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ABSTRACT

Combination of multiuser diversity and spatial diversity is a promis-
ing strategy to support high-rate services over wireless broadcast
channels. In multiple antenna systems optimization of linear spa-
tial precoding (beamforming) is severly hampered by the amount
of feedback. An efficient solution is provided by the opportunistic
schemes, which generate a random beamforming and schedule the
user (or the set of users) with the best channel conditions. In this pa-
per we investigate the benefits that can be provided to random beam-
forming technique by the knowledge of the users spatial covariance.
We propose to classify and cluster the users according to the channel
correlation properties. A beamforming configuration is designed for
each cluster of users and clusters are sequentially served by different
time-blocks. Different optimization strategies are devised in order to
achieve multiuser diversity gain or spatial multiplexing gain. Sim-
ulation results show that clustering provides a definite advantage in
exploiting the knowledge of the users spatial covariance. The result
is achieved at moderate complexity, thus making the strategy feasible
to practical systems.

1. INTRODUCTION

Opportunistic beamforming (OB) was recently proposed to exploit
the multiuser diversity in broadcast wireless communication systems
when an antenna array is employed at the base station (BS). The
main idea is to generate random precoding vectors and schedule each
user according to the signal-to-noise ratio (SNR) and the proportion-
al fair weighting rule [1]. Random precoding assumes no-knowledge
of the instantaneous channel coefficients at the BS and each user is
required to send back via feedback channel only the instantaneous
SNR relative to the selected beamforming (partial channel state in-
formation (CSI)). This makes the OB scheme particularly suited to
practical systems where assumption of perfect CSI is not reasonable
especially if the number of users (or the number of transmit anten-
nas) is large and/or the users are moving rapidly. The amount of
feedback can be further restricted by employing the selective multi
user diversity (MUD) approach proposed in [2]. The OB strategy
has been enhanced to spatial multiplexing in [3] and [4], where mul-
tiple random and orthogonal beams are generated and assigned to the
users with the best signal-to-interference-and-noise ratio (SINR).

Benefits of partial CSI in user scheduling has been recently in-
vestigated in literature for uncorrelated fading environment. Perfor-
mance is very effective for systems with a large number (n) of users.
In [1] Viswanath et al. show that for n → ∞, the OB schedules at
each time instant the user in beamforming configuration (i.e., max-
imum SNR). In [4] it has been demonstrated that the sum capaci-
ty for partial CSI-based scheme has the same asymptotic grow-rate
(log(log(n)) as for the case of perfect CSI and optimum dirty paper
coding at the transmitter.

In this paper we investigate the employment of OB in correlat-
ed fading environments. Under assumption of wide sense stationary
(WSS) channel, the channel fading correlation is described by the
second order statistic of the channel, also known as long term CSI
(LT-CSI) or spatial covariance. Since LT-CSI can be assumed con-
stant over a large time-scale [5], we assume that the transmitter is
provided with perfect LT-CSI at the cost of negligible feedback rate.
We enhance the conventional OB scheduling by capitalizing on the
LT-CSI. The main idea here is to design the beamforming according
to the fading correlation, while the user scheduling relies on the in-
stantaneous SNRs (or SINRs), that reflect the instantaneous fading
conditions.

We propose to arrange the users into groups based on their spa-
tial covariance and to assign a beamforming configuration to each
group. Since the aim is to devise strategies suited to be implement-
ed in practical systems, complexity is a crucial issue. In Sect. 3
we present low-complexity clustering techniques to match different
transmission strategies.

Users i and j are said spatially compatible when they have
spatial covariance matrices Ri and Rj so that range(Ri) =
range(Rj). Clustering of spatially compatible users permits to tai-
lor the beamforming according to the spatial covariance of each clus-
ter. Then, the scheduler opportunistically selects the user within the
cluster that has largest SNR. The technique is detailed in Sect. 4 and
enhances the system throughput with respect to existing schemes as
the knowledge of the common spatial subspaces improves the av-
erage users SNR while clustering provides multiuser diversity gain.
Furthermore it permits to reduce the amount of feedback as only the
users belonging to the same cluster are required to feed back the
instantaneous SNR.

