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Abstract
This paper proposes a stochastic multipath model useful for generating MIMO channel matrices in time-

variant environments. The multipath model is developed by first extracting the relevant characteristics from measured
indoor channel data and subsequently capturing these characteristics in an auto-regressive stochastic model. This
model is then used to generate channel matrices whose space-time characteristics closely match those of realis-
tic scenarios. The simple model further allows applicability to a wide range of physical scenarios and antenna
characteristics. Computational examples reveal the applicability and accuracy of the approach.

1. Introduction
When using multiple-input multiple-output (MIMO) technology on devices operating in a time-varying

channel, maintaining and using accurate channel state information (CSI) for the communication becomes difficult,
and the resulting throughput benefits of the technology quickly degrade [1, 2]. When attempting to quantify the
performance impact of this phenomenon, it is therefore critical that the simulation model capture the temporal and
spatial characteristics of the multipath channel. This paper proposes a channel modeling approach based on the
recent demonstration that high accuracy can be obtained by extracting the time-varying characteristics of multipath
clusters from measured data and generating a time-series of channel matrices from these cluster characteristics [2].
The paper describes extraction of the time-varying cluster parameters and the development of an auto-regressive
(AR) model based on the experimental results which can generate synthetic time-series for the parameters. The
model also includes a mechanism for introducing new and terminating existing multipath clusters. The multipath
model can be used with different antenna topologies and node motion profiles to generate time-series for the MIMO
channel whose characteristics closely match those of realistic channels. Computational examples performed with the
aid of information theoretic measures appropriate for time-variant MIMO channels reveal that the model behavior
accurately reflects that of the measured channels.

2. Time-Varying Model Formulation
This work relies on the experimental observation that the multipath components are grouped together in

space-time clusters, with each cluster described by its angle of departure (AOD), angle of arrival (AOA), time delay
of arrival, and gain [3], although in this work we focus on narrowband channels such that the cluster arrival delay
can be neglected. Contrary to most work where the multipath cluster parameters remain fixed in time, the goal
of this work is to determine the time-variant behavior of these cluster parameters and incorporate the observed
characteristics into a time-variant model.

Data for this study were collected with a prototype wideband 8×8 MIMO channel sounder [4]. In these
measurements, the transmitter was placed in a central hallway, and the receiver was moved at a constant speed
of 31.75 cm/s along a straight line in eight different rooms adjacent to the hallway. The antenna arrays were
eight-element uniform circular arrays (UCA) composed of monopole antennas with λ/2 interelement spacing.
Measurements were taken at 2.55 GHz with 80 MHz of excitation bandwidth divided into bins with 10 MHz
spacing. The channel was sampled very 3.2 ms over a 2 s interval, resulting in a spatial sampling interval of 0.0086
wavelengths. The M × N matrix H(k) represents the channel matrix at the kth sample time, where M and N
respectively denote the number of receive and transmit antennas.

Determining the double-directional power angular spectrum (PAS) [5] requires that we construct the full
spatial covariance for the channel. If the channel is wide-sense stationary, this covariance can be computed as
R = E

{
hh†

}
, where E {·} is the expectation taken over time, h is the channel matrix stacked column-wise into

a vector, and {·}† represents a conjugate transpose. Since the multipath characteristics are time-variant and wide-
sense stationarity is therefore violated, we instead assume the process is approximately wide-sense stationary, which
in this work means that we can estimate the covariance at each time sample by averaging over a reasonable window



of NS + 1 adjacent samples. We also assume the covariance remains constant over the measurement bandwidth,
allowing averaging over the NF samples in frequency as well. The covariance estimate at the kth time sample can
therefore be represented as

R(k) =
1

NF NS

NF∑

i=1

NS/2∑

k′=−NS/2

h(k−k′)
i h(k−k′)†

i , (1)

where h(k)
i is the stacked channel matrix at the kth time sample and ith frequency. The double-directional PAS at

the kth time sample is then given by

P (k)(φT , φR) = c(k)†(φT , φR)R(k)c(k)(φT , φR), (2)

where c
(k)
(n−1)M+m(φT , φR) = ψ

(k)
R,m(φT )ψ(k)

T,n(φR) and φγ is the azimuth angle at transmit (γ = T ) or receive

(γ = R). Also, ψ
(k)
γ,m(φγ) = ejk0(x

(k)
γ,m cos φγ+y(k)

γ,m sin φγ), where k0 is the free-space wavenumber and (x(k)
γ,m, y

(k)
γ,m)

is the coordinate of the mth transmit or receive antenna at the kth time sample.

