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Abstract—Cluster based channel modeling has been an im-
portant trend in the development of channel model, as it has
maintains accuracy while reducing complexity. Whereas a large
number of channel measurements have shown that multipath
components (MPCs) are distributed as groups, i.e., clusters,
existing clustering algorithms have various drawbacks with
respect to complexity, threshold choices, and/or assumptions
about prior knowledge. In this paper, a Kernel-power-density
(KPD) based algorithm is proposed for MPC clustering. It
uses the Kernel density of MPCs to incorporate the modeled
behavior of MPCs and takes into account the power of the
MPCs. Furthermore, the KPD algorithm only considers the K
nearest MPCs in the density estimation to better identify the
local density variations of MPCs. A heuristic approach of cluster
merging is used to improve the performance. Both simulation
and channel measurements validate the KPD algorithm, and
almost no performance degradation is found even with a large
number of clusters and large cluster angular spread, which
outperforming other algorithms. The KPD algorithm enables
applications in multiple-input-multiple-output (MIMO) channels
with no prior knowledge about the clusters, such as number and
initial locations. It also has a fairly low computational complexity
and can be used for cluster based channel modeling.

Index Terms—Channel measurement and modeling, clustering
analysis, Kernel density, machine learning, multipath component,
wireless channel.

I. INTRODUCTION

CHANNEL modeling has been an important research

topic in wireless communications, as the design and
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performance evaluation of any wireless communication system

is based on an accurate channel model. The main goal of

channel modeling is to characterize the multipath components

(MPCs) in different environments, with a consideration of the

tradeoff between model accuracy and complexity.

To statistically model MPCs, there generally exists two

modeling methodologies - non-clustered and clustered struc-

ture modelings. The non-clustered structure model character-

izes the channel at a level of individual MPCs. A widely

used model is the tapped delay line (TDL) model [1], which

includes a number of taps at different delays and can be further

extended to include angular domain. Each tap represents the

superposition of a large number of MPCs and experiences

small-scale fading and a multi-dimensional Poisson process

can be used to characterize each tap. The non-clustered

structure channel model has been used for a long time [2]–

[4] and accepted by channel models such as the COST 207

model [5] and IEEE 802.11p channel model [6]. Another

modeling methodology is the clustered structure modeling,

where MPCs are grouped into clusters, and both the intra-

and inter-cluster statistics are characterized for the parameters

such as number, position, and delay and angular spreads. The

use of clustered structures is mainly motivated by the fact that

3G, 4G, and next-generation systems have larger bandwidth

as well as multiple-input-multiple-output (MIMO) arrays are

increasing. With the high resolution of MPC on both delay

and angle domains, a large body of MIMO measurements has

shown that the MPCs are generally distributed in groups, i.e.,

clustered, in the real-world environments, see, e.g., [7] and

references therein. Therefore, the clustered structure channel

models are used to reflect this condition.

Compared with the non-clustered structure modeling, the

channel models with clustered structure generally has the

following advantages: i) the clustered structure fits well to

measurement data in some environments and is widely adopted

in some standards (as reported later); ii) clustering of MPCs

helps to reduce the number of MIMO model parameters [8]

and the cluster structure is more flexible when characterizing

multi-link scenarios, e.g., by using the so-called twin clusters

and common clusters [9] and by using the cluster visibility

regions to model time-variant channels [10]; and iii) the clus-

tered structure allows to separate intra-cluster and inter-cluster

statistics. The intra-cluster statistics can usually be described

very compactly, whereas the inter-cluster statistics might take

on a more complicated form, but that is acceptable if the

number of clusters is small, so that the number of parameters
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is also inherently limited. However, it is noteworthy that the

cluster based channel modeling may lead to reduced accuracy,

as it neglects the impacts of some MPCs, especially those are

far from the cluster center. Moreover, it requires extra efforts

of MPC clustering and also introduces extra modeling errors

due to MPC estimation and clustering inaccuracies [11]. The

above problems can be mitigated by improving estimation and

clustering algorithms. Therefore, a good clustering algorithm

is required to enhance the cluster based channel modeling.

To our knowledge, the phenomenon of clustered MPCs has

been observed for many years, as in [12]. In [13], a cluster-

based channel model was proposed, where the MPCs are

clustered in the delay domain based on measurements. In [14],

a geometry-based stochastic channel model (GSCM) suitable

for MIMO channels was introduced, where the concept of

MPC cluster was extended to include both delay and angular

domains. Over the past 20 years, the clustering of MPCs have

been widely observed in many environments [15]–[17] and

cluster based channel modeling has been widely adopted in

many channel models, such as COST 259 [18], COST 2100

[10], 3GPP Spatial Channel Model [19], and WINNER [20]
1.

To develop the cluster based channel model, MPC clustering

is the first step so that the clusters’ number, positions, and

delay and angular spreads can be parameterized. However,

finding good clustering algorithms is very much an open and

research-active topic. In the past, visual inspection [21] has

been used to cluster MPCs for a long time. However, it has

some limitations as follows: i) visual inspection tends to detect

patterns even in completely random data, which usually leads

to misleading results; ii) the objective clustering criteria is

generally missing and the results depend on the operator; iii)

it is too time-consuming for the clustering implementation

with a large amount of data; and iv) it is difficult for the

human eye to cluster high-dimensional data. Therefore, a

carefully designed automatic clustering algorithm is required

for channel modeling.

A. Related Work

Even though clustering analysis is a hot research topic in

the field of machine learning [22], considerable effort has

to be made to adapt the results to clustering of MPCs in

wireless channels. Since the MPC has many attributes such

as power, delay, angle, and each of the above attributes

usually has an independent characteristic (i.e., MPCs exhibit

different statistical characteristics in each domain), the main

challenge of MPC clustering is how to incorporate the impacts

of different attributes. Several algorithms are proposed to

cluster MPCs when only the power and delay attributes are

available. In [23], MPCs are clustered with the help of region

competition algorithm [24] and the amplitude distribution of

MPCs is incorporated into the algorithm by using the Kurtosis

measure. In [25], a series of exponential curves is fitted to the

measurements so that the root-mean-squared-error (RMSE) is

minimized. In [26], a sparsity-based method is proposed to

1Note, however, that 3GPP and WINNER use a somewhat different defini-
tion for clusters than the remainder of the literature.

cluster MPCs, which exploits the feature that the power of

the MPCs is exponentially decreasing with increasing delay.

