
Clustering Enabled Wireless Channel 

Modeling using Big Data Algorithms 
Ruisi He 

1
, Senior Member, IEEE, Bo Ai 

1
, Senior Member, IEEE,  

Andreas F. Molisch 
2
, Fellow, IEEE, Gordon L. Stüber 

3
, Fellow, IEEE,  

Qingyong Li 
4
, Zhangdui Zhong 

1
, Senior Member, IEEE, Jian Yu 

4
 

1 State Key Laboratory of Rail Traffic Control and Safety, Beijing Jiaotong University, China 

2 Ming Hsieh Department of Electrical Engineering, University of Southern California, USA  

3 School of Electrical and Computer Engineering, Georgia Institute of Technology, USA 

4 School of Computer and Information Technology, Beijing Jiaotong University, China 

Abstract 

Recently, rapid growth in data services has ushered in the so-called big data era, and data mining 

and analysis techniques have been widely adopted to extract value from data for different 

applications. Channel modeling also benefits in this era, in particular by exploiting algorithmic 

techniques developed for big data applications. In this article, the challenges and opportunities in 

clustering-enabled wireless channel modeling are discussed in this context. Firstly, some 

well-known clustering techniques, which are potentially capable of enabling clustered channel 

modeling, are presented. Next, the motivation of cluster-based channel modeling is presented. 

The typical concepts of clusters used in channel models are summarized and the state-of-the-art 

clustering and tracking algorithms are reviewed and compared. Finally, several promising 

research problems for channel clustering are highlighted. 



1. Introduction 

 Propagation channel modeling is among the fields with the longest history in mobile 

communications, since for the design and analysis of any wireless communication system, it is 

essential to understand the propagation channel in which the system will operate. The most 

effective approach to such an understanding is channel measurement, which captures data in the 

physical environments by using equipment such as channel sounders, or by obtaining the data as 

a by-product of channel estimation in operational wireless equipment. Since the propagation 

channel is affected by many factors such as environment, frequency, and bandwidth, the 

measured data exhibit a high variety. Due to the greater capabilities of the measurement 

equipment, and especially due to the trend to wideband, multi-antenna systems, more channel 

measurements, using more dimensions, can be performed. Furthermore, the range of 

environments, the number of different frequency bands, and the number of measurement 

campaigns have increased, and last but not least, an enormous amount of data is available from 

ray tracing and other quasi-deterministic channel simulation tools. The question of how to better 

exploit all these measured data has been an important research topic for channel modeling. 

 Many statistical methods have been used to extract channel models from measurement 

data. Furthermore, various inter-disciplinary theories and tools, especially from computer science 

and artificial intelligence, have also been introduced into channel modeling during the past 

decades. 

 The data from wireless channel measurements have different forms, which generally 

depend on how they are measured. This leads to different analysis methods and applications. By 



using envelope detectors or power meters, the signal amplitudes or powers are measured and 

mostly used for power prediction and link budget analysis. By using channel sounders, the 

complex baseband waveforms are measured, which can be transformed to channel impulse 

responses (CIRs) and further used for wideband signal analysis. Furthermore, the CIRs are usually 

used to obtain the parameters of the multipath components (MPCs) with some estimation 

algorithms, and the thus-extracted MPCs have been widely used as basis for channel modeling. It 

can be found that different data need different analysis and mining approaches so that all the 

measured quantities can be exploited. 

 In fact, wireless channel modeling has benefited from data analysis techniques for a long 

time. An interesting case where data analysis techniques have influenced channel modeling is the 

clustering of MPCs, which is one of the essential tools for obtaining compact channel models. 

Data clustering originally comes from big-data, computer-science-inspired approaches. Over the 

past 10 years, it has received a lot of attention for propagation channel interpretation, as many 

measurements indicate that MPCs can be grouped into clusters that have similar characteristics 

such as delay, direction of arrival, and direction of departure. As the clustered description is able 

to more compactly and intuitively capture MPC behaviors, cluster-based channel models have 

become popular [1]. A cluster based channel model usually enables to separate intra-cluster and 

inter-cluster statistics. Since the intra-cluster characteristics can often be described by statistical 

models with very few parameters, such as Laplacian or Gaussian distributions, the overall 

description becomes more compact and provides more intuitive insights. 

