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Prediction and Modeling for the Time-Evolving
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Abstract—We conduct a feasibility study of ultra-wideband
(UWB) channel prediction to answer the following two questions:
Is the UWB channel predictable? Is UWB channel prediction
useful? We setup the problem in the following way: A receiver
travels along a linear trajectory at a constant velocity. The
transmitter and environment are stationary. Using past channel
measurements, the receiver predicts future measurements of the
channel, assuming its direction of movement and velocity remain
constant. Our approach is to decompose the time evolution of the
channel, which is jointly correlated in time and delay, in terms
of the time evolution of individual paths, which are independent
across delay. A measurement campaign was conducted in the
Berkeley Wireless Research Center, where measurements were
taken with line-of-sight (LOS) and non-line-of-sight (NLOS) con-
ditions. We develop a channel prediction algorithm, and evaluate
results in terms of the matched filter output energy (MFOE).
Iterating through the six strongest paths, our prediction algorithm
achieves more than 70% (40%) of the possible MFOE over a pre-
diction distance of 34 cm for the LOS (NLOS) conditions. These
results are good since the coherence distance, being the distance
for which the channel is approximately constant, is less than 1 cm.

Index Terms—Angle of arrival estimation, channel measure-
ments, channel modeling, channel prediction, multipath channel,
ultra-wideband communications.

I. INTRODUCTION

A. Problem Definition

WHILE there has been much work studying the static
ultra-wideband (UWB) channel [1], work on the time

evolution of the UWB channel is less complete. In 2002,
Molisch pointed out the need to study the time evolution of
the UWB channel in his submission to the IEEE P802.15
Working Group for Wireless Personal Area Networks [2]. In
this contribution, Molisch differentiated two sources of time
variation: 1) the movement of the transmitter or receiver and
2) the movement of scatterers. The effect of mobile scatterers,
particularly mobile people, on the received power has been
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studied by Pagani and Pajusco [3]. Our work studies the former
case of time variation due to movement of the antennas.

We focus the study of time variation on the case where the re-
ceiver moves along a straight line at a constant velocity, and the
transmitter and environment are stationary. A stationary envi-
ronment simplification is reasonable in many applications, such
as wireless USB for home use or RFID tracking in a warehouse.
Since the environment is stationary, the setup is equivalent to
a transmitter transmitting to a linear receiver array; hence, we
will occasionally refer to the receiver as a “receiver array.” A
constant velocity assumption is reasonable over short distances.

We study the time variation in the context of channel pre-
diction. In particular, we seek to answer these questions: 1) is
the UWB channel predictable, and if in fact the channel is pre-
dictable we ask 2) is channel prediction useful? In the process of
answering 1), we discuss the time evolution model for the UWB
channel. One can interpret the prediction results as evidence of
the model’s validity.

In question 1), we study how far we can predict the channel
and with what accuracy, where accuracy is measured in terms
of the matched filter output energy (MFOE). To answer these
questions, we study block prediction. Given a block of channel
measurements 1 along a straight line, we predict the next block
of channel measurements assuming the receiver continues along
the same direction with no change of velocity. We wish to study
whether there is some randomness inherent to the channel evo-
lution that limits channel prediction. Thus, we perform the block
prediction study at high SNR. We see that our channel predic-
tion algorithm performs well on dominant strong paths, but per-
forms poorly on dense multipath, when a number of weak paths
overlap within each delay bin. Thus, we expect the algorithm
to perform well in indoor office environments where dominant
paths are common [4], but not in industrial environments where
a large fraction of the channel response energy is composed of
dense multipath [5].

In question 2), we demonstrate the usefulness of channel pre-
diction through studying one application of UWB channel pre-
diction, namely using the correlation of the channel over time to
improve the SNR of the current channel estimate 2 . We compare
two systems, marked A and B. System A uses measurements up
to time to estimate the channel at time , whereas System B
uses only the current measurement (at time ) as its estimate of
the current channel realization. This paper addresses how low

1By a block of channel measurements, we mean a series of measurements
taken at uniform intervals along a straight line.

