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ABSTRACT

We propose a compressive estimator of doubly selective channels
within pulse-shaping multicarrier MIMO systems (including MIMO-
OFDM as a special case). The use of multichannel compressed sens-
ing exploits the joint sparsity of the MIMO channel for improved
performance. We also propose a multichannel basis optimization for
enhancing joint sparsity. Simulation results demonstrate significant
advantages over channel-by-channel compressive estimation.

Index Terms— MIMO-OFDM, multicarrier modulation, channel
estimation, multichannel compressed sensing, joint sparsity

1. INTRODUCTION

The methodology of multichannel compressed sensing (MCS) or
distributed compressed sensing [1, 2] allows the efficient simulta-
neous reconstruction of several jointly sparse signals. Here, “jointly
sparse” means that all signals share the same small (effective) sup-
port. In this paper, we apply MCS to the estimation of doubly se-
lective multiple-input multiple-output (MIMO) channels [3]. We
consider pulse-shaping multicarrier MIMO (MC-MIMO) systems,
which include MIMO-OFDM systems as a special case. MIMO-
OFDM is part of several wireless standards [4].

Compressive channel estimation (e.g., [5–9]) exploits the sparsity
resulting from the fact that wireless channels tend to be dominated
by a relatively small number of clusters of significant paths [10].
However, MIMO channels also exhibit a joint sparsity across the
component channels, because the antenna spacings are usually much
smaller than the path lengths. Hence, we here propose the use of
MCS to exploit this joint sparsity structure for a further performance
improvement. We note that improved performance of MCS over
conventional compressed sensing has been demonstrated in [11].
Our method differs from the compressive MIMO channel estima-
tor proposed in [8] in that [8] uses conventional compressed sensing
to exploit sparsity in the angular domain, whereas we use MCS to
exploit joint sparsity. Also, [8] only considers frequency-selective
MIMO channels, whereas we consider the doubly selective case.

A further contribution of this paper is a multichannel basis opti-
mization technique that mitigates leakage effects. Such effects were
observed in [5, 6, 9] to impair the effective delay-Doppler sparsity of
doubly selective channels. The proposed technique extends the basis
optimization techniques of [6, 9] to the MIMO case, in a way such
that the joint sparsity is optimized.

This paper is organized as follows. The MC-MIMO system model
is described in Section 2. In Section 3, we analyze the joint sparsity
of the MIMO channel’s delay-Doppler representation. The multi-
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channel-compressive MIMO channel estimator and multichannel ba-
sis optimization technique are presented in Sections 4 and 5, respec-
tively. Finally, performance gains achieved by the proposed multi-
channel techniques are demonstrated experimentally in Section 6.

2. MC-MIMO SYSTEM MODEL

We consider a pulse-shaping MC-MIMO system because of its ad-
vantages over cyclic-prefix (CP) MIMO-OFDM (e.g., [12]); how-
ever, CP MIMO-OFDM is included as a special case. The base-
band domain is considered throughout. Let K, N ≥K, L, NT, and
NR denote the number of subcarriers, symbol duration, number of
symbol periods, and numbers of transmit and receive antennas, re-
spectively. The modulator generates the discrete-time transmit signal
vector

s[n] =
L−1X
l=0

K−1X
k=0

al,k gl,k[n] , (1)

where al,k �
`
a
(1)
l,k · · · a(NT)

l,k

´T
denotes the data symbol vectors and

gl,k[n] � g[n− lN ]ej2π k
K

(n−lN) denotes time-frequency shifts of
a transmit pulse g[n]. Subsequently, s[n] is converted into the con-
tinuous-time transmit signal vector s(t) =

P∞
n=−∞ s[n]f1(t−nTs),

where f1(t) is an interpolation filter and Ts is the sampling period.
The channel connecting transmit antenna s ∈ {1, . . . , NT} and

receive antenna r ∈ {1, . . . , NR} is assumed doubly selective with

time-varying impulse response h(r,s)(t, τ ). The MIMO channel out-

put is thus given by r(t) =
R∞
−∞H(t, τ )s(t−τ )dτ + z(t), where

H(t, τ ) is the NR×NT matrix with entries h(r,s)(t, τ ) and z(t) is
a noise vector. At the receiver, r(t) is converted into the discrete-
time signal vector r[n] =