 Clustering techniques have brought us an unprecedented opportunity to deeply study the 

characteristics of channel data, to discover new value in the data, and to develop new channel 



modeling approaches. This article aims to review and analyze the features and key challenges of 

clustering enabled wireless channel modeling. The typical clustering techniques from big data 

analysis are presented in Section 2. In Section 3, clustering-enabled channel modeling is 

introduced, including how to use clusters in channel models and the state-of-the-art clustering 

and tracking algorithms. Next, some clustering related open issues of channel measurements and 

modeling are discussed. The final section concludes the article. 

2. Clustering Techniques 

 Clustering has been a widely used technique for data analysis. The goal of clustering is to 

discover the natural grouping of a set of objects in such a way that objects in the same group 

(called a cluster) are more similar (in some sense) to each other than to those in other groups. It 

helps to obtain the underlying structure of data and gain insight from data, and has thus been 

considered as a powerful tool to analyze massive volumes of data. 

 Clustering algorithms are used to partition data into clusters, where the number of clusters 

can either be prescribed, or can be a result of the clustering process. In general, different 

clustering algorithms can be broadly classified into partitioning-based, density-based, and 

hierarchical-based algorithms [2] [3]: 

1) Partitioning-based algorithms: The partitioning-based algorithms usually produce clusters by 

optimizing a criterion function. The sum of squared error function is one of the most intuitive and 

frequently used criteria, which works well with isolated and compact clusters. The K-means 

algorithm is the best-known squared error-based clustering algorithm, and it is popular because 

of its easy implementation and low complexity, which also motivate the application in wireless 



channel modeling as reported later. Fig. 1(a) illustrates the main idea of the K-means algorithm. It 

starts with a random initial partition and keeps reassigning each object to the nearest cluster 

until a convergence criterion is met. A major problem of the K-means algorithm is that it is 

sensitive to the initial partitions and the number of clusters, and the iteratively optimal 

procedure of K-means cannot guarantee convergence to a global optimum. Other 

partitioning-based algorithms include K-medoids, K-modes, fuzzy-c-means, etc. 

2) Density-based algorithms: In this case, the density of data needs to be firstly defined, and 

clusters are then obtained as areas of higher density than the remainder of the data set. 

Therefore, the density-based algorithms are able to discover arbitrarily shaped clusters and do 

not require to specify the number of clusters a priori. The most popular density-based clustering 

algorithm is DBSCAN. In the DBSCAN, all the data points are classified as core points, 

density-reachable points and outliers. Fig. 1(b) illustrates the main idea of DBSCAN. The DBSCAN 

creates a new cluster from a data object by absorbing all objects within its neighborhood radius 

(i.e., that are reachable from it), and the neighborhood needs to satisfy a user-specified density 

threshold (i.e., the minimum number of points required to form a cluster). A major problem of 

the DBSCAN algorithm is that it is sensitive to the selection of density threshold. If the data are 

not well understood, choosing a meaningful density threshold is challenging. Other density-based 

algorithms include OPTICS, DENCLUE, etc. 

 Hierarchical-based algorithms, in particular in their agglomerative form, start with each 

observation being its own cluster, and then clusters are merged layer by layer in a “bottom up” 

approach. However, the computational effort for the construction of a dendrogram (tree) may be 

computationally prohibitive for large data sets. A number of other clustering algorithms are used 



in big data, e.g., graph theory-based and model-based algorithms, see [2] [3] and references 

therein. As they have less been used for channel modeling, the details are not presented in this 

paper. 

3. Clustering Enabled Channel Modeling 

 The purpose of wireless channel modeling is to accurately model the MPCs in wireless 

channels, motivated by the fact that many measurement campaigns have found MPCs to have a 

cluster structure, i.e., groups of MPCs that have similar characteristics (e.g., angle, delay). 

Clustering ensures that the dominating MPCs and the corresponding scatterers can be better 

identified, and the physical environment can be better analyzed at the propagation level; it also 

provides a more compact description due to separation of intra-cluster and inter-cluster statistics 

as described in Section 1. 

 Analysis of measurement data generally includes three phases as shown in Fig. 2: i) MPC 

extraction from raw data by using some estimation algorithms; ii) MPC clustering, which is a 

statistical method for grouping MPCs according to their features and is useful for channel 

modeling. The clustering procedure has strong impact on the resulting channel model as it 

determines what features are extracted from data and how the features are presented. It is 

noteworthy that the features of physical channels have strong impacts on the answer to “what is 

a good clustering for MPCs”, and validation criteria also provide some insights on how to design 

algorithms leading to the desired results; and iii) MPC/cluster characterization, which mainly 

involves parameter estimation, such as path loss, fading, delay and angular spreads, etc. With 

these parameters and the underlying knowledge, a channel model can be developed. 



