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Abstract— Many geometrical channel models with stochasti-
cally placed clusters of scatterers have been proposed in litera-
ture. A major practical problem related to the parametrization
of such models is the identification of scattering clusters from
channel measurement data, which is typically multidimensional
and nonstationary. Conventionally, visual inspection has been
used for the cluster identification. Such an approach may be
suitable for short data records, but becomes impractical when
a large amount of measurement data has to be analyzed. In
this paper, we propose an automatic procedure for finding
clusters from an output of a channel parameter estimator, such
as SAGE. The algorithm is based on sequential clustering of
windowed multipath estimates, and tracking of cluster centroids
in consecutive data windows. Visual inspection of the automati-
cally identified multipath clusters is usually still required when
processing measurement data. The practical benefit of the present
method is that it significantly speeds up the process of cluster
extraction with large data records.

I. I NTRODUCTION

Several geometric channel models in literature and standards
[1]–[4] are based on the concept of stochastically varying clus-
ters of scatterers. These so-called geometry-based stochastic
channel models (SGCM) have intuitive physical interpretation
and allow flexible embedding of arbitrary antenna patterns
into the channel. A major practical problem in identifying
the parameters of geometrical channel models is that the
statistical properties of the clusters are difficult to extract
from measurement data. Only recently results of measurement
analysis of multidimensional multipath clusters have started to
appear in literature, see e.g. [4]–[9]. In all these papers the
identification of clusters has been done manually by visual
inspection of measurement data. Obviously such an approach,
while applicable to individual case studies, is impractical for
analysis of large data records. For instance, the identification of
parameters of dynamic1 channel models based on the SGCM
structure requires analysis of large amounts of measurement
data to find the salient features of the underlying nonstation-
arities (assuming of course that such features exist, or canbe
identified, in the first place).

1By ‘dynamic’ we mean that parameters of the clusters are time-varying
within a single simulation run. This is in contrast to quasi-static (block fading)
channel models, such as [1], in which the cluster parameters are constant over
a single fading block.

To our knowledge, the only measurement-based study
on automated clustering with application to radio channel
measurement analysis is [10], where a delay domain (1D)
clustering is performed using a parametric model for the
observed data. Our approach differs from [10] in that we
focus on clustering of multidimensional, nonstationary channel
parameter estimates that are the output of a channel parameter
estimator based on a deterministic signal model.

The main contribution of this paper is a heuristic algorithm
for finding clusters in nonstationary, multidimensional channel
parameter data. The algorithm is based on windowing the
data, processing each window with some clustering algorithm,
cluster tracking, and cluster pruning. Our experiments with
real measurement data indicate that clustering techniquescan
significantly speed up the processing of radio channel mea-
surement data. This is demonstrated with a practical example
with measurement data.

The paper is organized as follows. In Section II we state
the problem. In Section III we describe the proposed clus-
tering method. Section IV present a numerical example with
measured data. Section V concludes the paper.

II. T HE PROBLEM SET-UP

The starting point is that we have a large number of channel
parameter estimates obtained from a real-time measurementof
a MIMO radio channel with a moving receiver and/or trans-
mitter. The estimates may have been obtained by any channel
parameter estimator, such as SAGE [11], multi-dimensional
ESPRIT [12], or RIMAX [13] [14]. It has been noted in
several studies that the parameter estimates tend to appearin
clusters, i.e., in groups that have similar delays and angular
parameters. The problem is to find an automatic procedure
to recover and track these clusters from the estimator output
data. If the data record is short and/or neither the receiver, the
transmitter, nor the environment are moving, the data can be
considered stationary, and multipath clustering can be carried
out by visual inspection. When this is not the case, finding
the clusters may require a frustrating amount of manual work;
this observation is the key motivator for this study.

The input data to the clustering algorithm is anL×P ×N

array, whereL is the number of estimated multipaths (model
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Fig. 1. An example of AoA and AoD estimates over a measurement route.
The number of parameters estimated (model order) per channel snapshot is
20.

order), P is the number of estimated channel parameters,
and N is the number of observations, or channel snapshots.
Typically the dimensions ofP are delay, azimuth angle of
arrival (AoA), elevation angle of arrival, azimuth angle of
departure (AoD), and elevation angle of departure.

Practical problems in clustering of channel parameter esti-
mate data are manifold. We list the most prominent ones.

• The data is nonstationary. From snapshot to snapshot
paths are dropped out and new paths pop up or old
paths reappear. Sometimes entire clusters can vanish and
then reappear after some time. Since the measurement
equipment is moving, even the relatively stable clusters
are not static, but move in theP -dimensional parameter
space.

