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ABSTRACT An alternative approach to equalization can be based
on clustering, exploiting the fact that, for channels eaatit

Inthis paper, we present a clustering technique for degpdin y signals belonging to a finite alphabet, the noisy obser-
fast time-varying multiple-input multiple-output (MIMO)  yations tend to cluster around a finite numberchénnel
channels. The proposed method builds upon previous workstates Once these channel states have been estimated, chan-
that exploited the symmetry of the constellation and the or- ne| equalization reduces to a classification problem. The
der of the data within a spectral clustering procedure. The y3in drawback of these algorithms is that the number of
novelty of this work is that by adjusting the different steps ¢|ysters grows exponentially agt, wherelM is the con-
of the standard spectral clustering algorithm, it introeliC  gte|lation size andV, is the number of transmit antennas.
the expected shape of_ f[he_clusters_into the clustering Pro-Recently, methods have been proposed to reduce the num-
cess. The main modification applies to the construction per of clusters to estimate by exploiting the input constel-
of the weighted graph, for which it is shown that a path- |5tion geometries]414] and to extend from single-input to

based kernel, theonnectivity kerngican be a more appro-  myjtiple-input systems [5]. However, these clusteringtmet

tained spectral clustering method is capable of finding-clus

ters in sequential da_tg. Experimental results are incltoled In fast time-varying systems, the variations in the mix-
demonstrate the validity of the method. ing matrix provoke a movement of the cluster centers and,
consequently, the clusters adopt non-convex shapes and ove
lap each other. Conventional clustering algorithms such
as k-means and expectation-maximization (EM) learning
would fail for these non-convex clusters. [d [6, 7] the au-
thors presented a clustering technique that can deal vath fa
time-varying systems. By adding a temporal dimension to
the scatter plot, this method converted the overlappingclu
ters into intertwined threads, which are then clusteredgisi

a standard form of spectral clustering. Moreover, the geom-
etry of the constellation was taken into account to reduce
the number of clusters to retrieve.

1. INTRODUCTION

In the last decades, multiple-input multiple-output (MIMO
wireless communication technology has gained consider-
able attention, since it can offer significant increasepéats

tral efficiency compared to traditional single-input siag|
output (SISO) transmissions. A number of computationally
efficient algorithms have been proposed for reliable sym-
bol detection in flat-fading MIMO systems, based on the
assumption that the MIMO channel is static and known at
the receiver side. Nevertheless, their direct applicaition
fast time-varying environments is difficult. A few adaptive
equalization algorithms have been proposed that adaptivel
estimate the channel based on decision feedb&tk [1, 2].

This paper aims to improve the previously presented
technique by incorporating more information on the prob-
lem into the clustering procedure. First, the expected-elon
gated shape of the clusters is taken into account by using a
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Fig. 1. Effect of different normalized Doppler spreads on the nexmbdata symbols. Top row: Scatter plots of the data
received by one receive antenna for a BPSK MIMO system witta@2simit antennas, for different values of the normalized
Doppler frequency;T'. Bottom row: Scatter plots to which the time index was addedraadditional vertical axis. Due to
the channel changes during the transmission of the daté,ldacved threads appear in this plot.

2. PROBLEM STATEMENT 3. SPECTRAL CLUSTERING-BASED APPROACH

In a typical MIMO flat-fading system withV, transmitand ~ 3.1. Exploiting the data order and geometry
N, receive antennas, th¥,-dimensional received vector

X . In [6] the authors noted that adding the temporal dimen-
x,, attimen is expressed as

