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Abstract

This paper presents a joint clustering-and-tracking framewak to identify time-variant cluster pa-
rameters for geometry-based stochastic MIMO channel models

The method uses a Kalman lter for tracking and predicting cluster positions, a novel consistent
initial guess procedure that accounts for predicted cluste centroids, and the well-known KPower-
Means algorithm for cluster identi cation.

We tested the framework by applying it to three entirely di e rent sets of MIMO channel mea-
surement data obtained by di erent channel sounders: indoo measurements conducted at 2.55
GHz, outdoor rural measurements at 300 MHz, and outdoor sub-tban measurements at 2.0 GHz.
The time-variant cluster parameters of interest are: (i) cluster movement, (ii) change of cluster
spreads, (iii) cluster lifetimes, and birth and death rates of cluster.

We nd that clusters show signi cant movement in parameter space depending on the envi-
ronment. The spreads of individual clusters change rather andomly over their lifetime, with a
standard deviation up to 150% of their mean spread. The clugtr lifetime is approximately expo-
nentially distributed, however additionally one has to account for long-living clusters coming from
the line-of-sight path or from major re ectors.

1 Introduction

In order to validate algorithms that exploit the opportunit ies o ered by MIMO systems, MIMO
channel models that are accurate, yet tractable are in high eed. A promising approach involves
cluster-based MIMO channel models [1]. As a matter of fact, tle majority of standardized MIMO
channel models, like 3GPP-SCM [2], IEEE 802.11n [3], COST 25®CM, and COST 273 [4] are
cluster based.

In measured MIMO channels the multipath components (MPCs) tend to occur in clusters, i.e.,
groups of MPCs with similar parameter values such as delay, idections of arrival (DoA) and
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Figure 1: Clustering framework: Clusters with parameters (" are identi ed and tracked in the

input data (X (M; P(M), the Kalman Iter updates the cluster parameters, the prediction
provides an input to the initial guess.

directions of departure (DoD) [5, 6, 7]. It was shown in [8, 9]that channel models disregarding
clustering e ects overestimate the channel capacity.

In order to consistently parametrize recent cluster-based NMO channel models [10], the clusters
must be identi ed and parametrized from measurements. Initially, cluster identi cation was done
visually [11, 6, 7], but this procedure is cumbersome and ting for a large amount of measurement
data, and for multi-dimensional parametric data it becomes pactically impossible. Moreover,
visual clustering lacks a clear de nition of what a cluster is. Thus, automatic cluster identi cation
algorithms for parametric MIMO channels were developed [1213, 14]. These algorithms were all
designed to identify clusters in individual time instants, and did not address the issue of cluster
tracking over time. Since clusters can be used to model timeariant scenarios as well, a consistent
approach is required for joint cluster identi cation-and-tr acking over time. A simple cluster tracking
algorithm was presented in [15], but it did not take joint clu stering and tracking into account. An
alternative method is to track individual paths directly in the impulse response [16].

In the present work we develop a joint clustering-and-tracking framework that uses (i) a Kalman
Iter [17] to track and predict cluster positions together with (i) a new initial-guess procedure
allowing to include the prediction of the Kalman Iter, and ( iii) the KPowerMeans clustering
algorithm using the MCD distance metric [13] to identify clusters. To test the framework we
used three dierent sets of time-variant MIMO channel measurements, one indoor environment
measured at 2.55 GHz showing rich scattering, an outdoor enkonment measured at 2.0 GHz
showing few, very distinct propagation paths and many weak sattered paths, and another outdoor
rural environment measured at 300 MHz. We found that this framework enabled to extract the
cluster characteristics from time-variant MIMO channel measurements consistently.

The paper is organized as follows: Section 2 will describe thproblem and introduce the parame-
ters used. In Section 3 we provide a comprehensive descripti of the joint clustering-and-tracking
framework. An overview of the three di erent MIMO channel me asurements is provided in Sec-
tion 4. Results from applying the framework to the measuremat data are presented in Section 5.
Finally, we conclude the paper in Section 6.