R∞
−∞ r(t)f2(nTs−t)dt, where f2(t) is an

anti-aliasing filter. Subsequently, the demodulator computes

xl,k =
∞X

n=−∞
r[n]γ∗l,k [n] , (2)

for l = 0, . . . , L− 1 and k = 0 . . . , K − 1, where γl,k[n] �

γ[n − lN ]ej2π k
K

(n−lN) with some receive pulse γ[n]. We note
that CP MIMO-OFDM [4] is a special case obtained for rectangular
pulses g[n] and γ[n] that are 1 on [0, N−1] and on [N−K, N−1],
respectively and 0 otherwise (N−K ≥ 0 is the CP length).

By combining some of the above equations, we obtain

r[n] =
∞X

m=−∞
H[n, m]s[n−m] + z[n] , (3)

where H[n, m] depends on H(t, τ ), f1(t), and f2(t). Combining
(2), (3), and (1) and neglecting intersymbol/intercarrier interference
(which is justified if the channel dispersion is not too strong) yields

xl,k = Hl,k al,k + zl,k , (4)
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for l = 0, . . . , L−1 and k = 0, . . . , K−1. The channel coefficient
matrices Hl,k can be expressed in terms of g[n], H[n, m], and γ[n].

Hereafter, we assume that γ[n] = 0 outside [0, Lγ ]. To compute

the xl,k, r[n] must be known for n = 0, . . . , N0−1, where N0 �

(L−1)N + Lγ + 1. For these n, we can write (3) as

r[n] =
∞X

m=−∞

N0−1X
i=0

Sh[m, i]s[n−m]e
j2π ni

N0 + z[n] , (5)

with the discrete-delay-Doppler spreading function matrix [3]

Sh[m, i] �
1

N0

N0−1X
n=0

H[n, m]e
−j2π in

N0 . (6)

Assuming that H[n, m] = 0 for m /∈ [0, K−1] and using (2), (5),
and (1) and the approximation N0 ≈ LN (which is exact for CP
MIMO-OFDM), the Hl,k can be expressed as (L is assumed even)

Hl,k =

K−1X
m=0

L/2−1X
i=−L/2

Fm,i e−j2π( km
K
− li

L
). (7)

Here,

Fm,i �

N−1X
q=0

Sh[m, i + qL] A∗γ,g

“
m,

i + qL

N0

”
(8)

with the cross-ambiguity function Aγ,g(m, ξ) �
PLγ

n=0 γ[n] g∗[n−
m]e−j2πξn.

3. JOINT SPARSITY IN THE DELAY-DOPPLER DOMAIN

Next, we analyze the joint sparsity of the functions F
(r,s)

m,i � [Fm,i]r,s

in (8). We recall that a sequence F is called S-sparse if at most S
of its values are nonzero, i.e., | supp{F}| ≤ S (here, supp{F} is
the set of indices of all nonzero values of F ). Furthermore, a collec-

tion of sequences F (θ) is called jointly S-sparse if all F (θ) share a

common S-sparse support, i.e.,
˛̨ S

θ supp{F (θ)}
˛̨
≤ S.

Let θ � (r, s) index the antenna pairs (or channels), with Θ �

{θ = (r, s) | r = 1, . . . , NR, s = 1, . . . , NT} the set of all θ.
We assume in this section (not, however, for the compressive chan-
nel estimator presented in Section 4) that each channel comprises P
propagation paths corresponding to the same set of P specular scat-

terers with channel-dependent delays τ
(θ)
p and Doppler frequency

shifts ν
(θ)
p for p = 1, . . . , P . For this channel model, the impulse

response of channel θ is given by

h(θ)(t, τ ) =

PX
p=1

α(θ)
p δ

`
τ−τ (θ)

p

´
ej2πν

(θ)
p t, θ∈Θ ,

with complex path gains α
(θ)
p . It can then be shown [9] that the

delay-Doppler spreading function (see (6)) results as

S
(θ)
h [m, i] =

PX
p=1

α(θ)
p e

jπ(ν
(θ)
p Ts− i

N0
)(N0−1)