Clustering algorithm can be also devised to organize the users
into long-term orthogonal (or quasi-orthogonal) sets, so that users
i and j belong to the same cluster when range(Ri) = null(Rj).
LT-CSI is effective here in the selection of the users compatible to
simultaneous transmission by spatial multiplex. Each cluster is as-
signed a set of beamforming vectors matched to the spatial subspaces
of the grouped users, as shown in Sect. 5. This scheme reduces the
average interference between spatially multiplexed sub-streams, thus
enhancing the system throughput.

The strategies are here alternatively employed and investi-
gated. A comparison under different users covariance matrices
configurations is object of ongoing research.

2. OPPORTUNISTIC SYSTEM MODEL

Consider a Gaussian broadcast channel with n users equipped with
a single antenna and a BS with M antennas. Let x(t) the M × 1
symbols vector transmitted during time-block t by the BS and let



yi(t) the signal at the receiver i related as

yi(t) = hT
i (t)x(t) + ni(t), (1)

where hi(t) = [h
(1)
i (t) · · ·h(M)

i (t)]T is the complex valued chan-
nel vector (assumed known at the receiver) and ni(t) is the AWGN
at the receiver i with ni(t) ∼ CN(0, σ2

i ). Channel vector hi(t)
is assumed Gaussian distributed (Rayleigh fading) according to the
model

hi(t) = R1/2
i w(t), (2)

where w(t) ∼ CN(0, IM ) and Ri = E[hi(t)h
H
i (t)] is the M×M

covariance matrix for user i. According to block-fading assump-
tion, the fading coefficients vector w(t) is assumed constant with-
in each time-block and varies independently across the time-blocks
and among users. Covariance matrix Ri is constant over a large
time-scale and it is drawn according to the propagation model in [6],
which assumes that the mobile terminal is surrounded by a ring of
scatterers. These scatterers cause an angular spread γmax defined as
the ratio of the radius of the ring and the distance between the termi-
nal and the BS. Correlation of each pair (p, q) of antenna elements
of user i can be expressed as

[Ri]p,q = E[h
(p)
i (t)h

(q)
i (t)H ] =

J0(2π(p− q)∆ · γmax cos(φi))e
−j2π(p−q)∆ sin(φi). (3)

where Jo is the Bessel function of the first kind of order zero, ∆
is the antenna spacing in wavelength and φi is the angle between
the user i and the broadside direction. We normalize the channel as
trace(Ri) = M and we define the average system SNR as µ =
1
n

Pn
i=1 σ−2

i .

At the beginning of each time slot the BS constructs a set of K
beamforming vectors um(t) so that the transmitted signal x(t) is the
superposition of K beams

x(t) =

KX
m=1

um(t)sm(t), (4)

where sm(t) stands for the unitary power information symbols
stream. Power is uniform distributed to the beams (||um(t)||2 = 1

K
)

as we do not account for adaptive power allocation. The receiver i is
assumed to perfectly know the value hT

i (t)um(t) (this can be readi-
ly arranged during training) and it computes the SINRs by assuming
that sm(t) is the desired signal and sz(t) is interference (for z 6= m)

γi,m(t) =
|hT

i (t)um(t)|2

σ2
i +

PK
z=1,z 6=m |hT

i (t)uz(t)|2
, m = 1 . . . K. (5)

Each users feeds back to the BS the maximum SINR and the corre-
sponding beamforming index. We assume that the feedback channel
is error-free and instantaneous. An analysis of the effect of imperfect
and outdated feedback is proposed in [7]. At the BS, optimal strat-
egy with the aim of maximizing the sum-rate capacity is to assign
each stream to the user with the instantaneous highest SINR. Nev-
ertheless real systems are also concerned to guarantee fairness and
latency requirements, thus a proportional fairness (PF) algorithm is
considered. This keeps track of the average scheduled SINR of each
user in a past window tc and selects within each time slot the user
i that maximizes the ratio between the actual SINR γi,m(t) and the
average scheduled SINR. Specifically the PF scheduler maximizes
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Fig. 1. Broadcast system with M = 6 antennas at the BS and n = 6
users. Users position determines the correlation metric (directional
model).

(for each m) the metric

Dm(t) = max
i

γi.m(t)

Si(t)
, (6)

where Si(t) is updated at each time slot as

Si(t+1) =

(
(1− 1

tc
)Si(t) +

PK
m=1

γi,m(t)

tc

(1− 1
tc

)Si(t)

user i scheduled

otherwise.
(7)

As shown in [8], the PF algorithm for large tc converges in probabil-
ity at steady state to a unique long-term resource allocation in which
every user is scheduled for equal fraction of time. This result holds
independently to the single user noise power σ2

i . Accordingly, in the
following we assume that PF guarantees a fair long-term resource
allocation and we gear our analysis toward the maximization of the
system sum-rate.