However, the above algorithms are only suitable when only

the delay information of the MPCs is available.

Several algorithms are proposed to cluster MPCs when

all the attributes (power, delay, angles) are considered. In

[27], the K-Power-Means (KPM) algorithm is proposed, which

is similar to the KMeans algorithm [28]. It considers the

impact of MPC power in computing the cluster centers and

uses MPC distance (MCD) [29] to quantify the similarity

between MPCs. KPM has been widely used in the analysis

of double-directional (MIMO) channels. In [30], the Fuzzy-

c-means algorithm is used to cluster MPC and is found to

outperform the KPM when using random initialization. In [16],

the density-based spatial clustering for applications with noise

(DBSCAN) algorithm [31] is applied to cluster local MPCs.

In [32], a fixed inter-cluster void interval, which represents the

minimum propagation time between likely reflection or scatter-

ing objects, is used to distinguish clusters on time domain. In

[33], a hierarchical agglomerative clustering algorithm is used

to search for clusters jointly in the delay-angle-space domain

and the performance is validated by ray-tracing simulation.

B. Motivation

Despite the impressive progress made in automated cluster-

ing over the past 10 years, the existing works have several

limitations:

• The attributes of MPCs are not well incorporated into

the clustering algorithm. Unlike the synthetic samples

in machine learning, the attributes of real-world MPCs

are caused by the physical environments and thus have

certain inherent characteristics. Such anticipated behav-

iors of MPCs should be incorporated into the clustering

algorithm. For example, many measurements show that

the angle distribution of MPC clusters can be usually

modeled as a Laplacian distribution [34], however, this

characteristic has not been well considered in the design

of clustering algorithm.

• The number of clusters is usually required as prior

information. Even though in [35] several validity indices

are compared to select the best estimation of the number

of clusters, it is found that none of the indices is able to

always predict correctly the desired number of clusters.

The final decision of clustering is usually derived by

applying a fusion method to various cluster validation

indices [36], [37]. Mostly, people still need to use visual

inspection to ascertain the optimum number of clusters

in the environment [38].

• Most clustering algorithms still require many user-

specified parameters. For example, the KPM algorithm

requires the cluster initialization (delay and angle), and

usually the weight factors of delay and angle need to

be adjusted to obtain a reasonable output, which is

subjective; in DBSCAN, the neighborhood radius and

the minimum number of points to form a dense region

are required. As each of the parameters influences the

algorithm in specific way, it is difficult to find a good
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initialization in real-world measurements. In general, an

algorithm with fewer user-specified parameters and easier

adjustment is needed for MPC clustering.

In our previous work of [39], we briefly introduce the

idea of using density based method to cluster MPCs. In this

paper, we extend our previous work and propose a novel

clustering framework by using a density based method. We

define a Kernel density to incorporate the modeled behavior

of MPCs, and a power term is also included. Only the K
nearest MPCs are considered in the density estimation to better

identify the local density variations of MPCs. The proposed

algorithm can be used in MIMO channels and requires no

prior knowledge of the number of clusters. Both simulations

and measurements are used in the validation and it is found

that the proposed algorithm outperforms other algorithms. It

is noteworthy that a complete algorithm validation includes: i)

the clustering performance validation, which shows how well

the MPCs are clustered; and ii) validation of the resulting

cluster-based model accuracy, which shows that the recovered

model from the improved clustering results leads to a lower

modeling error. As the latter case is highly dependent on the

channel modeling method and model error analysis, it involves

selections of different modeling approaches and measurement

data, and cannot be easily addressed in full generality; it is

therefore considered to be outside the scope of this paper.

Therefore, in this paper, the discussions are limited to the

former case, i.e., the validation is conducted only on the

level of MPC clustering performance. The investigation of

the impact of clustering algorithm improvement on channel

modeling accuracy could be a topic for future work.

C. Outline

This paper is organized as follows. Section II describes the

radio channel model and the corresponding parameters used

in the clustering. Section III shows the detailed framework of

the proposed clustering algorithm and pseudocode is provided

as well. Section IV presents some insights for the proposed

algorithm. Section V validates the algorithm using both sim-

ulations and measurements. Finally, Section VI concludes the

paper.

II. CHANNEL DESCRIPTION

In any wireless channel, the signal can get from the transmit-

ter (TX) to the receiver (RX) via a number of different paths

[1]. MIMO channels can be modeled as double-directional

[40], and are characterized by the double-directional impulse

response, which contains the information of power α, delay

τ , azimuth of departure (AOD) ΩT , azimuth of arrival (AOA)

ΩR, elevation of departure (EOD) ΘT , and elevation of arrival

(EOA) ΘR of the MPCs. As mentioned in Section I, MPCs

tend to appear in clusters, i.e., the MPCs in each cluster

have similar parameters of power, delay, and angle. For each

snapshot, the double-directional channel impulse response h

can thus be expressed as follows:

h(t, τ,ΩT ,ΩR,ΘT ,ΘR) =
M∑

m=1
{
Nm∑
n=1

√
αm,ne

jφm,nδ(τ − τm − τm,n)

× δ(ΩT − ΩT,m − ΩT,m,n)× δ(ΩR − ΩR,m − ΩR,m,n)
× δ(ΘT −ΘT,m −ΘT,m,n)× δ(ΘR −ΘR,m −ΘR,m,n)}

(1)

where M is the number of cluster and Nm is the number of

MPCs in the m-th cluster. αm,n and φm,n are the power and

phase of the n-th MPC in the m-th cluster, respectively. τm,

ΩT,m, ΩR,m, ΘT,m, and ΘR,m are the arrival time, AOD,

AOA, EOD, and EOA of the m-th cluster, respectively. τm,n,

ΩT,m,n, ΩR,m,n, ΘT,m,n, and ΘR,m,n are the excess delay,

excess AOD, excess AOA, excess EOD, and excess EOA, of

the n-th MPC in the m-th cluster, respectively, where excess

delay is usually taken with respect to the first component in

the cluster, while excess angles are taken with respect to the

mean. δ(·) is the Dirac delta function and t is time.

