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Abstract

In mobile communications, the wireless channel has been
widely considered to be time-variant. To statistically mod-
el the time-variant channels, a power weighted dynamic
multi-path components (MPCs) tracking algorithm is pro-
posed in this paper, which is based on multiple-target track-
ing.The problem of seeking potential position is considered
as a maximum a posteriori (MAP) estimation in a Markov
random process, which can be solved by using the maxi-
mum probability. In order to reflect the real condition of
channels and improve accuracy of algorithm, statistical be-
haviors of azimuth, delay, and power of MPCs are generat-
ed for algorithm validation by using different distributions
according to the dynamic measurements in real-world. Our
method is finally validated by using the simulated dynamic
channels and is found to have good performance.

1 Introduction

Channel modeling plays an important role in radio com-
munications, since the performance of any practical sys-
tem depends on channel characteristics. Generally, radio
channels are time variant due to movements, which gives
rise to significant theoretical challenges in dynamic chan-
nel characterizations. Since, most wireless channels can
be considered as wide-sense stationary (WSS) [1], in the
past, the WSS assumption has been widely used in channel
modeling, and is also widely used in the design of wireless
communication systems. Nevertheless, the radio channel-
s in real world have been shown to be nonstationary [2],
mostly due to the dynamic changes of environments when
transmitter and receiver move. In this case, channel charac-
teristics can only be approximated as constant over a finite
region in time or space.

Dynamic channel clustering and modeling have received a
lot of attentions. However, there lacks automatic clustering
algorithm to identify MPC clusters in time-varying chan-
nels. In the past, visual inspection was used [3]-[4], which
is inapplicable for a large number of MPCs. Some automat-
ic algorithms for radio channel clustering were developed in
[5]-[7], however, they are mainly used for static channels.
An MPC clustering algorithm, which can be used for dy-
namic channel clustering is proposed in [8] and [9], where

evolutions MPCs are considered. Nevertheless, these algo-
rithms still cannot accurately recognize the cluster in time-
varying channels. This is mainly because the dynamic evo-
lution behaviors of MPCs are not fully considered in the
existing algorithms.

On the other hand, tracking algorithm design has been an
important topic in image processing for tracking crowd
[10], pedestrian [11] and headlight [12], which provide
many references for MPC tracking algorithm design. The
parameters of MPC include angle of departure(AoD), angle
of arrival(AoA) and delay, which are similar to positions of
targets in group tracking algorithm [12]. Therefore, in order
to obtain the statistical characteristic of time varying MPC-
s, an power weighted MPCs tracking algorithm based on
group tracking, which is commonly used in image process-
ing, is proposed in this paper. Furthermore, we establish
channel simulator based on a measurement-based dynamic
channel model in [13] and validate our algorithm.

2 Multiple Tracking Algorithm for Dynamic
MPCs

In time-varying channels, azimuth (e.g., AoD, AoA) and
delay are dynamic due to movements. Even if the trajec-
tory of MPC can be identified by visual inspection, an au-
tomatic tracking algorithm is needed for channel modeling.
To track MPCs, tracking algorithm must successfully rec-
ognize the trajectory of MPCs in different snapshots, which
means that the algorithm needs to be able to identify the
same MPC in different snapshots. In this case, we propose
a novel probability based tracking method, where the track-
ing is conducted by using a maximum a posteriori (MAP)
estimation in a Markov random process.

The key idea is to represent the associations of two MPC-
s from different snapshots within a certain time window.
Once a association is done in a time window, we send the
results to the next snapshot by sliding the observation win-
dow. In this paper, we set the time observation window to
be 2 WSS regions to reduce the complexity of algorithm.

Let w be the number of continuous snapshots used for MPC
tracking, and they are donated by S1, S2,..., Sw. mw is the
number of MPCs in each snapshot, and mmax is set to be 90.



MPCs in Si are donated by A1,A2, ...,Ami ,mi ∈ [0,90], and
MPCs in Si+1 are donated by B1,B2, ...,Bmi , mi ∈ [0,90].
An trajectory t is an ordered pair of MPCs from different
snapshots, i.e., t = (Ama ,Bmb), meaning that MPC Ama in
snapshot Si and the MPC Bmb in snapshot Si+1 are the same
MPC. Let T be the set of all such trajectories, i.e.,

T = {tA,B = (Aa,Bb)|Aa ∈ Si,Bb ∈ Si+1} (1)

where Aa = A1,A2, ...,Ammax
, Bb = B1,B2, ...,Bmmax

.As we
mentioned before, MAP estimation is used to obtain the
probability of trajectory. Hence, if t exists, the probabili-
ty of t can be expressed as