3. CLUSTERING ALGORITHM

Clustering algorithm allocates the users set C into G clusters Ck

for k = 1 . . . G, each one containing |Ck| users, such that where
Ck ∩ Ch = 0 for k 6= h,

SG
k=1 Ck=C and

PG
k=i |Ck| = n. The

partitioning policy can be tailored according to two different trans-
mission strategies. If users belonging to the same cluster Ck have
covariance matrices that span the common subspace, opportunistic
scheduler can achieve multiuser diversity gain by using one beam-
forming design per transmission (K = 1) matched to the spatial
subspace of Ck. Alternatively, grouping users having mutually or-
thogonal covariance matrices permits to achieve spatially multiplex-
ing gain by simultaneously beamforming (K > 1) the users in the
same cluster. An intuitive insight on the two schemes is provided
by Fig. 1 under assumption that γmax = 0 in (3) (i.e., the covari-
ance matrix depends only on the direction of arrival). Users located
along similar directions (1 and 2) have covariance matrices so that
range(R1) = range(R2). The scheduler can achieve multiuser
diversity gain by grouping the users and by using the same spatial
filtering (in figure the beamforming is focused on the middle so as it
serves both users). Differently, user 3 is along an orthogonal direc-
tion (range(R3) = null(R2) = null(R1)) and it can be served
by spatial multiplexing jointly with user 1 or 2.

For both transmission strategies, optimum grouping would be



based on the range-spaces of each covariance matrix, thus requir-
ing the modal decomposition Ri = UiΛiU

H
i , where matrices

Ui = [u
(1)
i , . . . ,u

(M)
i ] and Λi = diag(λ

(1)
i , . . . , λ

(M)
i ) contain

respectively the eigenvectors and the eigenvalues of Ri. Howev-
er, the corresponding computational complexity is unfeasible during
scheduling process. To overcome this problem, we pursue here a
low complexity clustering framework based on a scalar metric ηi,j

that provides a measure of the spatial subspace correlation for each
pair of users (i, j). Specifically, we propose to adopt the following
metric

ηi,j =
tr[RiR

H
j ]q

tr[RiRH
i ]tr[RjRH

j ]
, (8)

that can be rearranged as

ηi,j =

P
p,q λ

(p)
i λ

(q)
j |u(p)H

i u
(q)
j |2qP

p(λ
(p)
i )2

P
q(λ

(q)
j )2

. (9)

It can be noticed from (9) that metric is an average of the (square)
correlation between each pair of spatial modes (u

(p)
i ,u

(q)
j ) weighted

by the corresponding modal components (λ(p)
i , λ

(q)
j ). Normalization

guarantees that the metric lies in the range ηi,j ∈ [0, 1]. The maxi-
mum ηi,j = 1 is achieved when Ri is a scaled version of Rj , while
ηi,j = 0 is obtained when range(Ri) = null(Rj).

We compute the metric ηi,j for each couple of users (i, j) with
i, j ∈ {1, . . . , n} . This requires the evaluation of the product
RiR

H
j for each pair of users, thus leading to an overall computa-

tion complexity of n2/2 matrix products. Once metric values have
been computed, we cluster the users in order to maximize (or mini-
mize) the average metric of the users belonging to the same group,
described by the object function

J {C} =
1

n

GX
k=1

0@ X
i,j∈Ck

ηi,j

1A . (10)

By maximizing (10) we cluster spatially compatible users and
we can achieve multiuser diversity gain as discussed in Sect. 4.
Object function (10) is minimum when each group contains users
spanning quasi-orthogonal subspaces and it is suited to spatial mul-
tiplexing as shown in Sect. 5. In the following we will refer to
the procedures that search for partitioning Ck that maximizes (10) to
cluster spatially compatible users, as minimization is equivalent.