Λ(θ)
p [m, i] , (9)

with the shifted leakage kernels Λ
(θ)
p [m, i] � φ

(θ)
p

`
m − τ

(θ)
p /Ts

´
·ψ`

i − ν
(θ)
p TsN0

´
, where φ

(θ)
p (x) �

R∞
−∞ e−j2πν

(θ)
p tf1(Tsx− t)

· f2(t)dt and ψ(x) � sin(πx)/[N0 sin(πx/N0)]. Each Λ
(θ)
p [m, i]

is effectively supported in a rectangular region of some delay length
Δm ∈ N and Doppler length Δi ∈ N, centered about the delay-

Doppler point η
(θ)
p � (τ

(θ)
p /Ts, ν

(θ)
p TsN0). Therefore, each Λ

(θ)
p [m, i]

can be considered approximately NΛ-sparse, with NΛ � ΔmΔi,

where Δm and Δi can be chosen such that a desired approximation
quality can be achieved. It then follows from (9) and (8) that each

F
(θ)

m,i = [Fm,i]θ is approximately PNΛ-sparse.
We will now investigate the joint sparsity of two different chan-

nels. Let dT and dR be the maximum distances between any two
transmit antennas and any two receive antennas, respectively. Fur-

thermore, let w
(s)
T,p be the vector from transmit antenna s to a given

scatterer p, w
(r)
R,p the vector from that scatterer to receive antenna r,

and w
(s)
T,p � ‖w(s)

T,p‖2, w
(r)
R,p � ‖w(r)

R,p‖2. Then, the time delay for

scatterer p is given by τ
(θ)
p = (w

(s)
T,p+w

(r)
R,p)/c , where c is the speed

of light. Let Δτ
(θ1,θ2)
p �

˛̨
τ

(θ1)
p −τ

(θ2)
p

˛̨
denote the difference in time

delay between two different channels θ1 and θ2. Using some simple

geometric arguments, one can show the bound Δτ
(θ1,θ2)
p ≤ τB, with

τB =
dT + dR

c
.

Furthermore, let f0 be the carrier frequency, vT,p the velocity
vector of scatterer p relative to the transmitter, vR,p the velocity

vector of the receiver relative to scatterer p, and vT,p � ‖vT,p‖2,

vR,p � ‖vR,p‖2. Then, the Doppler shift for scatterer p is ν
(θ)
p =

f0
c

ˆ
vT

T,pw
(s)
T,p/w

(s)
T,p+vT

R,pw
(r)
R,p/w

(r)
R,p

˜
. Using the Cauchy-Schwarz

inequality and some geometric arguments, the Doppler shift dif-

ference between two different channels θ1 and θ2, Δν
(θ1,θ2)
p �˛̨

ν
(θ1)
p −ν

(θ2)
p

˛̨
, can be bounded as Δν

(θ1,θ2)
p ≤ ν

(θ1,θ2)
B,p , with

ν
(θ1,θ2)
B,p =

f0

c

"
vT,p dT

w
(s1,s2)
T,p,min

+
vR,p dR

w
(r1,r2)
R,p,min

#
,

where w
(s1,s2)
T,p,min � min

˘
w

(s1)
T,p , w

(s2)
T,p

¯
and w

(r1,r2)
R,p,min � min

˘
w

(r1)
R,p ,

w
(r2)
R,p

¯
.