2There are other applications of channel prediction beyond the improve-
ment of SNR at the receiver, such as more quickly updating the power con-
trol at the transmitter and improved scheduling of the data rate to increase the
throughput. In this paper we study only one application, but in no way rule out
other applications.
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TSAO et al.: PREDICTION AND MODELING FOR THE TIME-EVOLVING UWB CHANNEL 341

the SNR should be for our channel prediction algorithm to be
useful for this application.

B. Current Literature

Although people have studied narrowband (NB) [6] and
wideband [7] channel prediction, few have studied UWB
channel prediction. At the heart of channel prediction lies the
problem of modeling the time evolution of the UWB channel,
which has been studied to some extent by Cramer et al. [8]
and Kunisch and Pamp [9]. Our work builds upon the CLEAN
algorithm, developed by Cramer et al., as well as the idea of
virtual transmitters, developed by Kunisch and Pamp. This
work develops the existing UWB channel model to some
extent, but is primarily focused on applying the channel model
for channel prediction. Much work was spent in developing an
algorithm to estimate model parameters.

II. UWB CHANNEL MODELING

A. Modeling of the UWB Channel Evolution

In a NB channel where one tap is the sum of many paths3 , it is
common to use a statistical model to characterize the time evo-
lution of the channel. An autocorrelation function models the
time evolution of individual taps, and these stochastic processes
are assumed independent across delay. In the UWB channel,
taps oftentimes are composed of one path or no paths, due to
the fine time resolution. Delay bins are very narrow and paths
move from one tap to another on a fast time-scale, on the order
of tens of milliseconds [10]. When a strong path moves from
one tap to another, the time evolution of taps become correlated
across delay. The assumption in the NB channel of modeling the
stochastic process of taps independent across delay no longer
holds. It appears we need to model taps jointly in time and delay
which on the surface adds much complication. Fortunately, the
resolution of individual paths allows for an important simplifi-
cation. The time evolution model of the UWB channel can be
decomposed into the time evolution of individual paths. In turn,
the time evolution of individual paths is modeled by a mostly de-
terministic model of the delay evolution, amplitude evolution,
and path waveform. There is a modeling paradigm shift from
the NB channel to the UWB channel: while the time evolution
model of the NB channel can be decomposed into the time evo-
lution of individual taps, the time evolution model of the UWB
channel can be decomposed into the time evolution of individual
paths.

With a slight modification of the static UWB channel model
proposed by Cramer et al. [8]

(1)

we arrive at the time-evolving UWB channel model

(2)

3In this paper, a tap is defined as one of the discrete samples of the channel
response, whereas a path is defined as a received copy, delayed and possibly
distorted, of the transmitted signal.

where is the delay and is either time or the spa-
tial location4 . is the summation of the strongest paths’
time evolution. Path is specified by (the path
delay), (the path amplitude), and
(the path waveform). However, any real communication system
must sample in space and delay, so we consider the discretized
version of (2), using the transformations

(3)

where is the delay index, is
the location index5 , is the sampling period over delay, and

is the spacing of receiver locations or antennas. We make
the domain of discrete, so it can be easily manipulated on
the computer. We define that path waveform ,
where . As a result, we must convert the path
delays into delay indices, , which
introduces some quantization error. Along with the shorthand

, we arrive at the discrete channel model

(4)

For clarity, we denote by the UWB channel model,
and by the channel measurements. Next, we develop
models for the delay evolution, amplitude evolution, and path
waveform.