3.1 Cluster-Based Channel Models 

 Cluster-based channel modeling has been widely accepted by both academic and industry 

groups, which is mainly because: i) many high resolution algorithms are used for MPC extraction 

so that clustered MPCs can be more frequently observed; ii) multiple-input-multiple-output 

(MIMO) and massive MIMO in 4G and 5G systems require a double-directionally characterized 

channel, which again helps to see more clearly the clustering structure of the MPCs; and iii) 

clustered channel modeling has been demonstrated to reduce complexity while maintaining 

accuracy. From the Saleh-Valenzuela model for single-input-single-output (SISO) channels to 

MIMO channel models such as COST 259, COST 2100, etc. [1], cluster-based channel modeling 

has been widely adopted. In general, four concepts of clusters are used in channel models: 

1) Delay-domain cluster: It is mainly observed in the delay domain (e.g., from SISO CIRs), 

especially when the measurement bandwidth is large. The power delay profile (PDP) of a single 

delay-domain cluster is often modeled as a one-sided exponential function, as shown in Fig. 3(a), 

and different clusters have different initial delays, and may have the same or different decay time 

constants. A typical application of delay-domain clustering is the Saleh-Valenzuela model. 

2) Angle-domain (or angle-delay-domain) cluster: When angles of MPCs, e.g., azimuth of arrival 

(AOA) and azimuth of departure (AOD), are extracted from directional (or MIMO) channel 

sounding, the discrete MPCs are usually found to be clustered in angular domain or the joint 

angle-delay domain, as shown in Fig. 3(b). To characterize such clusters, angles of MPCs need to 

be modeled in terms of angular spread and intra-cluster angular distribution. This kind of cluster 

is widely used in double-directional channel models, such as COST 259. 

3) Twin clusters: It is widely used in geometry-based stochastic channel models when 



characterizing the impact of multiple interactions of an MPC with the environment. As shown in 

Fig. 3(c), the twin-clusters are two coupled clusters of equivalent interacting objects and are used 

to represent multiply reflected or diffracted MPCs. The location of the twin-clusters can be 

chosen independently and this allows an independent adjustment of angles at the transmitter 

and receiver. The concept of the twin-cluster has been adopted as a fundamental modeling 

approach for the COST 273 channel model. 

4) Common cluster: It is used to simulate the inter-link correlation properties of multi-link 

scenarios. The main idea is to control the correlation between different links by allowing a certain 

proportion of the energy in different links to propagate through the same clusters. As shown in 

Fig. 3(d), if two propagation links are influenced by the same cluster (i.e., the common cluster), 

the corresponding two links are correlated. The common cluster is used in the COST 2100 

channel model for multi-link simulations. 

 It is noteworthy that the above concepts of clusters are overlapped with each other, e.g., the 

twin clusters or common cluster may exist in terms of angle-delay-domain clusters, or they can 

be described in a geometrical (x-y-z) plane. Note that clustering can also be conducted in the 

geometric dimension of propagation environment, especially when it is based on ray tracing. 

However, due to space limitations, the remainder of the paper will focus on the clustering in the 

delay/angle domain. 

3.2 Clustering Algorithms 

 Since MPCs are significantly affected by the random and complex propagation environments, 

the notion of clusters tends to be intuitive rather than well defined. Mostly, there is no 



objectively “correct” clustering result. MPC clustering has been widely done by visual inspection 

before 2007, as the human eye is able to detect patterns and structures even in noisy data. 

However, this approach is time consuming, error prone (the human eye has a tendency to detect 

clusters even in completely random data) and incapable of clustering multi-dimension data. 

These drawbacks, plus the increased volume and variety in measured MPCs, limit the application 

of visual inspection. Therefore, automatic clustering algorithms are required for channel 

modeling. 

 Even though clustering analysis has been widely discussed in big data analysis as described 

in Section 2, finding good MPC clustering algorithms is very much an open topic. In the following 

we present the most widely used clustering algorithms used in this field, which are also 

summarized in Table I. 

1) KPowerMeans algorithm [4]: It is based on the K-means framework and includes the power of 

MPCs when determining cluster centroids. Clusters are chosen such that the total distance of the 

MPCs from their centroids is minimized. Upper and lower bounds on the number of clusters have 

to be known a priori, and the final cluster number is determined by using some validity indices, 

which emphasize the compactness of each cluster and isolation between the clusters. As the 

KPowerMeans requires the prior knowledge of the number of clusters, how to choose the 

number is still an open topic, even though various criteria have been proposed in the literature. 

