of the CoSaMP algo-
rithm by  O{Mtaps,opt 108, (Mtaps.opt ) 1085 (K iniriqr)}-  Within  each
inner loop, Ny + 1 values of Mg are tested, and the inner loop
is executed O{long(4NNp)} times, leading to the complexity
O{(Ny +1)Mtaps.opt 108 (Maps.opt ) 108 (K initiar) IOng (4NNp)}.
Similarly, in the Ks-optimization algorithm, where Migps
is fixed to Mpsop, the complexity is approximated by
O{Mtaps,opt 1085 (Mraps,opt ) 1085 (Ks opr)}, as  during the  opti-
mization process, Ks grows closer to Ksope. Further, per in-
ner loop, N,+1 values of K; are tested and the inner loop
is executed O{long (NNp)} times, resulting in a complex-
ity O{(Ny 4+ 1)Mtaps opt 1083 (Mtaps.opt) 1083 (Ks,opt) lOng (NNp)}.
The total complexity of the algorithm therefore equals
O{(Ny + D)Mraps.opr 1085 (Mtaps.opt) - [1082 (Ks initiar) 108w, (4NNp) +
log, (Ks opt) IOng (NNp) 1}

To compare the complexity of the proposed algorithm with
the complexity of the MMSE estimator and the simplex algo-
rithm, which are O{(NNp)3} and O{Miaps.opt*Ks.opt 1085 (Mraps.opt )
log,(Ksope)} respectively, we consider the case where Miqps opt =
5NNy, Ks.opt = NNp and N, = 5. As in most situations, Miapsopt and
Ks,opt Will be smaller than these values, the true complexity will be
smaller than the complexity shown in Fig. 6. As can be observed
in the figure, compared with MMSE estimator and the proposed
method, the high complexity of simplex method makes it imprac-
ticable in channel estimation. Comparing the MMSE estimator and
our method, we find that when NN, > 112, the proposed method
has lower complexity than the MMSE method. Moreover, taking
into account that the worst case values of Mps and Ks were taken
to compute the computational complexity of our method, in prac-
tical situations, the complexity reduction compared to the MMSE
approach will be much larger than shown in the figure.

5. Numerical results

In this section, we verify the performance of the proposed
adaptive CE method. The channel models (CMs) used in our simu-
lations are based on the UWB communication environments and
propagation scenarios considered in the IEEE 803.15.3a standard
[11] (see Table 1 for the parameters of these CMs). For each of
the four considered CMs, 500 random channel realizations are gen-
erated, each having the same channel length Legps, wWith Legps =

1012
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Fig. 6. Complexity comparisons of MMSE, the simplex algorithm and the proposed
algorithm.

Table 2

Parameters of the MB-OFDM system.
Bandwidth (MHz) 528
RF carrier frequency (MHz) 5544
Frequency bandwidth (MHz) 5280-5808
Number of subcarriers N 128 256 512 1024
Subcarrier spacing Af (MHz)  4.1251 2.0625 1.0313 0.5157
Sampling rate (MHz) 528

600, 730, 1300, 2150 for CM 1-4, corresponding to Ks; = 30, 45, 92
and 163 dominant non-zero taps, that are distributed over the
first Miqps = 180, 202, 341 and 698 taps of the channel, respec-
tively. In the simulations, we set the bandwidth to 528 MHz, in
the frequency band 5280-5808 MHz, which corresponds to band
#5 in [29]. Further, we take the number of subcarriers equal to
128, 256, 512 and 1024, which corresponds to a carrier spacing of
41251 MHz, 2.0625 MHz, 1.0313 MHz and 0.5157 MHz, respectively.
The sampling rate used in our simulations equals the bandwidth.
An overview of the parameters is given in Table 2.

We first assess the probability of miss detection of Mgs and
K, ie. Prjss, Mtaps = P(Mtaps,opt # Mtaps‘real) and Pmiss,Ks = P(Ks.opt #
K reqr)- To this end, we consider the case of CM1, and transmit a pi-
lot preamble of length NN, = 128, in which N =128 and N, = 1. In
Fig. 7, the probability of miss detection of M¢qps and K is shown for
the proposed algorithm, and compared with those for the simplex
algorithm which is implemented using the function of fminsearch
in Matlab. The figure demonstrates that when E,/N, increases, the
probability of miss detection of both Mps and Ks reduces, and
drops below 5% when Ej/N, is sufficiently large. Hence, both algo-
rithms can determine the parameters Ks and Mqps with high accu-
racy. Although the proposed algorithm has a slightly higher prob-
ability of miss detection, the much lower complexity of the pro-
posed algorithm makers it more suitable for practical use. We also
evaluated the probability of miss detection for the other channel
models CM 2-4, and the results are similar to that of CM1.

Next, we evaluate the performance of the proposed channel es-
timator and compare the results with the performance of OMP, SP
and CoSaMP. For each of the considered algorithms, we estimate
the CIR for 500 channel realizations of CM1, and compute the nor-
malized mean-squared error (NMSE) E[||(h—h)|2 /||(h)|2]. For
the OMP, SP and CoSaMP algorithms, we assume no prior knowl-
edge of Mps and K; is available, and we set Mgqps = 256 and K; =
60 for these algorithms. As can be observed in Fig. 8, the proposed
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Fig. 8. NMSE of the proposed method and other CS reconstruction methods.

algorithm outperforms the other algorithms. This can be attributed
to the optimized dictionary size and sparsity in our method, re-
sulting in a more accurate reconstruction of the CIR, especially at
higher E,/N,.