sion to the received data “untangles” the overlapping clus-
ters into intertwined threads, as can be seen in the bottom
row of Fig.[. Based on this insight, a clustering procedure
was designed to retrieve the different threads. At the cbre o
whereH,, is the complexV;, x N; channel matrix whose  this procedure lies a spectral clustering algorithm, wich
elements represent independent flat-fading SISO channelsaple to retrieve non-convex clusters based on pairwise sim-
d,, contains theV (in general, complex) symbols transmit- jlarities using a Gaussian kernel.
ted by theN; antennas at time, andv,, represents both Additionally, to improve the performance of the decod-
spatially and temporally white complex zero-mean Gaus- jng algorithm in cases where clusters were not densely pop-
sian noise. The goal of blind symbol decoding is to estimate yjated or difficult to distinguish, some geometrical infor-
the symbolsl,, given only the received data points. mation was incorporated into the clustering algorithm: As
In MIMO systems withfast time-varyingchannels, the  can be seen in Fig[d 1, the symmetry of the constellation
channel matrix changes from symbol to symbol due to the translates into the clusters following symmetric trajeets.
Doppler spread caused by the movement of the transmitteiBy treating symmetrical clusters as one in a first clustering
and/or receiver. In such systems, depending on the Dopplektage, an easier clustering problem was obtained in which
spread, the channel matricds are temporally correlated.  |ess but denser clusters were to be found. In a second stage,
The top row of Fig. [ illustrates the effect of differ- each group of symmetrical clusters was again divided to find
ent Doppler spreads on the scatter plot of a received datahe final clusters. Details can be foundlunll5, 7].
block in a typical binary phase-shift keying (BPSK) MIMO This technique obtained very satisfactory results. Ingase
system, for which the basic constellation points drec of high noise or high Doppler spread, however, it did not ex-
{+1,—1}. Whereas the received data in a static system clude invalid solutions in which clusters were bifurcated o
contains clearly separable clusters (flg. 1(a) top), ima+i two threads were clustered as one. To avoid these situations
varying system these will overlap (Fig. 1(b), (c) and (d))top arestriction needs to be built into the clustering procedaoir
and classical clustering algorithms that operate diremtly  avoid clusters that do not consist of single threads, or-clus
the data will fail. ters that do not approximately span the entire time range.



In the sequel, we will first give a general description of
spectral clustering and then propose some modifications to
retrieve clusters that have this specific shape.

3.2. Spectral Clustering

Consider the weighted gragh= (V, £) derived from the
data such that the vertices are the data paints {x;} and
where each edgg, j) is assigned a weight that expresses
the similarity between its two vertices. An often used simi- Fig- 2. Path-based similarity: Due to the optimal paths gen-

larity measure is the Gaussian kernel: erally following dense regions of data, vertidgsand; are
considered more similar thap and;.
d? .
K(xi,x;) =exp ( ——5 || 2
g form thread-like shapes such as in Hiy. 1 it would be conve-
. . . ..__nient to use a kernel function that adjusts better to theeshap
whered; ; is some distance measure such as the Euclidian . . .
: ’ : . of the data groups. In the following section a kernel functio
distanced; ; := ||x; — x;|| ando is thekernel size The

affinity matrix K (also calledsimilarity or kernelmatrix) of Is designed that favors such shapes.

a weighted graph is the matrix that contains the kernel func-
tions K, ; = k(x;,x;) between all point pairs. Spectral 4. OPTIMIZING THE KERNEL EUNCTION
clustering is performed by analyzing the spectrum of this
matrix. One of the most successful spectral clustering-algo 4.1. Path-based Spectral Clustering
rithms is the Ng-Jordan-Weiss (NJW) algorithm, introduced
in [8]. It can be summarized in the following three steps: ~ Path-based clustering[10.111] is a recently developed tech
nique for clustering groups of points that are elongated in
1. Aﬁlnlty matrix Obtain this matrix from a graph USing addition to being dense. In graph theory’ a nath a graph
K j = k(x;,x;) andK;; = 0, fori, j=1,..., N, G is an alternating sequence of vertices and edges, begin-
ning and ending with vertices, in which all vertices are dis-
tinct and each edge is incident with the vertex immediately
preceding it and with the vertex immediately following it.
Let us denote byP; ; the set of all paths from verteix
to vertexj. When dealing with elongated structures, two
points should be considered similar if there is a clear path
3. Eigenvector clusteringTreat the rows oV as points between them, in the sense that all of its edges are short.
in R, and normalize them to unit length. Cluster For instance, in Fig[]2, the verticés and;j belong to the
them with an algorithm such @smeans. Assign the  Ssame cluster. This is reflected in the fact that there is a path
original pointx; to cluster;j if and only if rows of the between them that consists only of short edges. On the other

2. Eigenvectors of the graph Laplacidn ObtainL. =
D-'/2KD~'/2, whereD is a diagonal matrix with
D,;; = Z;-Vzl K;;. Formthe matriV = [v1,..., V]
containing then largest eigenvectors d@f, wherem
is the number of subsets to retrieve.