All the multipath parameters in (1) can be estimated by

using high-resolution algorithm, such as MUSIC [41], CLEAN

[42], SAGE [43], or RiMAX [44]. Therefore, the clustering

analysis can be applied to the extracted MPCs. As noted in

(1), we consider one data snapshot with T MPCs and the total

number of clusters is M . Each extracted MPC is represented

by a vector x containing its power α, delay τ , AOD ΩT ,

AOA ΩR, EOD ΘT , and EOA ΘR. The set of all the MPCs

for one snapshot is Φ and the complete data set is denoted by

Φ = {x1, · · · , xT }. In the following, we propose a clustering

algorithm for MPC using the above parameters.

III. CLUSTERING ALGORITHM

In this section, we first briefly summarize the KPM and DB-

SCAN algorithms, which are widely used in MPC clustering

and will be compared later in this paper. Then we propose a

Kernel-power-density (KPD) based algorithm for MPC clus-

tering, which is found to outperform other algorithms.

A. KPM

The KPM algorithm [27] is based on the KMeans algorithm

[28] and incorporates the impact of MPC powers. Fig. 1(a)

briefly shows the idea of KPM and Kmeans. The main steps

are as follows:

1) Initialize M cluster centroids μ1, μ2, . . . , μM randomly,

i.e., the M centroid positions are independently chosen

as events of equal probability (without replacement)

from the data set Φ.

2) Assign each MPC sample x to the reasonable cluster

centroid μj : for each x, set

c(e) := argmin
j

{
αx · dMPC(x, μ

(e)
j )

}
(2)

where superscript (e) represents the e-th iteration. c
represents the store indices of MPC clustering in the

e-th iteration. dMPC is the MCD defined in [29].
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Fig. 1. Main idea illustrations of three clustering algorithms. The white dots
indicate the raw MPCs, and the red and blue dots are the clustering results.
(a) KPM. (b) DBSCAN. (c) KPD.

3) Update the cluster centroids: for each j, set

μ
(e+1)
j :=

∑
x∈Φ

1
{
c(e) = j

}
αx · x

∑
x∈Φ

1
{
c(e) = j

}
αx

(3)

4) Repeat steps 2 and 3 until convergence.

The KPM clustering is an unsupervised learning algorithm,

and the initialization of clusters has to be known a priori. It is

also found that the weight factors of delay and angle domains

in dMPC significantly affect the clustering results. Therefore,

manual adjustments of algorithm parameters according to

different data are usually required to improve the performance,

which makes the KPM somehow subjective.

B. DBSCAN

The DBSCAN [31] is a density-based clustering algorithm,

which is able to find arbitrarily shaped clusters and does not

require to specify the number of clusters a priori. It is based on

the notion of “density-reachable” and requires two parameters:

neighborhood radius ε and threshold minPts of the minimum

number of points required to form a cluster. In DBSCAN, a

point x is defined as a core point if at least minPts points are

within neighborhood radius ε of it, and those points are said to

be directly reachable from x. A point x1 is density-reachable

from xn if there is a chain of points x1, · · · , xn such that xp+1

is directly reachable from xp, where 1 ≤ p < p+1 ≤ n. Two

points x1 and xn are density-connected if there is a point xo

such that both x1 and xn are density-reachable from xo. Fig.

1(b) illustrates the main idea of DBSCAN algorithm and the

main steps are:

1) Choose an arbitrary MPC sample x, if the neighborhood

of a given radius ε contains sufficiently many points

(more than minPts), a cluster j is started and the MPC

sample x is labeled as visited.

2) Examine all the MPCs in the cluster j, if any MPC’s

ε-neighborhood has more than minPts MPCs, all the

MPCs are added into cluster j and are labeled as visited.

3) Continues steps 1 and 2 until all the density-connected

MPCs are found for the cluster j.

4) Examine a new unvisited MPC and do steps 1-3, leading

to the discovery of a further cluster.

5) Finally, label all the unvisited MPCs as noise samples.

As a non-partitional clustering algorithm, the DBSCAN can

work well only if MPC clusters are largely separated from each

other, otherwise, many clusters are erroneously merged due to

the fact that they are density-reachable.

C. Proposed KPD Algorithm

To overcome the limitations of the current MPC clustering

algorithms, we proposed the KPD algorithm, which is based

on the recent work in [45]. The KPD is also a density-based

clustering algorithm, and the main difference between KPD

and DBSCAN is threefold: i) the KPD uses the Kernel density

instead of using the number of samples; ii) the KPD uses

the relative density (i.e., normalized within a local region)

and a threshold is used to determine whether two clusters are

connected; and iii) the impact of power is incorporated in the

clustering. For the detailed analysis of algorithm robustness

and extension (from machine learning view) can be found

in [45], we present in the following steps of KPD from

an MPC clustering point of view, including some necessary

modifications to meet the requirement of MPC clustering:

1) Calculating Density: For each MPC sample, say x,

calculate the density ρ using the K nearest MPCs as

follows:

ρx =
∑

y∈Kx

exp(αy)× exp
(
− |τx−τy|2

(στ )
2

)