2 Problem description

Like in existing clustering applications, the starting point is a large number of measurements with
a MIMO channel sounder. The parameters of the MPCs are estimid from the measured impulse
responses using a high-resolution algorithm, e.g. SAGE, foeach snapshot, individually.

In standard clustering, each snapshot is clustered indepeatently [18, 13], and the clusters might
be tracked afterwards [14]. The problem to solve is how to cofmine clustering and tracking in order
to improve the clustering performance and to consistently tack clusters.



We consider N data windows, n = 1:::N, each with a number of L(" MPCs, where ev-
ery single MPC is represented by its powerPl(”), | =1:::LM, and a parameter vectorxl(”) =

[ I(”) ' (R”X);, ' (T';);I]T containing the delay, azimuth AoA and azimuth AoD, respectively. The data

for all paths are collected in the power vectorP™ = [PV :::P(M]T and the matrix X (M =
Wz (M
Each cluster is determined by following parameters:

1. A unique cluster-ID c.

2. The cluster power at time n. Denoting the set of path indice|§ belonging to clusterc at time

snapshotn by | " the cluster power is calculated as (™ = ) P,(”).

3. The number of pathswithin the clusters L((;”) = jl ((;”)j, where every path is assumed to belong

to one cluster, uniquely.
4. The cluster centroid position in the angle-angle-delay domain E”). The cluster centroid
position can be calculated as
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where the mean angle is calculated by averaging angles oveheir respective complex repre-
sentation.

For tracking, also the centroid speed is of interest, so we auobine the position and speed in
(n) = Mm@ ) L) () .

the cluster tracking parameter vector ¢ Rxic  Rxcc Txic | Txic

5. The cluster's joint spread Cﬁ”), which is the power-weighted covariance matrix of the path
parameters within one cluster at time n. The main diagonal contains the cluster spreads
of the individual dimensions, i.e. the cluster delay spreadthe cluster AoA spread and the
cluster AoD spread. The o -diagonal elements describe the awelation between these spreads.

The cluster spread matrix is calculated by
=]
cm = 2 PO e T 2
c - (n) . ( )

c

Note that in this equation, whenever adding or subtracting angles, the result must be mapped
to the principal value in the interval of (  ; ], which can be achieved easily by the operation

pv(* ) = angle(exp(j’ )): 3)

Based on this cluster data model, we will now introduce the dlistering-and-tracking framework.



3 Framework

For each time snapshot, the following steps are performed ée Figure 1):

1. A Kalman Iter [17] both tracks the cluster position over t ime, and predicts the cluster
position in the next snapshot.

2. The initial-guess routine provides a initial guess of the tuster centroids, taking the predicted
cluster centroids into account.

3. The clustering algorithm identi es clusters in the measuement data based on the initial guess.

3.1 Kalman cluster tracking
3.1.1 State-space model

We consider linear cluster movement in delay and angles. Fothe Kalman tracking [17], only the
cluster centroid position  is used. We use the following state equation

O =0 Dewo; @
wherew (" denotes the state-noise with covariance matrixQ, and is the state-transition matrix
given by

| 11 .

3 01 °
where identity matrices are denoted by ly4 with d denoting the dimension, and denotes the
Kronecker matrix product.

Since we can observe only the cluster centroids and not theispeed, we use the following obser-
vation model

gn) = H ((:n) + V(”); (5)
where En) describes theobservedcluster centroid position, thus H is given by
H=1z [1 0] (6)

and v(" denotes the observation noise with covariance matrixR .

3.1.2 Tracking equations

The derivation of the Kalman Iter is straight-forward and le ads to following prediction and update
equations'

Prediction:

(ann 1) = gn 1jn 1); (7
M@Oin D= 0 ln D T . (8)
Update:

K@D = mOin DTy Oin DYT 4 Ry L. 9)

(i) = (in Dy i oy (nin Dy, (10)

M (in) - = (1 K (M H M (njn - 1). (11)

The identity matrix is used as initial value for Q, M and R.