matrix V was assigned to clustgr hand, the vertices, andj belong to different clusters, and
_ . o any path between them will contain at least one longer edge.
All spectral clustering algorithms follow a similar thretep Based on this observation, i1 ]10] a kernel function was

procedure, but they differ in the details of each sief|8, 9]. proposed that calculates the similarity between two vestic
In the first step, a kernel function should be chosen that re-; andj based on theveakest link of the best pabietween
flects the information about the problem as much as possi-them. Theweakest linkof a pathp is considered to be its
ble. For instance, if the goal is to retrieve dense clusters o |ongest edge. We will denote the length of this edge as the

connected points, the Gaussian kerliel (2) can be used. Ingffective distance” of the path, which can be written as
the second step, a “graph Laplacian” matrix is constructed
and its eigenvectors are retrieved. This step can be inter- & . = max dy,. (3)
preted as finding a low-dimensional representation of the Y (khep
data. Thanks to the properties of the graph Laplacian, the
obtained points now form compact and well-separated clus-
ters [9], which can be retrieved in the third step by a simpler
clustering procedure such Asmeans.

This kernel function is very useful for clustering dense -

o~ min P
cloud-like shapes of points. However, when the data points dij = pePrs dy ;- (4)

Thebest pattbetween the two vertices will be the one whose
effective distance is shortest, and we denotedfiective
distance between the two vertices



Based on this metric, the similarity between verticaad;
can be expressed using the Gaussian kernel as

2

exp (—‘i—) )
exp < ! ) .

This kernel function is called “connectivity” kernel.
Although the computation of the kernel functifh (5) con-

Ke(Xi, X;j)

5 min max dj
0“ pePi,j (k,l)Ep

tains a min-max operation over all possible paths between _ o - '
two vertices, a recursive scheme can easily be applied toF19- 3. The effective distance between vertigeznd,j can

calculate the kernel function based on the result for shorte
segments, for instance by using Dijkstra’s shortest path al
gorithm [12]. In the following an efficient algorithm is pre-
sented for sequential data.

4.2. Adaptation for Sequential Data

The application considered in this paper deals with data

symbols from communications, which are sent and received

sequentially. While the previous section describedgie-

eral path-based clustering method, the problem treated here § < 0: Due to symmetry of the ker

deals with ordered data and therefore it will benefit from
incorporating temporal information into the clustering@pr

be calculated by considering all combinations of two strorte
optimal paths, fromito £ and fromk to j, withk = i,.. ., j.

of the direct connection is simply its Euclidian dis-
tance, while the effective distance of a combination
of shorter paths can be calculated as the maximal ef-
fective distance of its parts. The resulting effective
distance betweer; andx; is the minimum of the
effective distances over these paths.

nel;; = di ;-

cess. Note that most kernel methods and clustering algo-4 3. A sdf-Tuning Connectivity Kernel

rithms do not take into account any order in the incoming
data.

The connectivity kernel can respect the data order by
only considering paths that are “monotonic” in the tempo-
ral dimension. In other words, the paths used in kefdel (5)
should either consisbnly of edges(k,l) € p that fulfill
l > k, oronly of edges that fulfillk > [. Moreover, this re-
striction greatly reduces the total number of paths thatinee
to be taken into account, which is very convenient for com-
munications problems.

The following scheme describes how to efficiently cal-
culate the effective distances between all pairs of datatppoi
resulting in an effective distance matix. Once obtained,
the similarity between points can be obtained by calcujatin
@). Let us denote by = j — i the “temporal separation”
between points; andx;. We will fill the effective distance
matrix D one diagonal at a time, in an inductive manner:

1. 6 = 0: Elements on the diagonal & correspond to
pairs of identical points, and therefaig; = 0, Vi.

2. 6 = 1. Elements on the first upper diagonal are con-
secutive data points, for whiah ;11 = d; ;+1, Vi.
3. 0 = I: Elements on théth upper diagonal can be cal-

culated based on the results obtainedfor . The
optimal path betweer; andx; is either a direct con-
nection ofx; andx;, or a combination of two shorter
paths, as illustrated in Figl] 3. The effective distance

Since the clustering procedure is very sensitive to thedktern
width o, the algorithm proposed inl[6] used a “local scal-
ing” procedure for the Gaussian kernel. Instead of using a
single globals for all data points, a local kernel widi;

was assigned to each point, equal to the median of distances
to its K-th nearest neighbors [13]. The same idea can be
applied to increase the robustness of the connectivity ker-
nel (@), leading to the followindpcally scaledconnectivity

kernel: )

This kernel is obtained in a straightforward manner by scal-
ing each distancé; ; by the local scales; ando;, before
calculating the effective distanckg ;.