3.1. Tree-Based clustering

Hierarchical clustering consists of building a tree approach like one
depicted in Fig. 2. In the exemplary tree we have the 6 users of
Fig. 1, that are sequentially grouped in G = 2 clusters. At the first
step each users corresponds to a group. At each step we have one
group less. This is achieved by merging two groups at the previous
level in a single group. Between all the possible combinations, we
select the pair (i, j) that maximizes the metric ηi,j . Users 1 and 2 are
grouped at the first step according with Fig. 1. The metric between
the group {i, j} obtained by merging and any user z is approximated
as η(ij),z = (ηi,z + ηj,z)/2. Algorithm requires n − G iterations
and it is well suited for a practical implementation.

If the number of cluster is a statement of the problem, the clus-
tering algorithm terminates when the pre-defined number of clusters
is reached. Otherwise it can be selected by introducing an adap-
tive stopping criteria. Conventional algorithm terminate the merging
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Fig. 2. Tree-based clustering for n = 6 users (see geometrical view
in Fig. 1).

procedure when the object function (10) goes below a prescribed
threshold.

3.2. Equal-elements clustering

When the clusters are required to contain an equal number of el-
ements, hierarchical clustering can not be employed. A solution
at moderate complexity is provided by the compatibility optimiza-
tion algorithm [9], where n users are allocated to G groups such as
bn/Gc ≤ |Ck| ≤ dn/Ge for 1 < k < G. We devise here a simpli-
fied version of the compatibility optimization algorithm [9], that is
summarized in the following.

We design the n × n Hermitian matrix N, whose elements are
defined as [N]i,j = ηi,j and [N]i,i = 1. Each column (or row)
contains the metric relative to a single user. Let define the n × n
block-diagonal matrix F = diag(F1, . . . ,FG), whose diagonal is
composed by |Ck| × |Ck| square matrices Fk consisting of all ones.
Each users ordering corresponds to a clustering solution, in which
sequence of users are partitioned in sets of |Ck| elements. Max-
imizing (10) corresponds to find the optimum users ordering that
maximize the function 1T (N � F)1, where symbol � stands the
element-wise product and 1 = [1 . . . 1]T ∈ Rn×1.

Let No be the matrix N at the first step for users in arbitrarily
order. Let generate a set of n(n − 1)/2 pair of integers (i, j) taken
from the set {1, . . . , n} and iterate the following procedure for each
pair (i, j).

At the t− th step
i) Compute the matrix Nt(i, j) by switching the columns i− th

and j − th in Nt.
ii) If 1T (Nt(i, j) � F)1 > 1T (Nt � F)1, then Nt+1 =

Nt(i, j), otherwise Nt+1 = Nt.

This algorithm finds the global optimum of the object function
(10) at the complexity of n(n− 1)/2 iterations (steps i) and ii)).

4. MULTIUSER DIVERSITY STRATEGY (K=1)

In this Section we design a transmission strategy based on a clus-
tering policy that groups users i and j so that range(Ri) =
range(Rj). The goal is to enhance the system throughput by cap-
italizing both on the LT-CSI and on multiuser diversity within each
cluster.



A single beam u(t) is employed in each time block and
scheduling is based on the instantaneous SNR

γi(t) = |hT
i (t)u(t)|2/σ2

i (11)

of each user. This is the scenario of the conventional OB strategy [1],
where the beam u(t) is randomly generated according to the channel
distribution.

Several improvement to the OB have been proposed in literature.
In [10] the performances of many algorithms are compared under
correlated fading assumption. The best performance is achieved by
eigenbeamforming (EB) strategy, that maximize the average SNR of
each user

γi =
E[|uH(t)hi|2]

σ2
i

=
uH(t)Riu(t)

σ2
i

(12)

The solution consists in transmitting (in different time-blocks) the
set of eigenvectors corresponding to the largest eigenvalues of the
users covariance matrices.

We show that users clustering based on covariance matrices per-
mits to simultaneously enhance the throughput and reduce the feed-
back rate. Specifically, we group the users with high-correlated spa-
tial subspaces by using the tree-based algorithm depicted in Sect. 3
and we associate a single beam uk to each cluster Ck. The strong
channel correlation of the users sharing the same cluster guarantees
high γi (comparable to that of EB) for each user i ∈ Ck. Beamform-
ing to a cluster of users permits to enhance the diversity gain with
respect to EB where each beam is matched to the spatial subspace
of a single user. Furthermore, if the beam uk is properly selected
to be matched to the clustered users, only the users belonging to the
correspondent cluster Ck compete for the highest scheduling metric
(6). As a consequence, the proposed scheme permits to reduce the
feedback rate as only the users belonging to the selected cluster are
required to send back the instantaneous SNR.