!Note that the principal-value calculation rules apply for the angular dim ensions



3.1.3 Cluster association

A major problem in multi-target tracking is how to associate the predicted with the identi ed
cluster centroids. Usually, such an association is based othe Euclidean distance in parameter
space. Since we are tracking clusters that show a certain eght in parameter space, the Euclidean
distance does not provide a good association. Instead, we @ighe following probability-based
method:

The distance between a cluster with parameters (; C¢) and a cluster centroid ~ is de ned

by
1

(2 )32jCj*™

Since a small distance between the two centroids now correspds to a large value of this
function, we refer to it as the closeness function

G(~ «Co) ep (- JCH- D ()

The closeness function is evaluated between all predictedna all new cluster centroids in both
directions, i.e. between the old and the new centroids usinghe old covariance matrix, and
between the new and old cluster centroids using the new covance matrix.

For each old cluster we determine the closest new cluster bynding the maximum value of the
closeness function, and vice versa, for each new cluster wetérmine the closest old cluster
in the same way.

Whenever these two clusters are closest mutually, these twolusters are associated and being
considered as thetracked cluster.

Clusters that were not associated from the old snapshot stofio exist, clusters that were not
associated from the new snapshot are considered as new clest.

3.2 Cluster initial guess

A crucial point in any iterative clustering algorithm is the initial guess of the cluster centroids. Our
new method chooses the centroids by maximizing the distansebetween them. In the following we
will present how to choose the initial-guess centroids®.

1. Initialization:

No cluster prediction available:

The rst centroid ”; is chosen as the path having strongest power. Go to Step 2.
Cluster Prediction available:

Copy the initial-guess centroids from the predicted values.Go to Step 4.

2. Calculate a weighted distance between any path and all (iial-guess) centroids using the
multipath component distance (MCD) [19] by
D(x™; 2o =log 1o(P™) McD(x{™;7y):

This leads to anL ¢ distance matrix D for every snapshotn. Here, the MCD is log-power
weighted.

3. The new centroid is chosen from these paths, by selectindieé one to which has the maximum
minimum distance to any centroid, i.e. | = arg max[mén D], where arg max[] returns the

index of the maximum element.
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Figure 2: Tracked clusters from indoor scenario; (a)-(c) shw the clusters' evolution over time
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Figure 3: Tracked clusters from rural outdoor scenario; (a}(c) show the clusters' evolution over
time

4. Reallocate all paths to their closest centroid (as in the KPowerMeans algorithm) and calculate
the cluster power. Note that, in this case, the power-weightel MCD is also used but the powers

contribute linearly.

5. If the maximum number of clusters was not reached, and all entroid powers are larger then
1% of the total snapshot power, then repeat from Step 2.
Else discard the last centroid and stop. This algorithm lead to a trustworthy identi cation

of the number of clusters.

3.3 Clustering algorithm

We use the KPowerMeans clustering algorithm presented in [3] with following modi cations: (i) we
apply the initial guess as described above, (ii) since the iitial guess is deterministic, the algorithm
is performed only once.

Should the outcome result in clusters carrying less than 1% fothe snapshot power, the result is
discarded and the procedure is restarted with the initial guess, but reducing the maximum number
of clusters by one. Note that in this algorithm the existenceof singleton clusters is possible, as long
as they show enough power. In this way we can also account fotreng specular re ections.
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Figure 4: Floorplan of the indoor scenario

4 Measurements

In this paper we compare data from three dierent channel sowmnding campaigns conducted by
di erent institutions.

4.1 Campaign | | indoor scenario

These measurements were conducted at the University of OuluFinland using an Elektrobit Prop-
sound CSM wideband radio channel sounder at a center frequency of 2.58Hz [14]. Snapshots of
the radio channel were recorded approximately every @5 . The recorded impulse responses were
post-processed using the ISIS (initialization-and-search improved SAGE) algorithm to estimate
single propagation paths [20].

In this paper we discuss results from a line-of-sight (LOS) mesurement route in a cafeteria (see
Figure 4). The Rx was placed on a table, while the Tx was moved ng the indicated route in the
room over a distance of 44 m corresponding to 295 Because of many metal chairs and tables, and
the quite re ective walls, we expected rich scattering in the channel apart from the LOS component.
However, it turned out that the observed channels were stillpretty directive.