Kie(Xi,X;) = exp <— (6)

0i03j

5. OPTIMIZING THE EIGENVECTOR
CLUSTERING

Up till this point, the described algorithm favors elonghte
groups of points by making use of the connectivity kernel in
its first step. In its second step, the eigenvectors of thgtgra
Laplacian are retrieved, whose rows correspond to the input
data points but allow for easier clustering. Optimally, the
clustering in the last step should retrieve thread-likesclu
ters that span as much of the time range as possible, if the
temporal dimension is taken into account again. To rule out
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Fig. 4. Performance comparison of different algorithms for Fig. 5. Comparison of the initial16] and the proposed algo-
a2 x 2 BPSK system withf; 7" = 0.005. rithm at different Doppler spreads, foRa 2 BPSK system.

invalid solutions such as bifurcated threads, which can oc- from the NJW algorithm ané-means.
cur by plainly applyingk-means at this point, we propose
to add the temporal dimension again to the obtained points
and use hierarchical clustering to detect the final clusters

N _In_ agglomerative hierarchical clustering, each point is « The proposed spectral clustering algorithm, which uses
initialized as a cluster. Subsequently, the two closest-clu alocally scaled connectivity kernel, the Laplacian from
ters are joined, and this process is repeated until theatksir the NJW algorithm and hierarchical clustering.

number of final clusters is obtained. The distance between

clusters is measured as the minimal Euclidian distance be-For the clustering algorithms, the optimal number of neigh-

tween any node of the first cluster and any node of the sec-bors was determined experimentally &s = 14, and the

ond cluster, which is known as “single linkage” hierarchica scaling of the temporal axis was fixed@as= 5 - f47 - n

clustering. The additional constraint we add to avoid in- with n = 0,...,255. Once the clusters were retrieved, the

valid solutions, is that if two clusters overlap in time, yhe original symbols were decoded using oiNy pilot symbols

are only linked if at least» — 1 additional clusters overlap  (seell6]), placed in the middle of the frame.

in the same time fraction. If this is not fulfilled the cluster In afirst setup, & x 2 system with a Doppler frequency

pair is not merged but skipped in this iteration, and the next of ;7" = 0.005 was considered. Fif] 4 shows the bit error

closest pair of clusters is considered. (BER) rates for the compared algorithms. It can be observed
that the algorithm froni]i6] (third curve) performs poorly fo

6. TEST RESULTSAND COMPARISON high noise Ievelsz but_reaghes the same performgnce as the

GDFE for low noise situations. When the Gaussian kernel

Computer simulations were carried out to illustrate the per is replaced by the connectivity kernel, a dramatic increase
formance of the proposed algorithm. The following param- Performance is seen, as shown by the fourth curve. An ad-
eters were assumed: A BPSK signal was used, the channelditional improvementin performance can be achieved when
were independent Rayleigh flat-fading and the temporal cor-moreover the finak-means clustering method is replaced
relation of the channels was based on the Clarke and Gan®y the described hierarchical clustering method.

e The algorithm from[[B] in which the Gaussian kernel
was replaced by a locally scaled connectivity kernel.

Fading Model[[T4]. Each data block consisted266 slots In Fig. [@ the change in performance due to different
(i.e. anlN, x 256 matrix of BPSK symbols is transmitted). normalized Doppler spreads is shown, for the spectral clus-
Different decoding algorithms were compared: tering algorithm from([5] and the proposed algorithm.

As a final example, Fig[16 shows the clustering result
e The adaptive GDFE method froml [1], usidg pilot  on a data set that is contaminated by impulsive noise. The
symbols and a forgetting factdrof 0.95. noise pdf of this example is(v) = 0.9p; + 0.1p,, where
p1 andps are zero-mean Gaussian white noise distributions
with Eb/NO = 15dB andEb/NO = —15dB, respectively.
If the outliers do not lie in between the clusters (as in Fig.
B), the connectivity kernel-based clustering is not digzdp
e The spectral clustering algorithm frofr [6], which uses when it retrievesl clusters. Wher clusters are retrieved,
alocally scaled Gaussian kernel, the Laplacian matrix the outliers are grouped as a new cluster.

e Spectral clustering (SPCL) with A-nearest neigh-
bor (KNN) kernel, a standard Laplacian matrix, and
k-means eigenvector clustering.



Fig. 6. Clustering with impulsive noise. Top: retrievidg
clusters. Bottom: retrieving clusters.