× exp
(
− |ΩT,x−ΩT,y|

σΩT

)
× exp

(
− |ΩR,x−ΩR,y|

σΩR

)
× exp

(
− |ΘT,x−ΘT,y|

σΘT

)
× exp

(
− |ΘR,x−ΘR,y|

σΘR

)
(4)

where y is an arbitrary MPC y �= x. Kx is the set of

the K nearest MPCs for the MPC x. σ(·) is the standard

deviation of the MPCs in the domain of (·). In (4), we

use the Gaussian Kernel density for the delay domain as

the physical channels do not favor a certain distribution

of delay; we use the Laplacian Kernel density for the

angular domain as it has been widely observed (both

in the past and nowadays) that the angle of MPC

follows the Laplacian distribution [15], [21], [34], [38],

[46]–[49], and this assumption has also been widely

used in standards [19], [50]. The term of exp(α) in

(4) shows that MPCs with strong power increase the

density, which is intuitive as the weighting of dominant

MPCs by power is quite natural. We heuristically use

the exponential form of power to increase the power

difference between MPCs to a reasonable level. We find

that by including power into the Kernel density, cluster

centroids are pulled to points with strong powers. It is
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noteworthy that the Kernel density in (4) can be adjusted

as needed, e.g., if the elevation domain is not considered,

the corresponding Kernel density functions of EOD and

EOA can be removed. Fig. 2(b) shows an example plot

of the estimated ρ using the measured data in [47], [48],

where only AOD and AOA domains are considered.

2) Calculating Relative Density: For each MPC sample,

calculate the relative density ρ∗ using the K nearest

MPCs’ density, as follows:

ρ∗x =
ρx

max
y∈Kx∪{x}

ρy
. (5)

Fig. 2(c) shows an example plot of the estimated ρ∗. By

using the relative density, we normalize the density over

different regions, which ensures that different clusters

have similar level of density, so that it is able to identify

the clusters with relatively weak power. It can be seen

from (5) that ρ∗ ∈ (0, 1].
3) Searching Key MPCs: For each MPC x, if ρ∗x = 1, label

it as the key MPC x̂. We thus obtain the set of key MPCs

as follows:

Φ̂ := {x|x ∈ Φ, ρ∗x = 1} . (6)

The key MPCs can be considered as the initial cluster

centroids. As shown in Fig. 2(c), 8 key MPCs are

identified.

4) Clustering: For each non-key MPC x, define its high-

density-neighboring [51] MPC x̃ as:

x̃ := argmin
y∈Φ,ρy>ρx

d(x, y) (7)

where d represents the Euclidean distance. The high-

density-neighboring MPC allows us to construct a di-

rected graph ζ1 = (Φ, E1) [52], where each vertex is a

MPC and an arc exists from a non-key MPC x to its

high-density-neighboring x̃. Namely,

E1 = {(x, x̃)|x ∈ Φ\Φ̂} (8)

where (x, x̃) denotes an arc (ordered pair) from x to

x̃, and Φ\Φ̂ is the relative complement of set Φ̂ in set

Φ. In ζ1, starting from any non-key MPC and following

the arcs, we will eventually reach a key MPC. Those

MPCs which reach the same key MPC are grouped as

one cluster. Fig. 1(c) shows the idea of KPD initial

clustering.

5) Cluster Merging: For each MPC, we add edges [52]

between it and its K nearest MPCs. Thus, we acquire a

graph ζ2 = (Φ, E2), where

E2 = {{x, y}|x ∈ Φ, y ∈ Kx} (9)

and the unordered pair {x, y} is an undirected edge

between x and y. If there exists a path where any MPC

has ρ∗ > χ between two key MPCs in ζ2, where χ
is a density threshold, we merge the two key MPCs’

clusters as one new cluster. Fig. 3 shows the details of

merging using the key MPCs of 2 and 3 in Fig. 2(c) as

an example. In Fig. 3(a), the red and blue circles are the

Fig. 2. Illustration of KPD clustering using the measured MPCs in [47],
[48]. (a) Measured MPCs, where the color bar indicates power of MPC. (b)
Plots of the estimated density ρ, where the color bar indicates the level of ρ.
(c) Plots of the estimated density ρ∗, where the color bar indicates the level
of ρ∗. The 8 solid black points are the key MPCs with ρ∗ = 1. (d) Clustering
results with the KPD algorithm, where the clusters are plotted with different
colors.

Fig. 3. Illustration of KPD clustering merging using the measured MPCs in
[47], [48]. (a) K nearest MPCs for the key MPCs 2 and 3 in Fig. 2(c). The
arrows indicate points a and b, which are shared in the K nearest MPCs of
the key MPCs 2 and 3. (b) Plots of the estimated density ρ∗ of the MPCs in
(a), where the color bar indicates the level of ρ∗.

K nearest MPCs for key MPCs 2 and 3, and the red and

blue stars are the K nearest MPCs for the red and blue

circles, respectively. It can be seen that for points a and b
(as indicated by the arrows), the blue circles are the same

points to the red stars, which means that key MPCs 2

and 3 can be connected to each other in ζ2. Furthermore,

it is found from Fig. 3(b) that almost all the MPCs in

Fig. 3(a) have ρ∗ > χ = 0.8 (parameter selection will

be discussed later in Section V), i.e., there is at least

one path connecting the key MPCs 2 and 3, where any

MPC in that path has ρ∗ > χ. Therefore, clusters of

key MPCs 2 and 3 in Fig. 2(c) are merged. Similarly,

clusters 4 and 5, 6 and 7 are merged respectively. We

finally obtain the results in Fig. 2(d). Compared with

the raw MPCs in Fig. 2(a), the resulting clusters in Fig.

2(d) look fairly convincing.

The details of the KPD algorithm are described by the

pseudocode in Appendix, and the flowchart is shown in Fig.

4. The parameter selection is further discussed in Section V.

Note that the proposed algorithm does not consider different

channel polarizations, i.e., the power term in (1) and (4) is

for a specific channel polarization. To extend the algorithm to
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Fig. 4. Flowchart of the KPD algorithm implementation.

cover different polarizations, a polarimetric matrix needs to be

applied to the power term as in [18], and all the formulations

of the KPD algorithm need to be extended to incorporate

this matrix. Such a modification is, however, not pursued any

further in the present paper and is thus left as future work.