We next scale the time-variant PAS such that its maximum value over the angle-time domain is unity and
track the time-variant magnitude and angles of the peaks in the PAS, each of which is designated as a single cluster.
Because the clusters with the largest peaks will dominate the channel behavior, we use only those clusters whose
peak magnitude (after scaling) rises above a value of 0.2. The resulting AOD, AOA, and gain time series for each
of the clusters are finally smoothed using a minimum velocity spline function [6] to remove high frequency artifacts
created by sampling, measurement noise, and cluster extraction errors.

Let ξ
(k)
γ,q represent the kth time sample for the AOD (γ = T ), AOA (γ = R), or power gain (γ = G)

for the qth cluster. Each time series is converted to a zero-mean, unit-variance sequence using the transformation
ξ̂
(k)
γ,q =

[
ξ
(k)
γ,q − µγ,q

]
/σγ,q , where µγ,q and σ2

γ,q represent respectively the mean and variance of the relevant
time series. The statistics of the mean values µT,q and µR,q over all clusters from all measurements are found
to be uniformly distributed on [0, 2π). The variances for the AOD and AOA are respectively σ2

T,q = 19.4◦ and
σ2

R,q = 63.6◦, with the larger AOA variance resulting from the fact that this is the moving node. For the power gain,
the statistical analysis produces the probability density function (pdf) of the mean as well as that of the variance
conditioned on the mean.

With these transformations, the AOD, AOA, and gain for all clusters can each be described by a single
wide-sense stationary stochastic representation consisting of the probability density function (pdf) approximated by
a histogram and the power spectral density (PSD). To estimate the PSD, we write the PSD for each quantity as

Pγ(z) = Hγ(z)H∗
γ (1/z∗) (3)

with Hγ(z) = bγ/[1+aγ,1z
−1 + · · ·+aγ,pz

−p]. Based on numerical trials, we select the smallest value of the order
p which still provides good accuracy. Then, using the covariance method introduced in [5], we estimate the vector
aγ = [aγ,1, aγ,2, · · · , aγ,p]

T by solving the system Rγaγ = −rγ , where rγ = [rγ(0, 1), rγ(0, 2), · · · , rγ(0, p)]T ,
Rγ,mn = rγ(n,m) for 1 ≤ m, n ≤ p, and

rγ(m,n) =
1
Q

Q∑
q=1


 1

Kq − p

Kq−1∑

k=p

ξ(k−n)
γ,q ξ(k−m)∗

γ,q


 , (4)

where Q is the total number of clusters over all measurements involved in the statistical analysis and Kq represents
the number of samples over which the qth cluster has non-zero power gain (survival time). Finally, the coefficient
bγ is calculated using

bγ =

√√√√rγ(0, 0) +
p∑

k=1

akrγ(0, k). (5)

The analysis uses p = 4, 3, and 3 for the AOD, AOA, and power gain respectively.

The processed measurement data also reveals information about how frequently a new cluster appears and
how long a cluster remains before disappearing in a propagation scenario, referred to here as cluster birth and death,
respectively. Analysis of the data shows that the probability of a cluster birth at any time sample is approximately
1.5% and that the survival time (in number of samples) of a cluster obeys a uniform distribution on [21, 593].



The goal is now to create a model which can generate time-series for the relevant cluster parameters whose
stochastic behavior matches that of the time series extracted from the measured data. A wide-sense stationary
process with power spectrum in the form of (3) can be obtained by driving a linear, time-invariant system with
frequency response Hγ(z) with an appropriate zero-mean, unit-variance, temporally white noise process [5]. If the
system Hγ(z) is minimum phase and therefore invertible (which has been ensured by our estimation of the PSD),
we can obtain the appropriate white noise process as the output of the filter with frequency response H−1

γ (z) driven
by the time-series extracted from the measured data. The pdfs for the resulting white processes, referred to as the
innovation processes, become the “sources” for the desired model.

We are now prepared to create an AR model to synthetically generate the time-varying multipath cluster
parameters. For each cluster, one time series for each parameter, namely the AOD, AOA, and power gain, is
generated using the sequence of steps:

1) The value of Kq, the cluster survival time, is obtained as discussed.
2) A temporally white process is created by generating Kq independent realizations of a random variable

drawn from the pdf describing the innovation process for the parameter.
3) The white process is passed through a filter with response Hγ(z) to obtain a temporally correlated

process.
4) The correlated process is multiplied by σγ,q and then added to the mean µγ,q .