If further restrictions on the feedback channel are required, the
selective MUD approach [2] can be employed jointly with the clus-
tering technique. In this case, only terminals belonging to the se-
lected cluster and experiencing SNR above a pre-defined threshold
are allowed to report their channel state information to the BS. This
alternative (selective MUD) will be not further pursued in the sequel.

The algorithm performance and the optimal design are inves-
tigated in terms of the average steady-state scheduled SNR Si =
limt→∞Si(t), where Si(t) is defined in Eq. (7). Since clusters are
served in different time-blocks, we can investigate the performance
of each cluster separately. Without loss of generality we assume that
users {1, . . . , |Ck|} belong to cluster Ck and we analyze the perfor-
mance of cluster k. When PF scheduler is employed at the BS and
the scheduler temporal window tc is large enough (i.e., tc →∞), the
average steady-state scheduled SNR Si for user i ∈ Ck is described
by the following equation (see [8])

Si = πk · E[γi(t)|
γi(t)

Si
= max(

γ1(t)

S1
, · · · ,

γ
|Ck|

(t)

S|Ck|
)]

·Pr ob(
γi(t)

Si
= max(

γ1(t)

S1
, · · · ,

γ
|Ck|

(t)

S|Ck|
)), (13)

where πk is the fraction of time allocated to the cluster k and the
average is over the SNR statistic. In the sequel, the subscript t will be
dropped for easy of notation. It follows from (13) that at steady-state

each user is selected for equal fraction of time [8], thus

Pr ob(
γi

Si
= max(

γ1

S1
, · · · ,

γ
|Ck|

S|Ck|
)) =

1

|Ck|
. (14)

Analytic derivation of Si needs the knowledge of the probability
density function of the instantaneous SNR γi. Since the the users
belonging to cluster Ck are always served by beam uk, the SNR
γi of each users is distributed as χ2

2 RVs (under Rayleigh fading
assumption). Furthermore, the normalization over Si in Eq. (13)
makes the statistic of the maximum equivalent to the statistic of the
maximum of |Ck| i.i.d. χ2

2 RVs. Thus it holds

Si =
πk

|Ck|
· Γ(|Ck|) ·

uH
k Riuk

σ2
i

=
πk

|Ck|
· Γ(|Ck|) · γi, (15)

where γi = uH
k Riuk/σ2

i is the average user SNR, uk is the beam
associated to cluster k and Γ(|Ck|) =

P|Ck|
k=1 1/k is the multiuser di-

versity gain for |Ck| i.i.d. χ2
2 RVs (see [8]). To provide a fair resource

allocation, time-blocks are allocated proportionally to the number
of elements of each cluster, thus it is πk = |Ck|

n
. Consequently the

scheduled SNR for cluster k isX
i∈Ck

Si =
Γ(|Ck|)

n

X
i∈Ck

uH
k Riuk

σ2
i

. (16)

According to (16), steady-state scheduling SNR is maximized when
the beam uk corresponds to the eigenvectors relative to the largest
eigenvalue of the matrix RCk , which contains the users spatial
subspaces scaled by the noise power

RCk = [
R1

σ2
1

, · · · ,
R|Ck|

σ2
|Ck|

], (17)

where we recall that users {1, . . . , |Ck|} belong to cluster Ck.
Thus, the proposed strategy reduces to a cluster eigenbeamforming
(Cluster-EB). Finally, the steady-state system scheduled SNR reads

S =

GX
i=1

Si =
1

n

GX
k=1

Γ(|Ck|)
X
iεCk

γi. (18)

The performance metric S is affected by two main components.
The user SNR γi depends on the cluster geometrical properties,
while the multiuser diversity Γ(|Ck|) is related on the number of
users for each cluster. When the clusters consist in a single element
(|Ck| = 1) the technique reduces to EB. On the other hand, large
clusters enhance the MUD gain, but reduce the average users SNR.
Thus, system throughput is maximized by selecting a proper number
of clusters. Optimum strategy would be to compute the S at each
step of the clustering tree and stop the procedure when maximum
is reached. Nevertheless computation of S during the scheduling
process would require additional complexity, thus we propose to ter-
minate the clustering procedure whenever the object function J goes
below the threshold value Jth. From our simulation experience we
set Jth = 0.75.