From these bounds on Δτ
(θ1,θ2)
p and Δν

(θ1,θ2)
p , it follows that the

center points η
(θ1)
p and η

(θ2)
p of the shifted leakage kernel supports

differ at most by �τB/Ts� in the m-direction and by �ν(θ1,θ2)
B,p TsN0�

in the i-direction. Since this is true for any pair of channels (θ1, θ2),

the set of all shifted leakage kernels Λ
(θ)
p [m, i], θ ∈Θ is (approxi-

mately) jointly NΛ,p-sparse, where NΛ,p is bounded as

NΛ,p ≤ (Δm + Δm′)(Δi + Δi′p) , (10)

with Δm′ � �τB/Ts� and Δi′p � maxθ1 �=θ2

˘�ν(θ1,θ2)
B,p TsN0�

¯
. It

then follows from (9) that the spreading functions S
(θ)
h [m, i], θ∈Θ

are jointly S-sparse with S =
PP

p=1 NΛ,p. Finally, the same is

true for the functions F
(θ)

m,i = [Fm,i]θ in (8). If the antenna spacings

(characterized by dT and dR) are much smaller than the path lengths

(characterized by the w
(s)
T,p and w

(r)
R,p) and if the velocities (charac-

terized by the vT,p and vR,p) are not too large, Δm′ and Δi′p will
be small, and thus the joint sparsity parameter S will not be much

larger than the individual sparsity parameters of the functions F
(r,s)

m,i .

4. THE MULTICHANNEL-COMPRESSIVE ESTIMATOR

For practical (underspread [3]) channels as well as practical transmit

and receive pulses, the functions F
(θ)

m,i in (8) are effectively supported
in a small rectangular region about the origin. (Within this region,
these functions share a common, sparse support as shown in Section
3.) Thus, we assume that the support of Fm,i is contained in [0, D−
1] × [−J/2, J/2−1], where D ≤K, J ≤ L is assumed even, and

D and J are chosen such that ΔK � K/D and ΔL � L/J are
integers. Because of (7), the function Hl,k is then uniquely specified
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by its values on the subsampled grid G � {(l, k) = (λ ΔL, κ ΔK) |
λ = 0, . . . , J−1, κ = 0, . . . , D−1}, and there is

Hλ ΔL,κ ΔK =
D−1X
m=0

J/2−1X
i=−J/2

Fm,i e−j2π( κm
D
−λi

J
). (11)

To mitigate the leakage effects affecting Fm,i according to Sec-
tion 3 and thereby enhance the joint sparsity, we generalize (11) to
an orthonormal 2-D basis expansion

Hλ ΔL,κ ΔK =
D−1X
m=0

J/2−1X
i=−J/2

Γm,i βm,i[λ, κ] . (12)

We again assume that the coefficient functions γ
(θ)
m,i � [Γm,i]θ share

a common S-sparse support that is contained in [0, D−1]× [−J/2,
J/2−1] (a suitable construction of the basis {βm,i[λ, κ]} will be
presented in Section 5). Evidently, the 2-D DFT (11) is a special

case of (12) with Γm,i =
√

JD Fm,i.

Let μ� (l, k). We suppose that for each s∈{1, . . . , NT}, Q iden-

tical pilot vectors a
μ
(s)
q

= p(s) =
`
p
(s)
1 · · · p(s)

NT

´T
, q = 1, . . . , Q are

transmitted at Q time-frequency positions μ
(s)
q ∈ P(s), where the

P(s) are disjoint subsets of the subsampled grid G. The pilot vec-

tors p(s) are chosen linearly independent for s = 1, . . . , NT. Note

that |P(s)|= Q, that there are in total NTQ pilot vectors, and that

different entries of a
μ
(s)
q

= p(s) correspond to pilots at the same

time-frequency position transmitted from different antennas. Writ-

ing μ
(s)
q = (λ

(s)
q ΔL, κ

(s)
q ΔK) and inserting relation (12) restricted

to the pilot positions into (4), we obtain

x
(r)

μ
(s)
q

=

D−1X
m=0

J/2−1X
i=−J/2

G
(θ)
m,i βm,i[λ

(s)
q , κ(s)

q ] + z
(r)