• The data is multi-dimensional and its different dimen-
sions are measured in different measurement units and/or
different scales. For example, delays and AoAs are mea-
sured in seconds and radians, respectively. This compli-
cates cluster analysis.

• Data outliers are everywhere in the data. For exam-
ple, plotting AoA and AoD estimates (Fig. 1) from
a measurement route illustrates this “data scintillation”
phenomenon. An outlier path estimate may be, for ex-
ample, a result of randomly appearing multipaths with
short life-times, phantom estimates due to estimation
noise or convergence to local minima in the nonlinear
optimization of the parameter estimator.

• Real-world clusters come in strange shapes, or have
no simple shape at all. The nature appears to have
no moral qualms on producing non-spherically or non-
ellipsoidally structured groups of multipaths. While such
non-regular cluster shapes are relatively easily recognized
by human eye, they are difficult to identify automatically
by mathematical algorithms.

In the next section we propose a procedure that tries to cope
with these problems.

III. T HE PROPOSED CLUSTERING ALGORITHM

The overall clustering algorithm consists of several blocks
(Fig. 2). In the following subsections we describe these blocks.
We start with an overall description.

A. An overview of the algorithm

The basic idea of the algorithm is to cluster the non-
stationary data in a sliding window whose width is chosen
such that the data within each window can be considered
stationary. From the clustering algorithm’s point of view it
is not necessary to require strict stationarity in the statistical
sense as long as the inherent cluster-like structure of the
multipath data is preserved over the data window.

A commonly occurring problem in cluster analysis of
multidimensional data is the scaling of data when different
coordinates are measured in different units. With channel
multipath data the dimensions are typically delay (seconds),
angles of arrival and angles of departure (radians). Suitable
scaling of these dimensions is required for undistorted distance
computation. Another twist in the problem is that one cannot
simply use one of the usual distance metrics for measuring dis-
tances in these dimensions, since angles are periodic variables
whereas delays are not. To overcome these inconveniences we
propose using sequential processing of the parameter domains.

Sequential processing of parameter domains: Instead of
processing all data dimensions jointly, it is also possibleto
cluster them sequentially, i.e., one subset of dimensions at a
time. In practice this means that first one finds clusters in
one or more dimensions, and then processes the discovered
clusters one-by-one in the remaining dimensions, either jointly
or sequentially. This approach has several benefits. First,it
avoids the problem of multidimensional data scaling, since
one-dimensional data need not be scaled, or because one can
select suitable subsets of the data dimensions where scaling
is not required, e.g. receiver and transmitter elevation angle.
Second, it is more flexible than processing all dimensions
jointly, since one can easily change and/or reconfigure the
clustering algorithm between data layers in order to optimize
the performance of the overall procedure. In Section IV we
apply sequential processing by first 1D clustering the delay
domain, then 1D clustering the AoA domain, and finally 1D
clustering the AoD domain. In our case, we found the se-
quential approach convenient since the distance metric canbe
changed between delay and angular dimensions. Furthermore,
sequential processing provides an opportunity for visualizing
the data between clustering of different data dimensions for
improved control over the overall clustering procedure. A
disadvantage of sequential processing is that it is sensitive to
errors in the initial processing step.

B. Read next data window (S1)

If processing the first data window, select a data points
window with predefined width (≤ N ). Otherwise, slide the
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Fig. 2. Block diagram of the clustering algorithm for multidimensional
nonstationary data. The circled numbers correspond to stepsexplained in
Sections III-B–III-E.

data window forward by predefined length, i.e., read new
data points and drop out oldest ones on first-in-first-out basis.
Optionally, data scaling can also be done at this point.

C. Clustering algorithms for stationary data (S2)

1) K-means clustering: K-means algorithm iteratively
groups the data points so that the sum of distances from points
to their own cluster centroid is minimized over all clusters.
Mathematically, the algorithm findsK centroidsck(xn), k =
1, . . . ,K, such that

J =

N∑

n=1

‖xn − ck(xn)‖2

2
,

is minimized. Hereck(xn) denotes the centroid, which is
closest to the pointxn. The algorithm always converges, but
not necessarily to a global optimum. Usually the algorithm
needs to be run repeatedly for different initial centroids to
improve the probability of finding a global optimum.

K-means requires the number of clusters,K, as an input
parameter. To automatically determine the optimum number
of clusters with the K-means algorithm we run the algorithm
for an increasing number of clusters and chooseK so that the
mean silhouette value is maximized, as explained in Section
III-C.3.

The complexity of the K-means algorithm increases linearly
with the number of data points, which makes it well-suited for
processing large data mountains.