Figs. 4(a)-4(b) show the MPC clustering results of indoor measurements using the KPowerMeans 

algorithm, where MPCs are distributed in both delay and angular domains. The cluster number in 

Fig. 4(b) is determined with visual inspection and the resulting clusters generally look convincing. 

2) KPD-based algorithm [5]: The recently proposed Kernel-power-density (KPD) based clustering 



algorithm is a density-based clustering framework. In the KPD-based algorithm, the modeled 

behavior of MPCs is incorporated by using the Kernel power density estimation of MPCs, and only 

the K nearest MPCs are considered to better identify the local density variations. Clustering of 

MPCs is automatically conducted by detecting the density-reachable paths among MPCs. This 

algorithm requires no prior knowledge about the clusters and it performs well even with a large 

number of clusters and large cluster angular spread. Fig. 4(c) shows the MPC clustering results of 

indoor measurements using the KPD-based algorithm; it provides a trustworthy estimate of the 

number of clusters and Fig. 4(c) shows that the MPC clusters are well separated in angle-delay 

space. 

3) Kurtosis-based algorithm [6]: It is based on the assumption that the amplitudes of the MPCs in 

a cluster are lognormally distributed, and uses the Kurtosis measure to incorporate this 

assumption. The clustering is further carried out by using a region competition technique. This 

algorithm requires no channel-specific settings; however, it can only be used for clustering MPCs 

in the delay domain. 

4) Sparsity-based algorithm [7]: It considers the feature of the Saleh-Valenzuela model that the 

PDP of a cluster is single-sided exponentially decreasing with increasing delay, and it uses a 

sparsity-based optimization to recover the CIRs. It is found that the cluster identification using 

the recovered CIRs has improved accuracy in comparison to identifying clusters directly in the 

raw CIRs. This algorithm requires no prior knowledge of the initial information of clusters; 

however, it depends on the assumption that the PDP of each cluster starts with a sudden onset 

followed by a decay. Figs. 4(d)-4(f) show the PDP clustering results of using the measurements in 

the similar environment as in Fig. 4(a), where MPCs are distributed in delay domain. It is found 



that the sparsity-based algorithm provides clustering results that well reflect the modeling 

assumption of the Saleh-Valenzuela model. The KPowerMeans in Fig. 4(e) fails to offer results in 

agreement with the Saleh-Valenzuela model. 

5) Others: Some other algorithms have been used for MPC clustering, e.g., the Fuzzy-c-means is 

used in [8] and DBSCAN is used in [9], and good performances are obtained for simulated 

channels. Further validations with measurements are still necessary. 

3.3 Tracking Algorithms 

 For time-variant channel modeling, tracking of clusters is necessary to model the dynamic 

birth and death processes. In most algorithms, each snapshot is clustered independently and the 

cluster centroids are tracked afterwards, which is called the “tracking-after-clustering” 

framework. Another approach is to combine clustering and tracking to improve the clustering 

performance and to consistently track clusters, which is called the “joint-clustering-and-tracking” 

framework and is also summarized in Table I. In general, for the “snapshot” MPC clustering, the 

main criterion is whether the resulting clusters can be well described by a low number of 

parameters, e.g., Laplacian angular spectrum. For clustering with tracking, it is possible to define 

clusters as MPCs having similar behavior as the receiver moves. Therefore, new algorithms and 

frameworks can be proposed in this field. Several tracking algorithms have been proposed: 

1) MCD-based tracking-after-clustering algorithm [10]: It considers any two consecutive 

snapshots and uses MPC distance (MCD) to measure the similarity between any two cluster 

centroids in two consecutive snapshots. If the MCD is smaller than a threshold, the two clusters 

are considered as the same cluster; if the MCD is larger than the threshold, the cluster is 



considered as a new cluster. 

2) Probability-based tracking-after-clustering algorithm [11]: In this algorithm, a probability 

transition matrix is established based on the relative distances and power between MPCs from 

different snapshots. The tracking results are obtained by calculating the global maximum 

probability of dynamic trajectories of MPCs in the continuous snapshots, which can be further 

done by using a maximum a posteriori estimation in a Markov process. 

3) Kalman filter-based joint-clustering-and-tracking algorithm [12]: It uses a Kalman filter to track 

the clusters and to predict the cluster position for the next time instant. For tracking multiple 

clusters, a probability-based method is used to define the closeness function. When conducting 

cluster association of predicted and identified clusters, the closest new cluster is determined by 

finding the maximum value of the closeness function. 