The remainder of the model generation follows the basic framework outlined in [2]. Assuming initially that
we have Q(0) = 4 clusters, we approximate each cluster with L multipath components (rays). AOD φT,q` and
AOA φR,q` values for the `th ray in the qth cluster are each drawn from a zero-mean Laplacian distribution with
an angle spread of 26◦ based on the findings in [3], resulting in a time-varying AOD and AOA for each ray of
φ

(k)
γ,q` = ξ

(k)
γ,q + φγ,q` for γ ∈ [T,R]. Similarly, we compute the voltage gain αq` of the `th ray in the qth cluster as

a realization of a zero-mean, unit-variance complex Gaussian random variable, producing the time-variant complex

ray gain of β
(k)
q` =

√
ξ
(k)
G,qαq`. To avoid abrupt changes in the channel, the gain sequence β

(k)
q` is multiplined by a

Hamming window to ensure a smooth transition. The synthetic channel matrix is then realized as
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where eγ,m(φ) is the complex field radiation pattern for the mth transmit (γ = T ) or receive (γ = R) antenna
when it is sitting at the coordinate origin and it is important to emphasize again that ψ

(k)
γ,m depends explicitly on

the time index k because of the time-variant antenna position as well as the changing AOD/AOA of each path.

3. Model Performance
It is possible to assess the model performance by comparing the values of established measures for quan-

tifying the level of MIMO channel time variation generated from the model to those obtained directly from the
measured channel matrices. These measures, which are detailed in [2], quantify the information theoretic loss in
performance caused by using outdated CSI in the signaling strategy. More explicitly, the transmit capacity delay
(TCD) approximates the capacity loss that occurs at time sample k (channel matrix H(k)) when the transmitter
forms its signaling strategy using the CSI at time sample 0 (channel matrix H(0)). Similarly, the receive capacity
delay (RCD) approximates the capacity loss that occurs when both the transmitter and receiver use outdated CSI
in their signaling strategy.

In the following computations, we assume that the transmit and receive antennas are UCAs (identical to those
used in the measurements) whose individual elements have omnidirectional patterns (eR,m(φ) = ET,n(φ) = 1).
The transmitter remains fixed during the simulation, while the receiver moves in a straight line.

Figures 1 plots the TCD normalized to a peak value of unity as a function of receiver node displacement
computed from both the measured (averaged over all measurements) and modeled (averaged over 1000 channel
realizations) data. This plot is interesting, since it reveals that the model is accurate for short displacements up
to about 10 cm even when cluster birth and death is excluded. This suggests that over short displacements, the
dominant effect is simply the variation of the cluster angles and gains as well as motion of the node within the
environment. However, for larger displacements, cluster birth and death is required for the model to maintain high
accuracy, revealing the importance of this process in the channel description.
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Fig. 1. Normalized average TCD metric as a function of
receiver displacement computed from the original measured
data and the time-variant model.
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Fig. 2. Normalized average RCD metric as a function of
receiver displacement computed from the original measured
data and the time-variant model.

Figure 2 plots the RCD, plotted versus electrical displacement (see [2] for the reasoning behind this choice)
under the same circumstances outlined in connection with Fig. 1. In this case where both transmitter and receiver
CSI are outdated, the capacity drops dramatically with node displacement, revealing the high sensitivity to accurate
receive CSI discussed previously [2]. The model is able to capture this effect very accurately (with or without
cluster birth and death), suggesting that the dominant effect is the change in the CSI due primarily to node motion
and secondarily to the cluster variation.

4. Conclusions
This paper has demonstrated the implementation of a time-variant multipath channel model for MIMO

applications. The model formulation uses measured channel data to determine the statistical representation of the
time-variant multipath cluster characteristics followed by an AR model generation of cluster realizations whose
statistics match those observed for the data. This time-variant multipath description is then used to generate a realistic
temporal evoluation of the MIMO channel matrix given moving nodes. The model includes the ability to have new
clusters appear and existing clusters disappear. Comparisons of the information theoretic MIMO performance as a
function of time obtained using modeled and measured data show that the model is highly accurate, particularly if
cluster birth and death are included.
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