2) Hierarchical tree clustering: Hierarchical tree cluster-
ing, or agglomerative clustering, is an algorithm that constructs
a binary cluster tree from the input data. The lengths of the
branches of the tree encode distances between the nodes. Each

node in the tree represents a group of data points. The leaf
nodes are just the data points themselves, and the root node
contains all data points. The actual clusters can be visually
assessed by plotting the tree in adendrogram, or by seeking
structural divisions in data by comparing average distances
between links below a node to the distance above it. It is also
possible to use the silhouette analysis described in Section
III-C.3 by cutting the cluster tree at several different heights
(each resulting in different number of clusters), and computing
the mean silhouette value for each cut. However, this method
is somewhat artificial as tree clustering is a more natural
technique for small data samples, where visual inspection of
the cluster tree can reveal the inherent structure of data.

The tree clustering differs from the K-means algorithm in
that distances between clusters, instead of points, need tobe
computed. Severallinkage methods have been proposed for
finding the inter-cluster distances. For an introduction tothese
methods, see [15]. In this study we use the group average
linkage, where the inter-cluster distance is obtained as the
average of all pair-wise distances between the points in the
two clusters. The pair-wise distances, in turn, can be computed
with any standard distance metric suitable to the problem at
hand. We use the squared Euclidian distance.

The complexity of hierarchical clustering increases quadrat-
ically in the number of data points. In our application we need
to window the entire data set into smaller subsets, hence this
is not a big problem.

We noticed that the tree clustering allows for a conve-
nient means for implementing the centroid tracking procedure
required for combining clusters between consecutive data
windows, see Section III-D.

3) Choosing the optimum number of clusters: After com-
puting K clusters it is possible to examine how good the
clustering result is by computing and plotting the so-called
silhouette values for all data points. The silhouette value is
a measure of how close a point is to other points in its own
cluster compared to points in other clusters. Denoting byd̄n(k)
the average distance of thenth data point to all data points in
thekth cluster, the silhouette value for thenth point is defined
as [15, p. 85]

sn =
bn − an

max(an, bn)
,

wherean = d̄n(l) is the average distance ofnth data point to
all other data points in its own cluster whose index is denoted
by l, and

bn = min
k 6=l

d̄n(k)

is the average distance to a cluster, whose points’ average
distance to pointn is smallest over all other clusters with
k 6= l. The silhouette value is in the interval[−1,+1], where
values close to−1 indicate that the point is very likely in the
wrong cluster. Points whose silhouette value is close to+1
are likely to have been correctly clustered.

With a small data sample one can plot the silhouette values
for all clusters to visually inspect how well separated the



clusters are. This can be repeated for varyingK to deduce the
optimum number of clusters in the silhouette sense. Since we
are interested in processing large amounts of data we automate
this search by computing the average of silhouette values over
all data points for an increasing sequence of the number of
clusters,K. We then select aK that maximizes the mean
silhouette. The heuristic reasoning is that the optimum number
of clusters is chosen such that the clusters are maximally
separated [15, p. 96].

D. Centroid tracking (S3)

A problem arising from the sliding window processing of
measurement data is that the cluster indices have to be paired
between two consecutive windows, since the cluster index
numbers assigned by the clustering algorithm are arbitrary.
This can be also considered a problem of tracking the drifting
of the cluster centroids. Our approach is to treat it as a
clustering subproblem:

1) Take all the cluster centroids computed for windowst

(‘old’) and t + 1 (‘new’). The number of the centroids
from the two windows is, in general, different. The
cluster indices of the data points in the new window are
initialized to zero.

2) Use hierarchical tree clustering to cluster the centroids
using an inter-cluster distance criterion. The distance
criterion determines how close to each other the cluster
centroids need to to be in order to be combined into
a single cluster. Clusters that satisfy the criterion are
combined into one in order to track the movements of
the cluster. After this step each cluster consists of data
points from the ’old’ and/or ’new’ window.

3) Assign indices to data points from the ’new’ window
(t + 1) according to the following rule: (i) if all data
points in the cluster have a zero cluster index, assign all
points an unused index hence creating a new cluster; (ii)
If one or more data points in the cluster have a non-zero
cluster index, assign all data points the minimum non-
zero cluster index present in the cluster.

Provided that the sliding window does not engulf too many
new data samples at each step, the cluster centroids drift
slowly, and cluster movements can be tracked. A new cluster
is created, when a centroid isolated from the old ones is
found, and old clusters that drift too close to each other will
be combined. An inter-cluster distance threshold parameter
determines how close to each other the clusters must be in
order to be combined. Selecting a too small parameter value
will cause more clusters to be created. Selecting a too large
threshold will cause distinct clusters to be combined into one.
Hence, the cluster distance threshold can also be considered a
kind of resolution adjustment parameter.