4) Data-stream-based joint-clustering-and-tracking algorithm [13]: It considers any two 

consecutive snapshots and the MPCs of the first snapshot are clustered by using some 

initialization algorithm. Then, for any MPC in the second snapshot, it is clustered by using all the 

MPCs in the first snapshot based on MCD, and it inherits the cluster ID from the clustering results 

in the first snapshot. With this approach, each MPC in the second snapshot is well tracked and 

clustered jointly. 

4. Open Issues 

4.1 Algorithm Improvement 

 The appropriate clustering algorithm and parameter settings usually depend on the 

individual data set. Due to the high variety of MPC data, finding a general clustering algorithm 



has been very challenging and many user-specified parameters of the algorithms need to be 

manually adjusted. For example, the KPowerMeans algorithm requires a well-defined cluster 

number and centroid position, and the weight factors of delay and angle in the algorithm need to 

be carefully adjusted to obtain a reasonable output. Mostly, the initialization and parameter 

adjustment of the current algorithms need to be done experimentally, which makes the 

implementation cumbersome and not automatic anymore. In general, an algorithm with fewer 

user-specified parameters and easier adjustment is needed for MPC clustering. 

 Another problem is that the current MPC clustering algorithms do not consider physical 

propagation characteristics and the modeled behaviors of MPCs. It has been found that most 

automatic clustering algorithms fail to offer results in agreement with the propagation 

characteristics, where even the visual inspection can easily cluster MPCs, as shown in [7]. This is 

because the real-world MPCs are generated by the physical environments and, thus, have certain 

inherent characteristics, e.g., the power of MPC tends to decrease with increasing excess delay. 

Moreover, to better reflect propagation characteristics and reduce model complexity, some 

modeled behaviors are adopted in channel modeling, however, they are not considered in 

clustering, e.g., the angular distribution of MPC clusters is usually modeled as a Laplacian 

distribution. Such anticipated behaviors of MPCs should be further incorporated into the 

clustering algorithm to improve accuracy. 

4.2 Clustering Validation 

 Validation of clustering result has been a challenging task as for MPC clustering there is no 

ground-truth, and each clustering algorithm can always generate a division. As shown in Figs. 4(b) 



and 4(c), both the KPowerMeans and KPD-based algorithms generally result in trustworthy and 

convincing results (where all the resulting clusters are compact and well separated) and it is 

difficult to judge the performances. Moreover, even for the same algorithm, different input 

parameters would affect the final clustering results. Therefore, effective validation measures, 

which should be objective and have no preferences to any algorithm, are important and 

necessary. Generally, there are two categories of validation measures used in MPC clustering [14]: 

i) external measures, where clustering results are evaluated based on data that was not used for 

clustering, such as the F-measure used in KPD-based algorithm; and ii) internal measures, where 

clustering result is evaluated based on the data that was clustered itself, such as the 

Davies-Bouldin index used in KPowerMeans and the silhouette coefficient used in the KPD-based 

algorithm. It has also been suggested to use a fusion of different measures to allow for a global 

validation [15]. However, the above validation measures only emphasize the compactness of the 

clusters and separation between clusters, and do not consider the characteristics of desired MPC 

cluster. A possible approach is to use optimization theory to incorporate the desired features 

(which includes the idea of what is a good clustering result, i.e., validation), such as minimizing 

cluster angular spread in optimizing the solution. 

4.3 Similarity Measure 

 Similarity (or dissimilarity) measure between a pair of MPCs is a fundamental problem for 

MPC clustering. It is common to calculate the dissimilarity between two points using a distance 

measure defined on the feature space. The popular distance measures used in clustering include 

Euclidean distance, Manhattan distance, Chebyshev distance, etc. [14]. Different distance 



measures generally have impacts on the shapes of the resulted clusters. Fig. 5 shows the impacts 

of several distance measures. Each of the green curves in Figs. 5(c)-5(d) indicates the range that 

points have the same distance against cluster center, and affects the assignment of points and 

clustering results, especially for the points far away from cluster center. It is found that the 

Manhattan distance corresponds to rhombus-shaped range, the Euclidean distance corresponds 

to ring-shaped range, and the Chebyshev distance corresponds to square-shaped range. As 

real-world clusters of MPCs generally come in strange shapes or have no simple shape at all as 

shown in Fig. 5(a), choosing appropriate distance measure has significant impact on MPC 

clustering performance. The MCD has been proposed and used in KPowerMeans [4], and is found 

to outperform the squared Euclidean distance. However, complete comparisons with other 

distance measures using more measurement data are still missing. Moreover, the impact of MPC 

power on the similarity measure has not been well addressed yet. In [4][5], the power term is 

incorporated into the clustering algorithms, however, only intuitive explanations are provided. 