4.2 Campaign Il | outdoor sub-urban environment

The data were collected in a small town called Weikendorf, nahwest of Vienna, Austria. For the
measurements we used a RUSK MEDAV channel sounder operatingt a center frequency of 2.0
GHz [15]. Snapshots of the radio channel were recorded apptimately every 1.6 . The recorded
impulse responses were also post-processed using the ISIgalthm to estimate the propagation
paths.

The measurement route (see Figure 5) was along a road towards railway tunnel, mostly with
LOS, partly with obstructed LOS. The total distance travele d was 53 m corresponding to 353.
The channel is quite directive at the Rx side, but shows rich sattering around the Tx.

4.3 Campaign Il | outdoor rural environment

The third set of measurements were conducted in an outdoor ®nario in the 300 MHz band using
the RUSK Lund MIMO channel sounder. A description of the measirement campaign can be found
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Figure 5: Sub-urban environment

in [21].

The measurement route used in this paper (see Figure 6) is appximately 320 m long, corre-
sponding to 320 . The snapshot spacing used in this paper is approximately @7 . The measured
impulse responses were post-processed by a SAGE algorithm0]2to obtain propagation paths for
each snapshot of the channel.

5 Results

We applied our joint clustering-and-tracking framework to th e three sets of measurements and
found that the algorithm provides clusters that match well t he time-varying physical propagation
mechanisms observed in the measured scenarios. Exemplanjots from the indoor and the rural
outdoor scenario are shown in Figures 2 and 3. The individuaplots show the evolution over time.
Propagation paths are marked by dots, their power is color cded from red (strong power) to blue
(weak power). Clusters are shown by ellipsoids (capturing 9:9% of the power of the included
paths), where the colour describes the mean power of the ingtled paths, and the numbers indicate
the cluster IDs placed at the cluster centroid.

This paper focuses on theiime-variance of the cluster parameters, i.e. how much do the cluster
parameters change during the existence of the individual cisters.

We focus on (i) the change of the cluster position over the traeled wavelength (\cluster move-
ment"), (ii) the change of the cluster spreads, (iii) the cluster lifetime and cluster birth and death
rates.

5.1 Cluster movement

Figure 7 exempli es the cluster mean delay for one individudly selected cluster from each environ-
ment. The cluster mean delay varies signi cantly in the presented indoor environment (Figure 7a),
it seems that the cluster jitters around a steady increase. Aso in the sub-urban environment (see
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Figure 7b), the cluster is changing its position quite strorgly over its lifetime. This cluster is
likely to combine two scatterers. The steep decrease in dejais likely to come from a change in
the propagation conditions, where the scatterer with shorer delay grew stronger, thus making the
cluster delay smaller. In the rural environment (Figure 7c), the strong movement during the rst
few snapshots seems to be an artifact of the tracking algoritm. The Kalman tracking needs some
training to keep track of the cluster. After these rst snapshots, the cluster delay increases almost
steadily.

We describe the cluster movement by the change of the clustemean parameters related to
traveling one wavelength with the transmitter. In the follo wing we will present the average clus-
ter movement of all clusters identi ed in the three environments. Since the sample mean of the
parameters is strongly in uenced by the artifacts, we deciced to use the median of the sample
instead. Figures 8{10 show histograms of these movement pameters. The mean cluster delay
changes within the range of 5:::5ns per wavelength (see Figure 8). Strong changes can agaire b
attributed to the combination of more than one propagation e ect in one cluster.

The median cluster changes in AoA (see Figure 9) are particarly interesting, since we observe
signi cant di erences in the histograms for the di erent en vironments. This e ect can be attributed
to the very di erent propagation environments. In the indoo r scenario, there was strong scattering
around both the Rx and Tx, leading also to stronger cluster mavement around the Rx. In the
sub-urban scenario, the observed values are quite small. Thex did not experience local scattering
since it was placed on a crane overlooking the environment.nlthe rural environment, there was also
strong scattering around the Rx, where the movement of the Txled to cluster movement on the Rx
side. The mean cluster changes in AoD shown in Figure 10 are @@ similar for all environments.