B. Delay Evolution Model

We define the path delay as the delay index corresponding to
the path waveform’s maximum value (in magnitude). Following
Kunisch and Pamp6 [9], we model the delay evolution by

(5)

where is the speed of light. We regard and as fixed
constants for the model, so is parameterized only
by , the virtual transmitter location7 . The orientation of
the receive array coincides with the x-axis, and the measurement
points are for . Thus,

represents the distance from the virtual trans-
mitter to location of the receiver. represents a random
perturbation to the delay evolution, also called delay jitter. It
represents the aggregate effect of randomness in the path delay

4Assuming the receiver moves at a constant velocity along a straight line,
we can convert between time and spatial location. We refer to time and spatial
location interchangeably in the paper.

5N is defined as the number of delay samples for each channel measurement;
M is the number of channel measurements over space. In the measurements,
N = 2 , the number of points of the IFFT, and M = 74, constrained by the
physical dimensions of the positioner.

6Kunisch and Pamp’s model is deterministic without the w [m] term
7The virtual transmitter location is defined as the transmitter’s location mir-

rored about any reflectors or diffractive corners, with respect to the orientation
of the receive array [9].
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caused by rough reflector surfaces and inaccuracies in the posi-
tioning of the receive antenna. We leave the probabilistic mod-
eling of as an open question. For clarity, we introduce the
notation to be
used in later sections. It allows us to predict the delay evolution
after we estimate .

C. Amplitude Evolution Model

We define the amplitude of a path as the path waveform’s
signed extreme value. We model the amplitude evolving linearly
over short distances

(6)

where represents a random perturbation to the amplitude
evolution. We observe this randomness in the data, although
we are unable to conclude its physical source. Similar to the
delay perturbation , we leave the probabilistic modeling
of as an open question. For clarity, we introduce the no-
tation . It allows us to predict the amplitude
evolution after we estimate and .

D. Path Waveform Model

The pulse shape for path is denoted . The path-depen-
dent pulse shape is due to: (1) the antennas not being perfectly
omni-directional, and (2) the reflectors altering the pulse shape
[8]. We do not model time variation in the pulse shape; this sim-
plification is not valid in practice, so our modeling introduces
errors. By definition, we center the waveform’s maximum lobe
(in magnitude) at delay index . As an approximation, we
model all waveforms as spanning samples and having a region
of support from around their maximum. If in fact a
waveform spans more than samples, it will be modeled as two
or more paths, with the same angle of arrival. This choice aims
to simplify the prediction algorithm, as it eliminates the need to
estimate the waveform duration. To be consistent with the defi-
nition of path amplitude in Section II-C, we normalize the path
waveform to have a maximum absolute value of 1.

E. Matched Filter Output Energy (MFOE) Metric

We use the MFOE metric as a measure of the quality of our
model and its predictions. Let

• , the measured channel re-
sponse at high SNR at location , which is a good approx-
imation to the actual channel;

• , the matched filter the
receiver uses at receiver location .

The MFOE at location is defined as
, where we make the matched filter unit norm, so

that all matched filters we compare have identical “gain.” The
MFOE metric at location , is defined as the MFOE
normalized by the maximal possible MFOE. Mathematically

(7)

where is the inner product of two vectors in . If the
receiver could use the actual channel, , as the matched filter

Fig. 1. Floor-plan of BWRC library for the NLOS setup.

(the ideal case), we have . If the receiver uses a
nonoptimal matched filter, quantitatively evaluates the
channel estimate used for filtering.

III. UWB CHANNEL MEASUREMENTS

The description of the equipment used for measurements, as
well as the initial processing of the measured data appear in the
Appendix.

A. Environments

We performed UWB channel measurements in the library
of the Berkeley Wireless Research Center (BWRC), located
in Berkeley, California. Two sets of data were collected, one
with line-of-sight (LOS) and the other with non-line-of-sight
(NLOS) conditions. The floor-plan of the library for the NLOS
setup is shown in Fig. 1, with a folded ping-pong table ob-
structing the LOS path. The floor-plan of the LOS setup was
identical, except that the ping-pong table was removed. The
measurement equipment is described in the Appendix.

Great care was taken to ensure a stationary environment.
Metallic sheets were placed between the person operating the
setup and the setup itself, so that even though close to the setup,
the person would minimally alter the UWB waves. People were
not allowed to enter the library during measurements.