P(t = (A,B)) = p(A|B)p(B) (2)

where p(B) is the probability that MPC B exists in snapshot
Si+1, and p(A|B) is the probability that MPC A and MPC B
are the same MPC in snapshots Si and Si+1, respectively. In
a Bayesian framework, the posterior probability of hidden
variables A is proportional to the product of the likelihood
and prior terms,i.e.,

p(A|B)p(B) = p(B|A)p(A). (3)

Note that, in this case, MPC B is the sample point which has
been observed, and tracking algorithm is attempt to find its
past position. In other words, p(B) = 1, and equation (3)
can be rewritten as

p(A|B) = p(B|A)p(A) (4)

where p(A) represents the probability that A appears in the
trajectory. In this way, we can obtain the probability of tra-
jectory in continuous snapshots. In order to avoid the high
computational overhead, two continuous snapshots is con-
sidered for each implementation. p(A|B) is one potential
trajectory, and the main goal of the tracking algorithm is
to maximize the probability of all potential trajectory, as
shown in equation (5)

P∗ = argmax
p ∑

A∈Si
B∈Si+1

p(B|A)p(A). (5)

From [13] it is found that, MPCs generally have random
motions, but the direction of each MPC may not change
severely in short time, e.g., within a few WSS time win-
dows. Therefore, the probability of each trajectory can be
obtained by comparing distance between MPC Ai and M-
PC B j, i ∈ Si, j ∈ Si+1. Consider the trajectory of a MPC
as a set of ( Φ, τ , α ), where Φ is the position vector of
the tracked MPC, which includes AoA, AoD, and τ and α
are the delay and power of the tracked MPC, respectively.
An aggregated pairwise probability is used as the measure
between two MPCs in continuous snapshots:

∑
A∈Si

B∈Si+1

PA,B =β1C (||ΦSi+1
B −ΦSi

A ||)+β2C (|τSi+1
B − τSi

A |)

+β3C (|αSi+1
B −αSi

A |) (6)

where β1, β2, β3 are weight coefficients of azimuth, delay,
and power of the tracked MPCs, and α1+α2+α3 = 1. In this
case, we use α1=0.3, α2=0.3, α3=0.4 to combine spatial
proximity and power characterization into a pairwise prob-
ability PSi,Si+1

A,B . C (·) is a probability normalization function,
which is developed from the min-max normalization func-
tion:

C (xi) =
xi − xmax

∑
Xi∈Si+1

xi
(7)

To summarize, within each pairwise snapshots, starting
from a single MPC, the tracking algorithm cross-scale prob-
abilities of all trajectory to find the most likely track, which
is considered to be the true trajectory in reality.

3 Measurement-Based Simulation Model

In this paper, we validate the tracking algorithm by us-
ing random generated MPCs. We use different statistical
distributions for AoA, AoD, delay and power based on a
measurement-based dynamic channel model in [13]. More
details of dynamic simulation can be found in [13] and, all
the parameters of distributions used in this paper are esti-
mated using a nonlinear least-square regression method and
summarized in Table 1. In the dynamic simulation model,
lifetime is a time window, which describes the time duration
from MPC appearance to disappearance. All the variations
of MPC happen during its lifetime. It is found that MPC
lifetime is independent of the mean values of MPC delay
and azimuth [13].

If one MPC appearances at observation s′ and disappear-
ances at s′′ (where s′ < s′′), its lifetime T is given by

T = ∆W ·∆s = ∆W · (s′′− s′+1) (8)

where ∆W is the duration of one WSS region. For the sake
of analysis, we assume all MPCs have the same lifetime.
AoD and AoA is also independent of each other with a sim-
ilar distribution, which is given by the zero-mean Gaussian
distribution [13] as follows

f2,ϕ (ϕ) =
1

σϕ
√

2π
exp(− ϕ 2

2σ2
ϕ
) (9)

where σϕ is the standard deviation. As for delay, Gamma
distribution is suggested by [13], which is given by

f2,τ =
yp21−1 ·exp(−y/p22)

(pp21
22 ) ·Γ(p21)

. (10)

It is found in [13] that the normalized MPC power is gen-
erally independent of azimuth. There are MPCs with high
powers present at nearly all angles. Hence, the power is
modeled as a function of excess delay, which is given by a
dual-slope model

20log10(α) =

{
q1 · τ[ns] 0 ≤ τ < τa,bp

q2 · τ[ns]+q3 τa,bp ≤ τ ≤ 700ns
(11)