IV. ALGORITHM ANALYSIS

A. Insight and Motivation

The steps in Section III.C generally involve three important

features: Kernel density, K nearest MPCs and relative density,

and cluster merging. Here we present some insights and

motivations for the above steps. The reason of using the Kernel

density is based on the idea in [53] that the variation of

each data point can be modeled using a mathematical function

that is called influence function. If the overall density of the

data space is calculated as the sum of the influence functions

of all data points, the mathematical form of the density

function yields clustering with desired shape in a very compact

mathematical form. For our MPC clustering, the variation of

MPCs is usually modeled in a statistical way. We can thus

use a mathematical function, namely the Kernel function, to

incorporate the modeled behavior of MPCs, and the resulting

Kernel density favors the clustering with desired shape. It is

noteworthy that the Kernel function based MPC density in (4)

is flexible: we can add the term of elevation angle accordingly

if 3D MIMO measurements are used; we can also drop angular

terms if angular information is not available. However, it is

found that the estimated Kernel density level usually varies

within a large range. We thus normalize it by using the

relative density and only consider the K nearest MPCs. This

approach ensures that the estimated density is sensitive to the

local structure of the data, i.e., nearer neighbors contribute

more, which is intuitive as the natural clusters are usually

compact and separated. We find that this approach is necessary

for a density-based MPC clustering algorithm, otherwise, a

partitional clustering result are rarely obtained. Finally, it is

necessary to merge clusters, as natural clusters have small-

scale fading and intra-cluster power variation exists. Therefore,

there are usually too many initial clusters according to the

estimated key MPCs. We thus merge those clusters that are

fairly close to each other. The step of cluster merging also

guarantees that an acceptable performance is achieved even if

an unsuitable K is used.

It must be noted that the proposed clustering algorithm

assumes that MPCs have been correctly estimated from mea-

surements and does not consider the impact of estimation

errors of MPCs. Actually, in the natural environments all

channel sounding signals typically come from the same source

and may be reflected by the same scatterer, individual MPCs

thus are correlated and cannot be assumed independent. This

results in reduced accuracy of MPC estimation [1]. In addition,

it is found in [11] that densely spaced MPCs can lead to large

spreads in the estimated MPCs and such spreads could be er-

roneously considered by the clustering algorithm. It is possible

to further improve clustering performance by considering the

used MPC estimator to eliminate errors of estimation, which

is thus another important goal of future work.

B. Algorithm Extension

Here we present some possible extensions for the proposed

KPD algorithm. One of the key features of the algorithm is

using the Laplacian Kernel density for angular domain. This

assumption has been widely used [15], [21], [34], [49] and also

validated by our own measurements [38], [47], [48], where the

goodness of the fit for the Laplacian distribution is tested using

Kolmogorov-Smirnov test and it passes at 5% significance

level. However, in the above KPD framework the selection

of Kernel density function is not fixed and can be flexible. In

(4), other Kernel density such as Gaussian Kernel can also be

applied to angular domain. In fact, angular characterization of

3D channels is a hot research topic [54], as the characteristics

depend on the carrier frequency and propagation scenario,

e.g., [55] suggests to use a uniform distribution for AOA at

28 GHz, and [56] suggests to use the Gaussian distribution

for AOA and AOD at 73 GHz. However, angular channel
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characterization is not the scope of this paper. We suggest

to use the Laplacian Kernel density based on the reported

measurements and standards, but, the KPD framework allows

to use other Kernel density functions for different applications.

V. VALIDATION

This section presents the comparison and validation of

different algorithms. For the KPM implementation, the ini-

tialization is done by using the InitialGuess step in [57]. The

initial cluster number is set to range from 2 to 30, which

covers the possible cases of cluster number and reduces the

complexity reasonably. The Calinski-Harabasz and Davies-

Bouldin indices [22] are used to determine the optimal cluster

number. To ensure that KPM gives reasonable results, the

parameter of delay weighting factor [29] is chosen by visual

inspections for different experimental data (both simulated and

measured). In this paper, the delay weighting factor is set to

be 10, which ensures the optimal performance of KPM.

For the DBSCAN and KPD implementation, the da-

ta on delay and angular domains are firstly normalized

by τi/max(τ), (Ωi −min(Ω)) / (max(Ω)−min(Ω)), and

(Θi −min(Θ)) / (max(Θ)−min(Θ)), which is found to in-

crease the clustering accuracy. In DBSCAN, the neighborhood

radius ε is set to be 0.2 and threshold minPts is set to be the

mean number of MPCs within the neighborhood radius in each

snapshot, for both simulation and measurement validations.

Again, those parameters are chosen by visual inspections

of clustering results to ensure the optimal performance of

algorithm.

A. Validation Measure

In this section, several measures are introduced to evaluate

the clustering performance, i.e., measuring “goodness” of a

clustering result comparing to other ones. Two widely used

measurement criteria have been considered in this paper [58]:

i) compactness, which means the member of each cluster

should be as close to each other as possible; and ii) sepa-

ration, which means the clusters themselves should be widely

separated in data space. In the following, both simulated and

measured channels are used for algorithm validation. For the

simulated channels, the ground-truth partitions are available

and the number and spread of clusters are synthesized and

can be easily adjusted, which allows us to test algorithm

performance under different conditions; whereas for the mea-

sured channels, the ground truth is not available and the data

are more affected by noise and closer to real propagation

environments. Therefore, we use two measures for different

cases in this paper to better validate the KPD algorithm.

If the ground-truth partitions of MPCs are available, we

use the F measure [59] to evaluate performance, which is a

robust external quality measure that can be used to balance the

precision and recall [60]. In order to facilitate the following

discussions of validation measures, in this subsection we use

“class” to represent the ground-truth partition and “cluster”

to represent the partition determined by the algorithm. Given

all the MPCs {x1, . . . , xT }, let L(xi) and C(xi) denote the

class label (the label of the class that xi comes from) and the

cluster label (the label of the cluster that xi belongs to) of xi,

respectively. The correctness of the relation between xi and

xj is given by

Correctness(xi, xj) =

{
1 if L(xi) = L(xj) and C(xi) = C(xj)
0 otherwise

.