μ
(s)
q

(13)

for all μ
(s)
q ∈ P(s) and all s = 1, . . . , NT, r = 1, . . . , NR. Here,

x
(r)
μ � [xμ]r , z

(r)
μ � [zμ]r , and G

(θ)
m,i � γγ

(r)T
m,i p(s), with γγ

(r)T
m,i denot-

ing the r th row of Γm,i. Let B be the unitary JD×JD matrix whose

((i+ J/2)D + m + 1) th column is given by vecλ,κ

˘
βm,i[λ, κ]

¯
,

which denotes the columnwise stacking with respect to λ, κ of the
J×D “matrix” βm,i[λ, κ] into a JD-dimensional vector. Further-

more, let Φ(s) � B(s)D(s), where B(s) denotes the Q×JD sub-
matrix of B composed of the Q rows corresponding to the pilot po-

sitions P(s), and D(s) is a diagonal matrix such that the columns of

B(s) have unit �2-norm. We also define the JD-dimensional vectors

u(θ) � (D(s))−1vecm,i

˘
G

(θ)
m,i

¯
. Finally, let x(θ) �

`
x

(θ)
1 · · · x(θ)

Q

´T
,

where x
(θ)
q � x

(r)

μ
(s)
q

with μ
(s)
q ∈P(s). We can then rewrite (13) as

x
(θ) = Φ

(s)
u

(θ) + z
(θ), θ∈Θ . (14)

Since the coefficients γ
(θ)
m,i were assumed jointly S-sparse, the func-

tions G
(θ)
m,i = γγ

(r)T
m,i p(s) are jointly S-sparse, too. Therefore, (14) is

a simultaneous sparse reconstruction problem: we have to recover

the NTNR vectors u(θ) ∈ C
JD, θ ∈ Θ from the NTNR vectors

x(θ)∈ C
Q, θ ∈ Θ, based on the known “measurement matrices”

Φ(s) ∈ C
Q×JD. Typically, Q 
 JD; however, the u(θ) are (ap-

proximately) jointly S-sparse (e.g., S =
PP

p=1 NΛ,p for the DFT

basis in (11), with NΛ,p bounded according to (10)). Hence, we
can use an MCS recovery algorithm such as DCS-SOMP [2] to ob-

tain estimates of the u(θ) and, after rescaling with D(s), of the G
(θ)
m,i.

Writing g
(r)
m,i �

`
G

(r,1)
m,i · · · G

(r,NT)
m,i

´T
and P �

`
p(1) · · · p(NT)

´
,

the relations G
(θ)
m,i = γγ

(r)T
m,i p(s) yield γγ

(r)
m,i = P−Tg

(r)
m,i (note that

P is nonsingular because the p(s) are linearly independent). From

the estimated γγ
(r)
m,i, we obtain estimates of the subsampled channel

coefficients Hλ ΔL,κ ΔK via (12). Finally, inverting (11) and using
(7) yields estimates of all channel coefficients Hl,k.

For consistency with the standard construction of measurement

matrices [13], the pilot positions P(s) are randomly chosen from the

subsampled grid G. Accordingly, the measurement matrices Φ(s) are

constructed by randomly drawing |P(s)|=Q rows from the unitary
matrix B and normalizing the columns to unit �2-norm.

Alternatively, since Φ(s) in (14) does not depend on r, we can also
apply the SOMP algorithm [1] for s = 1, . . . , NT. This is a special
case of DCS-SOMP for identical measurement matrices. Applying
SOMP NT times is less complex than using DCS-SOMP, or using
orthogonal matching pursuit (OMP) [14] NTNR times.

5. MULTICHANNEL BASIS OPTIMIZATION

We now present an algorithm for designing the basis {βm,i[λ, κ]} in

(12) such that the joint sparsity of the channel coefficients γ
(θ)
m,i =

[Γm,i]θ is optimized. This algorithm is an extension of our basis
optimization algorithms in [6, 9] to the MIMO (multichannel) case.