Table 1. DYNAMIC MODEL PARAMETERS

Parameter value Parameter value
∆W [s] 1.15 kτ,(kτ>0) 8.09
smax 48 kτ,(kτ<0) -6.94
µ∆s 1 kϕ ,(kϕ>0) 6.00
σ∆s 13.0 kϕ ,(kϕ<0) -7.54
p11 1.81 ka,(ka>0,kτ>0) 0.060
p12 3.05 ka,(ka<0,kτ>0) -0.063
p21 1.48 ka,(ka>0,kτ<0) 0.042
p22 9.12 ka,(ka<0,kτ<0) -0.041

σϕ (degree) 76.2 ka,(ka>0,kτ=0) 0.049
τa,bp[ns] 91.67 ka,(ka<0,kτ=0) -0.004

q1 -0.19 τm,bp[ns] 8
q2 -0.009
q3 -12.93

where τa,bp denotes breakpoint. In the time varying chan-
nel, the variations of azimuth, delay, and power of each M-
PC within its lifetime need to be modeled. However, the
MPCs with short lifetimes are considered to be constant ac-
cording to [13]. The distinction of short and long lifetimes
is expressed as

∆s = s′′− s′+1 :

{
≥ 6, long lifetime

< 6, short lifetime.
(12)

For long lifetime MPC, the delay and azimuth are modeled
using linear polynomial functions as

τ(ts) = τ(ts′)+ kτ(s′− s′′+1) (13)

ϕ(ts) = ϕ(ts′)+ kϕ (s′− s′′+1). (14)

α(ts) = ϕ(ts′)+ kϕ (s′− s′′+1). (15)

Note that within a particular MPC’s lifetime, both kτ and
kϕ can be positive, or negative, or 0, with equal probabili-
ty. Meanwhile, kα is found to be either positive or negative
with equal probability, and the case kα = 0 is rarely ob-
served in measurements.

4 Algorithm Validation

With the dynamic simulation model, we test our MPC
tracking algorithm in four different scenarios: i) 5 clusters
with only one MPC in each cluster, ii) 5 clusters with three
MPCs in each cluster, iii) 5 clusters with seven MPCs in
each cluster, and iV) 5 clusters with twenty MPCs in each
cluster. The performances of MPC tracking algorithm are
shown in Figs 1 - 4.

As we can see in Fig.1, the dot marks represent different M-
PCs in different snapshots, and it can be seen that different
MPCs are moving. We show the moving paths of MPCs
by linking the MPCs in different snapshots. As shown in
Fig.1, the algorithm can recognize the moving path correct-
ly when there is only one MPC in each cluster.
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Figure 1. 5 clusters with 1 MPC in each cluster.

Tracking results of 5 clusters with three MPCs in each clus-
ter are shown in the Fig.2. In this scenario, each cluster
is consist of three MPCs. Hence, the difficulty of moving
path recognition is higher than the first scenario. However,
as shown in Fig. 2, the algorithm still works well.
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Figure 2. 5 clusters with 3 MPCs in each cluster.
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Figure 3. 5 clusters with 5 MPCs in each cluster.

As the number of MPCs in each cluster increases, the diffi-
culty of moving path recognition is higher and the algorith-
m is more complex because of a larger number of potential
paths between different MPCs. Note that the legend is not
labeled because there are 25 path in Fig.3. As we can see in
the Fig.3, there are some cross moving paths when MPCs
are close to each other. However, the tracking algorithm can
identify each moving path correctly. In the end, we test a
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Figure 4. 5 clusters with 20 MPCs in each cluster.

more complicated scenario, where the number of MPCs in
each cluster is up to 20. Fig.4 shows the trajectories of one
of the five clusters, and to clearly indicate MPCs’ trajecto-
ries, different trajectories are plotted with different colors.
In Fig.4, some MPCs are much closer to each other than
its real position in the next snapshot, however, the tracking
algorithm can still target the right moving path. This is be-
cause different possible paths are weighted by power, and
the algorithm pursues the maximum probabilities of the w-
hole paths. However, in this scenario, the running time of
algorithm is significantly increased. This is because more
MPCs lead to more potential paths. Hence, our future work
would be reduceing overhead of the tracking algorithm.

5 Conclusion

A power weighted MPCs tracking algorithm is proposed
in this paper. The problem of seeking potential position
is solved by using a MAP estimation in a Markov random
process. The dynamic trajectories in continuous snapshots
are considered, and tracking results show a high recogni-
tion accuracy. The tracking algorithm is validated by using
simulated dynamic channels. It is found that the tracking
algorithm can recognize trajectories correctly even in dense
MPC scenarios.
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