To evaluate the BER performance of the proposed estimator,
we transmit for each channel realization a pilot preamble of NN,
pilot symbols, followed by 5000 OFDM symbols, each containing
1024 data symbols, where the data is modulated using quadrature
phase-shift keying (QPSK). The BER of CM i is obtained by averag-
ing the BER of the transmitted data over 500 channel realizations
of CM i. The BER performance of the proposed algorithm is com-
pared with the performance of other CS methods, i.e. SP, OMP and
CoSaMP, traditional CE methods, i.e. LS and MMSE, and the case
where the channel is known. For the SP, OMP and CoSaMP meth-
ods, the same values for Mips and Ks are used as mentioned for
Fig. 8. For CM1, the results are shown in Fig. 9, assuming N = 128
and N, = 1. Taking into account that the length of this pilot pream-
ble is shorter than the effective CIR length, which was 180 in our
simulation, the channel estimators are not able to extract all dom-
inant CIR components. This results in a degradation of the BER
compared to the case where the channel is perfectly known at
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Fig. 9. BER performance of the proposed method compared to other selected meth-
ods for CM1.

the receiver. Comparing the BER results, we observe that the pro-
posed method outperforms all other CEs, although the gap with
the BER of the known channel is still relatively large. By increas-
ing the pilot preamble length, by e.g. selecting N, =4 and N, =8,
this gap will become smaller (see Fig. 10), as more CIR compo-
nents will be found. For N =8, several of the estimators, includ-
ing the proposed one, exhibit a performance close to the ideal case
with known channel. However, the required pilot preamble is quite
long, which will limit the data throughput and thus its practical
applicability. Therefore, this pilot preamble will be shortened, im-
plying the proposed method will be an excellent solution to esti-
mate the channel in a practical implementation. Furthermore, we
show the BER performance for the other channel models. In Fig. 11,
the BER performance of the proposed method and other selected
methods is shown, assuming N, =1, 2 and 4 pilot symbols of
length N = 128 are used for CM2, CM3 and CM4, respectively. Our
proposed method found for the considered cases that the optimal
dictionary size was Mqaps,opr = 202, 341 and 698, and the optimal
sparsity equalled Ksopr = 45, 92 and 163, for CM2, CM3 and CM4,
respectively. We observed in our simulations that these numbers
for Miaps,ope and Ksope are in accordance with the average effective
duration and the number of dominant taps of the CIRs. With these
parameter settings, we are able to recover about 85% of the power
contained in the CIR. Fig. 11 confirms the results from Fig. 9, i.e.
the proposed estimator outperforms the other CE methods when
the length of the pilot preamble is shortened for practical reasons,
so that not all dominant channel components can be retrieved.
Similarly as for CM1, when the length of the pilot preamble would
be increased, the difference between the performance of the con-
sidered CEs and that of the case with known channel will become
smaller.

Finally, we applied the proposed method for the channels, mea-
sured with the setup from Section 2.2. In this paper, we just show
the results for channels between transmitter and receiver positions
Rs, Ri2 and Ry, corresponding to a LoS, OLoS and NLoS scenario,
and denoted by Channel 6, Channel 12 and Channel 14, respec-
tively. The results for the other channels are similar to the re-
sults of these three channels. From the measured data, we deter-
mined the effective durations of Channel 6, 12 and 14, i.e. they are
168, 241 and 369 respectively, and the values of sparsity are 37,
61 and 91. We select N, = 1,1 and 2 pilot symbols of length N =
128 to reconstruct Channel 6, 12 and 14, respectively. Further, to
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Fig. 10. BER performance of the proposed method compared to other selected
methods for different lengths of the pilot preamble: (a) NN, = 512 (b) NN, = 1024.

evaluate the BER performance of our method, we transmitted 5000
OFDM symbols modulated by QPSK. The average BERs of the three
channels are shown in Fig. 12. Compared with OMP and CoSaMP,
the proposed method achieves a lower BER. Although the pilot se-
quence has the same length for Channel 6 and 12, the effective du-
ration and sparsity of Channel 6 are smaller than those of Channel
12, so the BER performance of Channel 6 is much better. Moreover,
thanks to the longer pilot sequence, the average BER of Channel
14 is lower than that of Channel 12, even though Channel 14 has
a longer effective duration and more dominant taps. Note that we
can improve the BER for Channel 12 by using the same pilot se-
quence length as for Channel 14. In that case, the BER of Channel
12 turned out to be better than for Channel 14 (results not shown
in the figure). Similar to the results of the simulated channels, the
performance difference between the CS-based CE methods and the
known channel will be reduced when the length of pilot preamble
increases.
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Fig. 11. BER performance of the proposed method compared to other selected
methods for CM2, CM3 and CM4.
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Fig. 12. BER performance for real, measured channels of channel 6, channel 12 and
channel 14.

6. Conclusion

In this paper, we propose an adaptive CS-based parameter es-
timation algorithm for UWB MB-OFDM systems. Our method ex-
tends the CoSaMP method by also estimating the dictionary size
Mqps and sparsity Ks, needed to accurately estimate the channel.
Although state-of-the-art estimators are able to achieve close-to-
optimal performance when the pilot preamble length is sufficiently
long to extract all CIR components, such pilot preamble lengths
are often not suitable for practical implementation as they limit
the data throughput. Therefore, in practice the pilot preamble is
often shortened. However, this results in a degradation of the sys-
tem performance. We show in this paper that in such a situation,
our method outperforms state-of-the-art channel estimators con-
siderably, as the estimated Miapsope and Ksope better match the ef-
fective duration and the sparsity of the CIR. Moreover, as the pro-
posed method has low complexity, it is suitable for practical im-
plementation. In this paper, we not only restricted our attention
to theoretical channel models, we also evaluated our algorithm
for measured channels obtained with the measurement setup de-
scribed in this paper. The results for these measured channels are
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similar to the results of the theoretical channel models, meaning
that our method can be employed in practical scenarios.
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