E. Cluster pruning (S4)

Parameter estimates may contain stray paths that are a
result of sporadically appearing short life-time reflections,
or bad multipath estimates due to e.g. measurement noise
or convergence to local minima. The clustering algorithm

may classify such outlier data points in their own cluster, or
combine them to another cluster. We combat this phenomenon
by pruning the clusters by

• computing silhouette values for all points and removing
points whose value is less than a certain threshold in the
range [−1, 1], called silhouette threshold in the sequel.
This procedure ideally removes data points that have been
misplaced in wrong clusters.

• discarding clusters that have less points (path estimates)
than a value determined by a threshold parameter. This
step removes entire clusters that can be considered to be
a result of a short-term reflection.

The silhouette thresholding is carried out after each pro-
cessed data window, whereas small clusters can also be
discarded after processing all windows, or after processing all
parameter domains.

In practice the cluster indices for the discarded points are
set to a negative value and they are excluded from any further
processing.

IV. N UMERICAL EXAMPLE

In this section we give an example of clustering multipath
parameters estimated from real measurement data shown in
Fig. 1. Real-world radio channels are far more complex
than present radio channel models are able to reproduce.
The measurement was conducted in an urban micro cell
environment in downtown Helsinki, Finland. The clustering
is done for channel parameter estimates, which are computed
from raw measurement data by using the parametric channel
parameter estimator tool developed by Elektrobit. For each
channel snapshot, parameters of 20 multipaths are estimated.
There are a total of 566 channel snapshots in the measurement
route. From the perspective of the clustering example other
details of the measurement are irrelevant. The data is clustered
with the sequential 1D+1D+1D clustering scheme in delay,
RX-azimuth, and TX-azimuth domains. In the 1D+1D+1D
scheme all data are first 1D clustered in delay domain. Then,
the data points in each delay cluster are 1D clustered in AoA
domain. Finally, each delay/AoA cluster is 1D clustered in
the AoD domain. We also tried a 1D+2D scheme, where
(1D) delay clustering was followed by a (2D) AoA/AoD
clustering of each delay cluster. The differences between
the 1D+1D+1D and 1D+2D schemes with the measurement
data were insignificant, however. There are several practical
problems in applying a full 3D clustering of delay/AoA/AoD
dimensions, most notably reliable automatic scaling of the
delay and angular (circular) dimensions; suitable scalingof
data dimensions is very important for clustering and centroid
tracking performance. Further research is required here.

In Fig. 3 we plot six clusters obtained by running the
1D+1D+1D scheme on the same data as in Fig. 1. All data
has been plotted in yellow color. No manual processing or
cluster editing has been done. The processing parameters in
this example are as follows: data window width is 20 channel
snapshots, at each step the window is moved 5 snapshots
forward, the inter-cluster distance threshold is set to 4 samples



Fig. 3. Six clusters without any manual processing.

and 15 degrees in delay and AoD/AoA domains, respectively.
The minimum number of paths per cluster is set to 30 and the
silhouette threshold is 0.2. We note that the clusters can be
tracked reasonably well. For example, the first arriving delay
path has been split to two paths in the AoA domain (Clusters
#15 and #18). The algorithm can be seen to recover even
when a cluster disappears for a few dozen snapshots. On the
other hand, sometimes the centroid tracking fails and losesa
cluster. Tuning of window sizes and parameter thresholds may
improve the performance for a given data set. Not all data
from Fig. 3 have been separated as well (not shown). This
is not uncommon with the present algorithm. Typically some
manual combining or splitting of clusters is required to achieve
acceptable results. This is not surprising considering theill-
behaving nature of real-world measurement data. However,
when processing data from large measurement campaigns,
an automatic clustering procedure can speed up the cluster
extraction process significantly.

V. CONCLUSION

We have proposed a heuristic algorithm for finding clusters
from nonstationary, multidimensional radio channel parameter
estimates. The approach is based on sequential clustering of
the desired parameter dimensions, and windowing the data.

The overall algorithm also includes automatic selection of
the number of clusters, centroid tracking and cluster pruning
functionalities. Real channel measurement data is very diffi-
cult to cluster reliably and with the current algorithm some
manual processing of the clustering results may be required
for satisfactory results. However, when processing data from
large measurement campaigns our automatic clustering tool
can save a considerable amount of manual effort and time.
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measurement and joint M-D parameter estimation of mobile radio
channels,” inProc. of IEEE 53rd Vehicular Technology Conference,
vol. 1, 2001, pp. 214 –218.

[13] A. Richter, M. Landmann, and R. Thomä, “RIMAX - a flexible algorithm
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