4.1. Numerical results

The effectiveness of the proposed Cluster-EB is shown here by
means of simulation results. Performance is shown as the aggregate
sum-rate, defined as the sum of the single users average through-
put. The channels correlation matrices Ri are drawn according to
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Fig. 3. Sum-rate vs. number of antennas M for opportunistic
beamforming (OB) [1], Eigenbeamforming (EB) [10] and Cluster-
Eigenbeamforming (Cluster-EB) strategy. The number of users is
n = 30 and the average SNR is µ = 5, 10, 15dB.

the model described in Sect. 2. The maximum angular spread is
set to γmax = 0.1 for all the users, while the angles of arrival φi

are randomly selected from a uniform distribution within the range
− 2

3
π ≤ φi ≤ 2

3
π. All users are affected by the same noise power

(σ2
1 = · · · = σ2

n). In the following simulation results we set the
temporal window of the proportional fairness scheduling to tc = n
time-blocks.

We compare the Cluster-EB with the conventional EB and the
OB strategies. Fig. 3 shows the sum-rate versus the number of an-
tennas M at the BS for n = 30 users and average system SNR
µ = 5, 10, 15 dB. We notice that the clustering-EB outperforms
both OB and EB techniques and the sum-rate improvement increas-
es with the average SNR µ and the number M of antennas at the BS.
For large M the proposed strategy is very effective as the degrees of
freedom in users spatial clustering increase.

We recall that Cluster-EB scheme simultaneously enhances the
throughput and reduces the feedback rate. Fig. 4 shows the normal-
ized feedback load F of Cluster-EB, defined as in [2] as the feedback
channel usage ratio per time-block averaged over the total number of
users. This measure can also be interpreted as the average (over the
users) probability to effectively send the SNR report over the feed-
back channel. We recall that in OB and EB strategies all the user
send back the instantaneous SNRs in every time-block, thus it is
F = 1. The feedback load of Cluster-EB is shown in figure for dif-
ferent antenna array configuration (M from 2 to 12) and different
number of users in the cell (n = 10, 30, 50, 70). For large M the
feedback load F is lower than 0.2.

Fig. 5 shows the sum-rate versus the number of users n for
µ = 15 dB, M = 8 and M = 4 antennas. As expected the aggre-
gate throughput grows up with the number of users. Cluster-EB pro-
vides a large performance gain with respect to EB and OB for realis-
tic number of users, while the performance gap between the methods
decreases for large n. Knowledge of the LT-CSI is much more effec-
tive for low number of users, while asymptotically (n →∞) EB and
Cluster-EB provide performance similar to OB. This result corrob-
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Fig. 4. Normalized feedback load F vs. number of antennas M
for Eigenbeamforming (EB) strategy. The number of users is n =
10, 30, 50, 70.

orates the idea that random beam selection is asymptotically nearly
optimum.

5. SPATIAL MULTIPLEXING(K>1)

In this Section we devise a transmission strategy that capitalizes on
users clustering to achieve spatial multiplexing gain (K > 1). Let
K ≤ M be the maximum number of sub-strems employed in each
time-block. We allocate the users in G =

˚
n
K

ˇ
sets, each one

containing |Ck| elements with K − 1 ≤ |Ck| ≤ K by using the
equal-elements clustering (see Sect. 3). The object function (10) is
minimized here so that the users belonging to the same groups have
low mutual covariance correlation (i.e., ηi,j ' 0). Thus, the users
sharing the same cluster are compatible to be simultaneously served
as the spatially multiplexed sub-streams are affected by low mutual
interference.

The BS sequentially serves clusters C1, C2, . . . , CG by different
time-blocks. It simultaneously transmits the |Ck| (for 1 ≤ k ≤ G)
eigenbeamforming vectors u

(k)
1 . . .u

(k)

|Ck|
relative to the users be-

longing to cluster Ck. Thus, the method can be seen as simultaneous
EB to a set of users that are compatible to be spatial multiplexed. Ac-
cording to the opportunistic scheme depicted in Sect. 2, the sched-
uler assigns each stream to the user with the highest SINR (up to PF
weighting rule). In the following we refer to the proposed technique
as Mux-Cluster-EB.