(10)

The correctness term measures whether the clustering algo-

rithm gives correct result. Only when xi and xj come from

the same class (L(xi) = L(xj)) and also both belong to the

same cluster (C(xi) = C(xj)), it is correct (i.e., the value

equals to 1). Then, the terms of PB and RB [61] are defined

as:

PB =
1

T

T∑
i=1

∑
xj :i �=j,C(xi)=C(xj)

Correctness(xi, xj)

|{xj |i �= j, C(xi) = C(xj)}| (11)

RB =
1

T

T∑
i=1

∑
xj :i �=j,L(xi)=L(xj)

Correctness(xi, xj)

|{xj |i �= j, L(xi) = L(xj)}| (12)

where |{·}| denotes element number of the set {·}. In the ratio

in (11), for a certain MPC xi, the numerator counts how many

other MPCs which belong to the same cluster (i.e., i �= j,

C(xi) = C(xj)) come from the same class (i.e. L(xi) =
L(xj)), and the denominator ensures that the value of the ratio

falls into the range of 0 to 1. This ratio is called the BCubed

precision of xi [59]. Thus PB in (11) is the average of BCubed

precision for all the MPCs. Accordingly, the numerator of the

ratio in (12) counts how many other MPCs that come from

the same class (i.e., i �= j, L(xi) = L(xj)) belong to the

same cluster (i.e. C(xi) = C(xj)), and the denominator also

ensures that the value of the ratio falls into the range of 0 to

1 as in (11). The ratio in (12) is called the BCubed recall of

xi [59]. Therefore RB in (12) is the average of BCubed recall

for all the MPCs. To integrate them into a fair metric, the F

measure is defined by

F =
2 · PB ·RB

PB +RB
. (13)

The value of the F measure ranges from 0 to 1, and a larger

value indicates higher clustering quality.

If the ground-truth partitions of MPCs are not available,

e.g., clustering for the real-world measurements, the F measure

cannot be used because the class labels are unknown. In this

case, we use the silhouette coefficient S [62], which provides a

succinct graphical representation of how well each object lies

within its cluster. Take any MPC x in the data set and denote

by A the cluster to which it has been assigned, we have

a(x) := E[{d(x, y) |x ∈ A, y ∈ A, x �= y }] (14)

where E[·] denotes the sample mean value of the set (·).
Consider any cluster B which is different from A, we have

dS(x,B) := E[{d(x, y) |x ∈ A, y ∈ B,A �= B }] (15)

and then we have

b(x) = min
B �=A

dS(x,B). (16)
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Fig. 5. Clustering algorithm validation with simulated 3D channels. (a) and (b) Simulated MPCs, where the raw clusters are plotted with different colors.
(c) and (d) Clustering results with the proposed KPD algorithm. (e) and (f) Clustering results with the KPM algorithm. (g) and (h) Clustering results with the
DBSCAN algorithm, where the black x is the noise point resulting from the DBSCAN.

The silhouette coefficient is thus defined as follows:

S = E

[
b(x)− a(x)

max{a(x), b(x)}
]
x∈Φ

. (17)

From the above definition it is clear that S ranges from -1

to 1. The silhouette coefficient is a measure of how tightly

grouped all the data in the cluster are, and a larger value

indicates higher clustering quality. The silhouette coefficient

only depends on the actual partition of the objects, and not on

the clustering algorithm that was used to obtain it. Therefore,

it can be used to compare the output of different clustering

algorithms, which is especially useful when the ground truth

is not available [63]. Note that the silhouette coefficient can

also be used when the ground truth is available.

B. Simulation Validation

In this subsection, the KPD algorithm is validated by using

a simulated channel, where the ground truth is available. The

3GPP 3D MIMO channel model [50] is used to generate the

synthetic MPCs. We consider the Urban Micro scenario with

line-of-sight (LOS) and the carrier frequency is 2 GHz. The

number of clusters can be adjusted and MPC number in each

cluster is fixed to 20. Fig. 5 shows an example plot of the raw

clusters in the simulated 3D channel and the clustering results

by using different algorithms. We generated 10 clusters with

different power and delay/angle positions. It can be seen that

the KPM leads to wrong clustering decisions for the MPCs

with 100 to 200 degrees AOD and -200 to 0 degrees AOA,

and the DBSCAN leads to a wrong cluster number; whereas

the KPD has almost 100% correct identification as shown in

Figs. 5(c) and (d).

Furthermore, we test the performance of the algorithm under

different “cluster conditions”. We consider two cluster condi-

tions: cluster number and cluster angular spread. Intuitively, a

channel with large cluster number and angular spread would

have reduced clustering performance. Both the F measure and

silhouette coefficient are used for performance comparison.

We first test the impact of the cluster number on the cluster-

ing accuracy. We still use the 3GPP 3D MIMO channel model

to generate MPCs, and different cluster numbers are used in

the simulation, ranging from 3 to 24, which generally covers

all the conditions according to the literature. 300 random

channels are simulated for each cluster number case. Fig. 6

shows the comparison among three clustering algorithms using

the F measure. It is observed that the proposed KPD algorithm,

having the highest value of the F measure, shows the best

performance, and the value of the F measure decreases only

slightly for larger cluster numbers. The KPM and DBSCAN

algorithms show good performance only for a small number

of clusters, and their values of the F measure decease strongly

with increasing cluster number. Fig. 7 shows the performance

comparison using the silhouette coefficient. It is also found

that the KPD algorithm has the best performance.

Then we test the impact of cluster angular spread on the

clustering accuracy. In the simulation, the number of clusters

is fixed and different spreads are introduced by adding white

Gaussian noise with variances of {1◦, 2◦, . . . , 30◦} to MPC

angles [64]. 300 random channels are simulated for each

cluster angular spread. Fig. 8 shows the impact of cluster

angular spread on the F measure and silhouette coefficient,

where 10 and 20 clusters are simulated respectively. It is found

from Figs. 8(a) and (c) that the F measure generally decreases

with the increasing cluster angular spread. The KPD algorithm

shows best performance for arbitrary cluster sizes, especially

when cluster number is high, the performances of KPM and

DBSCAN show significant degradations whereas KPD still has

good performance. This can be explained by the use of the

Laplacian Kernel density, as the simulation model assumes
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Fig. 6. Impact of cluster number on the F measure.