The impact needs to be examined in a clear and meaningful way. 

4.4 Clustering in Channel Measurements 

 Clustering can be used for high-efficient data storage in channel measurements. The 

collected data in the past channel sounder are mostly I/Q data. Those data contain much 

redundancy, take large storage space, and are also not straightforwardly applicable to 

interpreting propagation characteristics (compared with the extracted MPCs and clusters). A 

real-time pre-processing operation of MPC extraction and clustering could significantly reduce 

data size, display measurement results visibly, and provide more convenience for channel 



parameter characterization and modeling. Recently, data pre-processing operations have been 

adopted by some channel sounders, which only store CIRs to ensure efficient data storage and 

exploitation. However, the real-time clustering and storage of cluster are still missing. High-speed 

and real-time MPC clustering algorithm design is still quite challenging and needs further efforts. 

4.5 Big Data Based Channel Modeling 

 This paper was concerned with the use of algorithms inspired by big-data processing for 

channel modeling. A separate question, not treated here, is how to use big data to improve 

channel modeling and many open issues exist. It is still not fully clear how channel modeling 

benefits from big-data-based techniques and how the “4V” features [14] of big data are reflected 

and used in channel modeling. Moreover, the comparison between the big-data-based channel 

modeling techniques and traditional methods in terms of modeling performance is required, 

which is very challenging. 

5. Conclusion 

 This article addressed challenges and opportunities of clustering enabled wireless channel 

modeling in the era of big data. The motivation of channel clustering and some typical concepts 

of clusters used in channel models were presented, where clustering was shown to play an 

important role. The state-of-the-art clustering and tracking algorithms that are used for 

cluster-based channel modeling were reviewed, and their characteristics summarized. It was 

found that none of the algorithms offers a satisfactory performance for all conditions with 

respect to the gamut of application range, prior knowledge requirement, complexity, dynamic 



support, etc. Several interesting research problems were suggested to stimulate future channel 

clustering and modeling innovations. 
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Fig. 1. Illustrations of different clustering algorithms. (a) K-means. (b) DBSCAN. 
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Fig. 2. Illustrations of clustering procedure for channel modeling. 
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Fig. 3. Clusters in wireless channel modeling. (a) Delay-domain cluster. (b) Angle-domain and 

angle-delay-domain clusters. (c) Twin clusters. (d) Common cluster. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Fig. 4. MPC clustering using indoor channel measurements. (a) Measured MPCs. The color bar 

indicates the power of MPC. (b) Clustering with KPowerMeans, where cluster number is determined 

with visual inspection. Different clusters are indicated by different colors. (c) Clustering with 

KPD-based algorithm, where different clusters are indicated by different colors. (d) Measured PDPs. (e) 

Clustering with KPowerMeans, where cluster number is determined with visual inspection. (f) 

Clustering with the sparsity-based algorithm. In Figs. 4(e)-4(f), the black curves represent noise 

samples and were not used in the clustering. The magenta lines represent the least-square regression 

of PDPs within clusters as in the Saleh-Valenzuela model. 
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Fig. 5. Illustrations of different distance measures. (a) Natural MPC cluster with strange shape. (b) 

Manhattan distance. (c) Euclidean distance. (d) Chebyshev distance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table I. Summary of typical MPC clustering and tracking algorithms 

Algorithm 

Application Range Prior Knowledge 

Support 

Dynamic MPCs 

Delay 

Domain 

Angular 

Domain 

Cluster 

Number 

Cluster 

Centroid 

KPowerMeans[4] Yes Yes Required Required Possible 

KPD-based Algorithm[5] Yes Yes 

Not 

Required 

Not 

Required 

Possible 

Kurtosis-based 

Algorithm[6] 

Yes No 

Not 

Required 

Not 

Required 

No 

Sparsity-based 

Algorithm[7] 

Yes No 

Not 

Required 

Not 

Required 

No 

Fuzzy-c-means[8] Yes Yes Required Required Possible 

DBSCAN[9] Yes Yes 

Not 

Required 

Not 

Required 

No 

Kalman Filter-based 

Algorithm[12] 

Combined with KPowerMeans Support 

Data-stream-based 

Algorithm[13] 

Yes Yes 

Required Only for 

Initialization 

Support 

 

 

 

 

 