Let us assume that users {1, . . . , |Ck|} belong to cluster Ck

and u
(k)
1 . . .u

(k)

|Ck|
are the corresponding eigenbeamforming vectors.

When precoding is matched to cluster Ck, it holds (for i ∈ Ck)

γi,m(t) =
|hT

i (t)u(k)
m |2

σ2
i +

P|Ck|
z=1,z 6=m |hT

i (t)u(k)
z |2

, m = 1 . . . |Ck|. (19)

We notice that users i ∈ Ck are affected by reduced mutual interfer-
ence as precoding vectors u

(k)
z and the channel vectors hT

i (t) are



10 20 30 40 50 60 70 80
5.5

6

6.5

7

7.5

8

8.5

Number of users (n)

S
um

R
at

e 
[B

it/
S

ec
/H

z]

EB
OB

M=8

M=4

Cluster-EB

Fig. 5. Sum-rate vs. number of users n = 30 for opportunistic
beamforming (OB) [1], Eigenbeamforming (EB) [10] and Cluster-
Eigenbeamforming (Cluster-EB). The average system SNR is µ =
15dB and the number of antennas is M = 4, 8.

(ideally) orthogonal (for i 6= z). At the same time each beam u
(k)
z

is matched to the spatial subspace of the corresponding user (i = z)
due to EB technique. Thus, users i ∈ Ck obtain maximum average
SINRs and they are in favorable condition to be scheduled (up to
fading deeps) and to provide high throughput (spatial multiplexing
gain).

5.1. Numerical results

The Mux-Cluster-EB scheme is compared to the conventional op-
portunistic scheme (here referred to as Mux-OB) in [3][4], that gen-
erates a set K random orthogonal beams. To measure the benefits
provided by clustering, we also show the performance of the tech-
nique (here referred to as Mux-EB) that at each time-block randomly
selects K users and transmit the corresponding EB vectors. Fig. 6
shows the sum-rate versus the number of antennas at the BS when
K = 4 beams are transmitted and n = 30 users are served. The
propagation scenario is the same as in Sect 4 and the average SNR
is set to µ = 0 and 10 dB (σ2

1 = · · · = σ2
n). Mux-EB strategy

is inefficient as it does not account for the spatial properties of the
users selected for simultaneous transmission. Mux-Cluster-EB out-
performs OB for M > K and the gain increases with M . For large
number of antennas (as compared with K) the clustering algorithm
has enough degrees of freedom and the users grouped in each cluster
can effectively achieve spatial multiplexing gain. On the contrary
for M = K, the assumption of users orthogonality does not hold
and interference among the substreams is not negligible (particular-
ly for high µ). In this case the best performance is obtained by using
random orthogonal beams (Mux-OB).

Fig. 7 shows the sum-rate versus the SNR µ for M = 8, n = 30
and K = 2, 4, 6. We still notice that Mux-Cluster-EB provides
a large performance gain in SNR with respect to conventional OB,
particularly for K � M (as for K = 2 and K = 4). The gain re-
duces when the number of beams approaches number of the antennas
M .
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Fig. 6. Sum-rate vs. number of antennas M for Mux-OB [3],
Mux-EB and MUX-Cluster-EB. The number of users is n = 30,
tha average system SNR is µ = 0, 10dB and K = 4 beams are
simultaneously transmitted.

6. CONCLUSIONS

In this paper we have shown that clustering the users according to
the spatial covariance is a powerful tool to enhance the performance
of the opportunistic schemes in broadcast communication systems.
We have proposed two algorithms for assigning users to groups ac-
cording to different optimization criteria. Grouping users with spa-
tially compatible channel is suited to a transmission strategy that en-
hances the multiuser diversity by transmitting a single beam match-
ed to the spatial subspace of each cluster. Alternatively clustering
can be devised to select the users compatible to be simultaneously
served, so that spatial multiplexing gain can be achieved by trans-
mitting a set of beamforming vectors matched to the users spatial
subspaces. Simulation results show that both the schemes permit a
considerable throughput gain, particularly when the BS is provided
by a large number of antennas and it serves a reasonable number
of users. Since clustering algorithms require moderate complexity,
the proposed schemes, even if sub-optimum, are suited to practical
implementation when a reduced feedback is mandatory compared to
other optimal strategy, that requires that transmitter schedules users
based on instantaneous CSI.
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