5.2 Change of cluster spreads

Another gure of merit is how much the cluster spreads changeduring the lifetime of a cluster.
Figure 11 shows the cluster delay spread of one individuallyselected cluster for each of the envi-
ronments. In all three environments we observe that the delg spread changes signi cantly over
the traveled distance. These changes seem to be rather rando Moreover, we also observe some

10
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Figure 9: Median cluster movement in AoA
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kind of outliers, which may again be an artifact of the clustering-and-tracking algorithm.

In order to quantify these changes, we use a deviation measersimilar to the standard deviation
of the cluster spread with following changes: (i) we use the mdian instead of the mean in order to
mitigate the e ect of outliers, (i) we relate the deviation to the median value of the cluster spread
to obtain a spread in percent. We calculate this spread devigon as

where . denotes the cluster delay spread at snapshok, denotes the clustermedian delay
spread over all snapshots, andN is the lifetime of the regarded cluster. The deviations for he AoA
and AoD cluster spreads are de ned similarly.

Figure 12 shows the the histograms of the deviation for all tlee cluster dimensions. We rst
observe a similar behavior for all three dimensions AoA, AoDand delay. a standard deviation
around 50% of the cluster spread value is most probable. Sursingly, the results are quite similar
in all dierent environments. Values above 100% indicate that some clusters tend to grow for
short periods, where they show considerably larger spreadban the median spread. In these cases,
the clustering algorithm (accidentially, or for a good reasn) combines wider-spread paths into
one cluster. This e ect occurs when some weak outlying propgation paths exist for just a few
snapshots and then vanish again. Such paths are allocated ttihe closest cluster.

12
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Figure 14: Cluster birth and death rate per snapshot

5.3 Cluster lifetimes, birth and death rates

Important parameters for cluster-based models are the lifeime of clusters and how strongly the
number of clusters changes between di erent snapshots.

Figure 13 shows histograms of the cluster lifetimes for the derent environments. Like in [15],
the plots give rise to the assumption of an exponential distibution of the lifetime. However, we
also observe a number of clusters with signi cantly larger Ifetime. We particularly evaluated this
e ect for the rural environment and found that these long-liv ing clusters come from the LOS path
and from dominant re ectors in the channel. Thus, these clugers do have signi cant impact and
must not be neglected when modeling the radio channel.

The birth rates and death rates of the clusters are evaluatedn Figure 14. The histograms show
the number of newly born or died clusters evaluated for all sapshots. It is evident that a change of
one or two clusters in a snapshot is quite probable. Only in vey few cases, three or more clusters
are born or die at the same snapshot. Again, the results are fdy similar for all environments
which leads to the conclusion that clusters can be tracked qite well.

6 Conclusions

This paper presented (i) a novel joint clustering-and-tracking algorithm in order to identify time-
variant cluster parameters for geometry-based stochastic MO channel models, and (ii) we eval-
uated the time-variant behavior of multipath clusters from M IMO channel measurements in three
di erent environments.

Using a Kalman lIter to track the clusters and to predict the c luster position for the next time

13



instant signi cantly improves the ability to track cluster s.

For tracking multiple clusters, we introduced a novel methaod for cluster association of predicted
and identi ed clusters. By using the cluster spreads we cou improve the cluster association
considerably.

Applying the framework on three highly di erent types of MIM O channel measurements led to
consistent results. The combination of tracking and clusteing allows to identify the time-variant
properties of clusters coherently.

The resulting cluster parameters show that clusters move gjni cantly in the parameter domain.
Some of these movements are quite strong, which can be attrilied to changing propagation con-
ditions in these particular clusters.

The cluster spreads are also strongly varying over the liféte of the individual clusters with
a deviation of up to 150% around their median value. This e ed is due to the allocation of
short-living outlying paths to dominant clusters.

Cluster lifetimes are approximately exponentially distributed. However, the line-of-sight cluster,
and clusters from dominant re ections need to be accounted dr individually, since they show a
much longer lifetime.

Our results show that the environment plays a signi cant role for the cluster movement param-
eters and for the cluster lifetimes, while the mean deviatimm of the spreads is quite similar in all
environments.
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