Fig. 7. Impact of cluster number on the silhouette coefficient.

a Laplacian angular distribution for MPCs. The curves of

silhouette coefficient in Figs. 8(b) and (d) also show that KPD

has the best performance, however, when the additive angular

spread is large, the silhouette coefficient of KPD is similar, or

only slightly higher than KPM and DBSCAN.

Finally, we test the algorithms when the channel is sparse

and there are only a few MPCs in each cluster. In such a

case, the statistical behavior of MPCs in each cluster is not

obvious anymore. We consider the cases that there are 10

clusters and only 5 MPCs in each cluster. As there is no

standard model that considers this case, we synthesize the

MPCs as follows: each cluster center is generated randomly

in delay and 3D angle domains using the uniform distribution;

for each cluster, the power and angles are generated by using

the model and parameters of Urban Micro scenario in [50],

though the distribution fit is poor due to the small number

of MPCs. Fig. 9 shows an example plot of the simulated

channels and clustering results using different algorithms. For

simplicity we only plot AOA and EOA domains. It is found

that the KPD has 100% correct identification, and the KPM

leads to wrong clustering decisions for the MPCs with 0 to

100 degrees AOA and 0 to 100 degrees EOA. The DBSCAN

still performs the worst. Furthermore, 300 random channels

are simulated with the same cluster condition. Fig. 10 shows

Fig. 8. Impact of cluster angular spread on the F measure and silhouette
coefficient. In (a) and (b), 10 clusters are simulated. In (c) and (d), 20 clusters
are simulated.

Fig. 9. Clustering algorithm validation with simulated channels with 10
clusters, and each cluster has 5 MPCs. (a) Simulated MPCs, where the
raw clusters are plotted with different colors. (b) Clustering results with the
proposed KPD algorithm. (c) Clustering results with the KPM algorithm. (d)
Clustering results with the DBSCAN algorithm.

the cumulative distribution function (CDF) comparisons of the

F measure and silhouette coefficient for the clustering results

of 300 simulated channels. It can be seen that the KPD has

the best performance.

C. Measurement Validation

In this subsection, the KPD algorithm is validated with

channel measurements. UWB data measured at the University

of Southern California (USC), USA are used in the validation.

For space reasons, we only give a brief summary; details of

the measurement campaign can be found in [47], [48].

The measurements were performed in an indoor warehouse

facility at USC, including both LOS and non-LOS (NLOS)

propagation scenarios. A HP8720ET vector network analyzer

(VNA) was used to measure the complex transfer function of

the channel, in the 2-8 GHz frequency range. Two vertically

polarized omni-directional antennas were used with a height of
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Fig. 10. CDF plot of the estimated F measure and silhouette coefficients
with different clustering algorithms, based on 300 random channel simulations
where 10 clusters are simulated and each cluster has 5 MPCs.

Fig. 11. Clustering algorithm validation with measured channels. (a)
Measured MPCs at USC indoor environments, where the color bar indicates
the power of MPC. (b) Clustering results with the proposed KPD algorithm.
(c) Clustering results with the KPM algorithm. (d) Clustering results with the
DBSCAN algorithm, where the black x is the noise point resulting from the
DBSCAN.

1.78 m. At each position, 64 realizations of the local channel

were measured by moving TX and RX over 8 positions with

a 50 mm step interval respectively, i.e., a 8x8 MIMO channel

was measured. The high-resolution CLEAN algorithm [42]

was used to extract the delay and direction information of

the MPCs. The resulting MPCs have a number between 400

and 1000 in each snapshot, and can be used to validate our

proposed algorithm in the following. It is noteworthy that when

applying KPM to the measured data, the Calinski-Harabasz

and Davies-Bouldin indices are found to be very sensitive to

the outliers in the data and cannot give reasonable results. We

thus use visual inspection to determine the number of clusters

for each measured snapshot and pick the result that gives the

visually most compact clusters. More details of the process

can be found in [48].

Fig. 11(a) shows the raw MPCs extracted from a sample

LOS measurement, which are color-coded with their power.

Visual inspection gives the impression of a large number

of crowded MPCs in space, which is a usual case for the

real-world measurements. We only consider AOD and AOA

domains as we used a virtual uniform linear array in measure-

ments and the elevation of MPC cannot be extracted. After

applying different clustering algorithms, we find that all the

three algorithms lead to 6 clusters, though the DBSCAN labels

many MPCs as noise points as they are border points. As

Fig. 12. CDF plot of the estimated silhouette coefficients with different
clustering algorithms.

shown in Fig. 11(b), the KPD resulting partition into 6 clusters

realizes a reasonable trade-off between cluster compactness

and separation, where cluster centers are attracted by strong

powers. The parts of light blue and brown clusters in Fig.

11(b) are grouped together in Fig. 11(c).
It is noteworthy that the above comparison is somewhat

heuristic, as it is difficult to find the ground truth in the

real-world measurements. Therefore we use the silhouette

coefficient to evaluate the clustering quality of measurements.

The estimated silhouette coefficients in Fig. 11 for KPD,

KPM, and DBSCAN are found to be 0.45, 0.36, and 0.31,

respectively. It shows that the KPD algorithm outperforms

the other algorithms for this data set. To further validate the

algorithms, all the measurements in [47] are used and the

CDF comparison of the silhouette coefficient S with different

algorithms is shown in Fig. 12. It is found that KPD generally

has the highest value of S, whereas the DBSCAN performs the

worst. It is also observed that for some cases the KPM shows

similar performance with KPD. Those cases are mainly NLOS

scenarios with large cluster number and angular spread. This

phenomenon can also be validated by the results in Figs. 8(b)

and (d). The comparison shows that the proposed KPD leads

to compact and clearly separated clusters.