7. CONCLUSIONS

We presented a clustering algorithm that is capable of de-
coding fast flat-fading time-varying MIMO channels, mark-
ing improvements over an earlier proposed clustering<ase

approach.

(3]

(4]

(5]

(6]

[7]

(8]

To this end, the different steps of the spectral clustering 9]

algorithm were analyzed and adjusted to suit this particula
problem better. Specifically, it was shown that the connec-
tivity kernel is more appropriate than the Gaussian kemel i
this case, and a hierarchical clustering procedure camlavoi
some mistakes made lhiymeans in the final clustering step.
Results show that the proposed method improves per-
formance over previous clustering methods, and for high

(10]

Doppler spreads it outperforms the adaptive GDFE method[11]

using less pilot symbols. Due to its use of a distance-based

similarity measure, it can also be less prone to outliers.

8. REFERENCES

[1] J. Choi, H. Yu, and Y.H. Lee, “Adaptive MIMO de-
cision feedback equalization for receivers with time-

varying channels,IEEE Trans. on Sig. Progvol. 53,
no. 11, pp. 4295-4303, Nov. 2005.

[2] V. Kekatos, A.A. Rontogiannis, and K. Berberidis,

(12]

(13]

J.R. Montalvdo Filho, B. Dorizzi, and J.C. M
Mota, “Channel estimation by symmetrical cluster-
ing,” IEEE Trans. on Sig. Procvol. 50, no. 6, pp.
1459-1469, June 2002.

Y. Kopsinis and S. Theodoridis, “A novel cluster based
MLSE equalizer for M-PAM signaling schemes$ig-
nal Processingvol. 83, no. 9, pp. 1905-1918, 2003.

K. I. Diamantaras, “A clustering approach for the blind
separation of multiple finite alphabet sequences from
a single linear mixture,” Signal Processingvol. 86,

no. 4, pp. 877-891, 2006.

S. Van Vaerenbergh, E. Estébanez, and |. Santamaria,
“A spectral clustering algorithm for decoding fast
time-varying BPSK MIMO channels,” ii5th Eu-
ropean Sig. Proc. Conf. (EUSIPCO 200Boznanh,
Poland, Sept. 2007.

S. Van Vaerenbergh and |. Santamaridntelligent
Systems: Techniques and Applicatiomhapter A
Spectral Clustering Approach for Blind Decoding of
MIMO Transmissions over Time-Correlated Fading
Channels, pp. 351-377, Shaker Publishing, 2008.

A. Y. Ng, M. I. Jordan, and Y. Weiss, “On spec-
tral clustering: Analysis and an algorithm,” #d-
vances in Neural Information Processing Systems 14
(NIPS 2002) Cambridge, MA, 2002, pp. 849-856,
MIT Press.

U. von Luxburg, “A tutorial on spectral clustering,”
Tech. Rep. 149, Max Planck Institute for Biological
Cybernetics, August 2006.

Bernd Fischer, Volker Roth, and Joachim M. Buh-
mann, “Clustering with the connectivity kernel,” in
Advances in Neural Information Processing Systems
16 (NIPS 2004)Cambridge, MA, 2004, MIT Press.

U. Ozertem, D. Erdogmus, and M. Carreira-
Perpifian, “Density geodesics for similarity cluster-
ing,” in IEEE Int. Conf. on Acoustics, Speech and Sig.
Proc. (ICASSP 2008April 2008, pp. 1977-1980.

E. W. Dijkstra, “A note on two problems in connexion
with graphs,” Numerische Mathematikol. 1, no. 1,
pp. 269-271, December 1959.

L. Zelnik-Manor and P. Perona, “Self-tuning spec-
tral clustering,” inAdvances in Neural Information
Processing Systems 17 (NIPS 2Q@mbridge, MA,
2005, pp. 1601-1608, MIT Press.

“Cholesky factorization-based adaptive BLAST DFE [14] T. Rappaport, Wireless Communications: Principles

for wideband MIMO channels EURASIP Journal on
Adv. in Sig. Prog.vol. 2007, pp. 11 pages, 2007.

and Practice Prentice Hall PTR, 2001.



	 Introduction
	 Problem Statement
	 Spectral Clustering-based Approach
	 Exploiting the data order and geometry
	 Spectral Clustering

	 Optimizing the Kernel Function
	 Path-based Spectral Clustering
	 Adaptation for Sequential Data
	 A Self-Tuning Connectivity Kernel

	 Optimizing the Eigenvector Clustering
	 Test Results and Comparison
	 Conclusions
	 References