Consider the single-scatterer channels h(θ)(t, τ ) � δ
`
τ−τ

(θ)
1

´
· ej2πν

(θ)
1 t, θ∈Θ, where τ

(θ)
1 and ν

(θ)
1 are random and distributed ac-

cording to the probability density function (pdf) p(τ1, ν1) �

p
`
τ

(1,1)
1 , . . . , τ

(NR,NT)
1 , ν

(1,1)
1 , . . . , ν

(NR,NT)
1

´
. (A nonstatistical de-

sign that does not require knowledge of p(τ1, ν1) is easily obtained

by constructing p(τ1, ν1) from uniform distributions.) We set

βm,i[λ, κ] � 1√
D

bm,i[λ] e−j2π κm
D (see [6, 9] for a motivation of

this construction), where {bm,i[λ]}J/2−1
i=−J/2, m = 0, . . . , D−1 is

a family of D orthonormal 1-D bases that will be chosen such that
Γm,i is maximally jointly sparse on average. As in [11], the joint

sparsity is measured by ‖Γ‖2,1 �
PD−1

m=0

PJ/2−1
i=−J/2 ‖Γm,i‖F

, where

‖Γm,i‖F
denotes the Frobenius norm of Γm,i . One can show the

following expression for the expectation of ‖Γ‖2,1:

E
˘‖Γ‖2,1

¯
=

D−1X
m=0

J−1X
i=0

E
˘‖BmCm(τ1, ν1)‖(i+1)

2

¯
,

where Bm is the J × J matrix with entries (Bm)i+1,λ+1 �

b∗m,i−J/2[λ] and Cm(τ1, ν1) is the J×NTNR matrix with columns√
Dφ

(θ)
1 (m − τ

(θ)
1 /Ts) c

(ν
(θ)
1 )

m , θ ∈ Θ. Here, c
(ν)
m �

`
C

(ν)
m,0 · · ·

C
(ν)
m,J−1

´T
with

C
(ν)
m,λ �

J/2−1X
i=−J/2

N−1X
q=0

ψ(ν)(i + qL) A∗γ,g

„
m,

i + qL

N0

«
ej2πλi

J ,

where ψ(ν)(i) � e
jπ(νTs− i

N0
)(N0−1)

ψ(i−νTsN0). Finally, ‖A‖(i)2

denotes the �2 norm of the ith row of A. Hence, the joint sparsity
can be optimized by solving the D optimization problems

minBm∈U
PJ−1

i=0 E
˘‖BmCm(τ1, ν1)‖(i+1)

2

¯
, m = 0, . . . , D−1,

where U denotes the set of all unitary J×J matrices. Using a Monte-
Carlo approximation, we redefine these optimization problems as

B̂m � arg min
Bm∈U

X
ρ

J−1X
i=0

‖BmCm(τ1, ν1)ρ‖(i+1)

2
, (15)

for m = 0, . . . , D−1, in which the (τ1, ν1)ρ denote samples of the

random vector (τ1, ν1) drawn from its pdf p(τ1, ν1).
An approximate solution of (15) can be obtained by an iterative

algorithm in which each iteration constitutes a convex minimization

3084



for which efficient methods exist (see [6, 9] for details). This algo-
rithm is initialized by the DFT matrix.

6. SIMULATION RESULTS

We simulated CP MIMO-OFDM systems with K =512 subcarriers,
CP length N−K = 128, QPSK symbols, carrier frequency f0 =
5 GHz, and bandwidth B = 1/Ts = 5 MHz. The interpolation/anti-
aliasing filters f1(t)=f2(t) were root-raised-cosine filters with roll-
off factor 1/4. During blocks of L = 32 OFDM symbols, we gen-
erated a doubly selective MIMO channel using the simulation tool
IlmProp [15]. 7 clusters of 10 specular scatterers each were ran-
domly distributed between transmitter and receiver, which were sep-
arated by about 1500 m. Scatterers and receiver had random velocity
vectors with uniformly distributed directions and velocities of up to
50 m/s for the scatterers and 50 m/s for the receiver. We used up to
four transmit/receive antennas spaced c/(2f0) apart. The noise z[n]
in (3) was complex white Gaussian with component variance σ2