D. Parameter Selection
In the KPD algorithm, two parameters are required: K and

χ. K determines how many MPCs are used to calculate density

and to yield ζ2. A small K increases the sensitivity of local

density variation to the clustering results, i.e., reduces the size

of local region. We use K =
√
T/2 as suggested in [45] and

a heuristic argument is as follows: in general, each cluster has√
2T points [61], whereas our algorithm requires that any two

MPCs in each cluster are connected in ζ2 so that the cluster

is compact. However, a K =
√
2T usually fails to yield such

compactness [45] (i.e., any two MPCs in each cluster may

not be connected in ζ2), therefore, we use K = (
√
2T )/4 =√

T/2 as a heuristic approach to reduce the size of local region

and to ensure the compactness of clustering.
χ determines whether two clusters can be merged. A large

χ leads to a large number of clusters. [45] proposes a fast
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Fig. 13. Impact of K on the F measure and silhouette coefficient based
on random simulations. (a) 10 clusters, additive Gaussian noise 1◦. (b) 10
clusters, additive Gaussian noise 20◦. (c) 20 clusters, additive Gaussian noise
1◦. (d) 20 clusters, additive Gaussian noise 20◦.

Fig. 14. Impact of χ on the F measure and silhouette coefficient based
on random simulations. (a) 10 clusters, additive Gaussian noise 1◦. (b) 10
clusters, additive Gaussian noise 20◦. (c) 20 clusters, additive Gaussian noise
1◦. (d) 20 clusters, additive Gaussian noise 20◦.

approach to determine χ. For simplicity, we suggest to set

χ = 0.8, which is found to have a reasonable performance as

reported in Section V.B and Section V.C. A heuristic argument

for χ = 0.8 is that a large value of χ ensures that the clusters

are separated from each other.

Finally, we experimentally investigate the sensitivities of

K and χ to the clustering quality under different channel

conditions. We still use the 3GPP 3D MIMO channel model

and simulate 300 random channels for different conditions, so

that both the F measure and silhouette coefficient can be used

for evaluation. Fig. 13 shows the impact of K on the F measure

and silhouette coefficient, with different channel conditions.

It is observed that the curves of F measure and silhouette

coefficient generally are first increasing, and then decreasing

with K. This is because a small K fails to reflect the density in

a local region and a large K smoothes density and erroneously

drops local variations. In the simulation of Figs. 13(a) and

(b),
√
T/2 = 10, which corresponds to high values of F

measure and silhouette coefficient; in Figs. 13(c) and (d),√
T/2 = 14, which also corresponds to high values of F

measure and silhouette coefficient. Therefore, Fig. 13 validates

that K =
√

T/2 has fairly good performance. We thus suggest

K =
√

T/2 for KPD clustering of MPCs. Fig. 14 shows the

impact of χ on the F measure and silhouette coefficient, with

different channel conditions. It can be seen that the curves of

F measure and silhouette coefficient generally increases with

χ. This is because a large χ reduces the erroneous cluster

merging. It is also found that the F measure and silhouette

coefficient are fairly steady when χ > 0.8. Therefore, we

suggest to use χ = 0.8 for KPD clustering of MPCs.

VI. CONCLUSION

In this paper, a KPD based algorithm is proposed for

MPC automatical clustering. The main features are: i) it uses

the Kernel density to incorporate the modeled behavior of

MPCs into the clustering algorithm, which is also flexible

for implementation; ii) it uses the relative density and only

considers the K nearest MPCs in the density estimation,

which is able to better identify the local density variations

of MPCs; iii) it uses a heuristic approach to merge clusters,

which improves the clustering performance; iv) the algorithm

provides a trustworthy clustering result with a small number

of user input, and almost no performance degradation occurs

even with a large number of clusters and large cluster angu-

lar spread, which outperforms other algorithms; and v) the

algorithm has a fairly low computational complexity. Finally,

both synthetic and measured MIMO channel data validate the

proposed KPD algorithm. The results in this paper can be

used to cluster real-world measurement data, and used for the

cluster based channel modeling for 4G/5G communications.

Modification of the algorithm to account for polarimetric data,

and the investigation of the impact of clustering algorithm

improvement on channel modeling performance, which further

validates the proposed algorithm, could be topics for future

work.

APPENDIX

The pseudocode of KPD algorithm is presented as follows:

Algorithm KPD

1) Input Φ = {x1, x2, · · · , xT }, K, and χ
% Calculating density

2) for i = 1 : T
3) calculate ρxi using (4)

4) end
% Calculating relative density

5) for i = 1 : T
6) calculate ρ∗xi

using (5)

7) end
% Searching key MPCs

8) Φ̂ := {xr1 , xr2 , · · · , xrw} =
{
xi |xi ∈ Φ , ρ∗xi

= 1
}

% Clustering
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9) for i = 1 : T
10) find x̃ using (7)

11) end
12) E1 = {(x, x̃)|x ∈ Φ\Φ̂}
13) ζ1 = (Φ, E1)
14) for i = 1 : w
15) Φi := {xri}
16) for j = 1 : T
17) if xri is reachable from xj in ζ1
18) Φi := Φi ∪ {xj}
19) end
20) end
21) end

% Clustering merging

22) E2 = {{x, y}|x ∈ Φ, y ∈ Kx}
23) ζ2 = (Φ, E2)
24) for i = 1 : w
25) for j = i+ 1 : w
26) if if there exists a path where any MPC has

ρ∗ > χ between xrj and xri in ζ2
27) merge Φi and Φj

28) end
29) end
30) end

%Remove redundancy terms

31) unique Φ1,Φ2, . . . ,Φw to Φ1,Φ2, . . . ,ΦM

32) return Φ1,Φ2, . . . ,ΦM
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the multipath radio channel parameters,” in Proc. EUCAP’11, 2011, pp.
3232–3236.

[37] C. Schneider, M. Ibraheam, S. Häfner, M. Käske, M. Hein, and R. S.
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