z ad-
justed to achieve a prescribed receive signal-to-noise ratio (SNR).
The SNR is defined as the mean received signal power averaged
over one receive block of length N0 and all receive antennas, di-

vided by σ2
z . The pilot position sets P(s) were randomly chosen

from a subsampled grid G with spacings ΔL= 1 and ΔK =4. We

used |P(s)| = 1024, which implies that 6.25 ·NT% of all symbols

are pilots. The pilot vectors p(s), s = 1, . . . , NT were randomly
chosen, orthogonalized, and normalized such that the power of each

p(s) equals the power of NT data symbols.
For a MIMO system with NT = NR = 3 antennas, Fig. 1(a)

shows the normalized mean-square error (MSE) versus the SNR for
the proposed MCS-based estimator and for conventional channel-
by-channel compressed-sensing (CS) based estimation [5]. In Fig.
1(b), the normalized MSE is plotted versus the number of anten-
nas, NT = NR ∈ {1, . . . , 4}, at an SNR of 20 dB. The recovery
algorithms were DCS-SOMP [2] and SOMP [1] for MCS-based es-
timation and OMP [14] and BP (denoising) [16] for CS-based es-
timation. We used the DFT basis (see (11)) and, for MCS-based
channel estimation, also an optimized basis designed according to
Section 5. The pdf for basis optimization was chosen as p(τ1, ν1)

= p
`
τ

(1,1)
1 , ν

(1,1)
1

´
p
`
τ

(1,2)
1 , ν

(1,2)
1 |τ (1,1)

1 , ν
(1,1)
1

´ · · · p`τ (NR,NT)
1 ,

ν
(NR,NT)
1 |τ (1,1)

1 , ν
(1,1)
1

´
, where each factor is uniform in a rectan-

gular region. The region for the first factor was determined by the
maximum delay and Doppler, and the regions for the remaining fac-

tors were determined by Δτ
(θi,θj )
p and Δν

(θi,θj )
p (cf. Section 3).

It is seen from Fig. 1 that MCS-based estimation using the DFT
basis significantly outperforms CS-based estimation, due to its abil-
ity to exploit joint sparsity. Furthermore, use of the optimized basis
in MCS-based estimation yields a large additional performance gain,
because of the enhanced joint sparsity. DCS-SOMP performs better
than SOMP, since it exploits the joint sparsity of a larger number
of channels. By the same reason, the performance gains mentioned
above increase with the number of antennas (see Fig. 1(b)).

7. CONCLUSION

The application of recently proposed multichannel compressed sens-
ing methods to MIMO channel estimation makes it possible to take
advantage of the joint sparsity of MIMO wireless channels, in addi-
tion to the sparsity of the individual component channels. Simulation
results demonstrated significant performance gains and (for SOMP
recovery) reduced computational complexity of multichannel-com-
pressive MIMO channel estimation relative to channel-by-channel
compressive estimation. A further substantial performance gain was
achieved by a multichannel basis optimization that mitigates leak-
age effects and enhances joint sparsity. The optimized basis can be
precomputed before the start of data transmission.
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Fig. 1. Performance of MCS-based and CS-based MIMO channel
estimation: (a) MSE versus SNR, (b) MSE versus NT =NR.
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[9] G. Tauböck, F. Hlawatsch, D. Eiwen, and H. Rauhut, “Compressive es-
timation of doubly selective channels in multicarrier systems: Leakage
effects and sparsity-enhancing processing.” to appear in IEEE J. Sel.
Topics Signal Process., 2010.

[10] V. Raghavan, G. Hariharan, and A. M. Sayeed, “Capacity of sparse
multipath channels in the ultra-wideband regime,” IEEE J. Sel. Topics
Signal Process., vol. 1, pp. 357–371, Oct. 2007.

[11] Y. C. Eldar and H. Rauhut, “Average case analysis of multichannel
sparse recovery using convex relaxation,” IEEE Trans. Inf. Theory,
vol. 56, pp. 505–519, Jan. 2010.

[12] G. Matz, D. Schafhuber, K. Gröchenig, M. Hartmann, and F. Hla-
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