The receive antenna was positioned every 0.92 cm along the
bolded line segment notated “receiver array” in Fig. 1, starting
from the right and ending in the left for a total of
measurements. We choose the origin of the coordinate system
to coincide with the starting receiver position, notated (0,0). The
x-axis (y-axis) is parallel (orthogonal) to the receiver array.

B. Channel Measurement at a Single Receiver Location

Our primary interest is to analyze the time variation of the
channel. Before doing so, we comment about the general struc-
ture of the response at a single receiver location.

Fig. 2 presents channel responses taken in LOS and NLOS
configurations, both responses showing three early strong paths
followed by dense multipath. The LOS and NLOS measure-
ments are similar except for the first path that is much weaker
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Fig. 2. LOS and NLOS channel responses. (a) LOS. (b) NLOS.

in the NLOS measurement, and the diffractive paths around
the ping-pong table that are present in the NLOS measurement
but not in the LOS data. By considering path delays, we infer
that the first path of the NLOS measurement passes through the
folded ping-pong table, and is weaker due to the obstruction.

C. Channel Evolution

Instead of displaying the evolution of the entire channel,
which would be very difficult to show clearly, we display the
evolution of individual paths. Fig. 3 displays the three strongest
paths of the LOS data. Indeed, we see that the evolution of the
UWB channel can be modeled by the evolution of individual
paths. Before we comment on all three paths, we describe
the path in Fig. 3(a) in some detail8 . The horizontal axis of
Fig. 3(a) is an interval of delay spanning 5.4 to 9.8 ns, and the
vertical axis is receiver location. The sampling interval over
space is cm and the sampling period over delay is

ps. Fig. 3(a) is an amplitude plot, in which red is
positive and blue is negative. The red-blue- -red-blue pattern
shows the oscillatory nature of the path waveform.

The negative slope of the diagonal lines in Fig. 3(a) indicates
that the path delay decreases with increasing receiver displace-
ment. Clearly, the slope provides information about the angle
of arrival of the path. Since the path delay is measured explic-
itly, we have information about the angle of arrival and delay
of the path, which pin-points the virtual transmitter location.
By this logic, we can plot the virtual transmitter location corre-
sponding to this path in Fig. 3(b). Since we have measurements
from a linear array (compared to a 2-D array), we can only re-
solve the angle down to two possibilities mirrored about the re-
ceiver array. One possible virtual transmitter is notated by an

and the other by an . With knowledge of the floor-plan, we
deduce that the is the correct virtual transmitter in Fig. 3(b),
with the path being the LOS path. From the point of modeling
and prediction, the fact that we have two possible virtual trans-
mitter locations for each path is inconsequential. The distance
from any point on the receiver array to either virtual transmitter

8Some of the figures are better viewed in color. If the figures printed in black
and white are unclear, please refer to a pdf version of the paper.

is identical, so either virtual transmitter will generate the same
path delay evolution.

We comment about the other paths in the LOS data set. In
Fig. 3(c), the path at 10.98 ns is a reflection off a metallic sheet.
The path at 21.94 ns is a reflection off the glass patio door. We
note there is more nondeterministic time variation in both the
amplitude and path waveform in the path at 21.94 ns compared
to the path at 10.98 ns. Since our modeling and prediction as-
sumes a linear amplitude evolution and a constant path wave-
form over time, the nondeterministic time variation in the path
at 21.94 ns will generate modeling and prediction error.

Fig. 4 displays a subset of the paths in the NLOS data set. The
three strong paths are very similar to those of the LOS data set,
except for some attenuation due to the ping-pong table, and are
not displayed. We instead display two diffraction paths unique to
the NLOS data set. Fig. 4(a) displays a path arriving at 8.83 ns,
which is diffraction off of the left corner of the folded ping-
pong table. Fig. 4(c) displays a path arriving at 8.47 ns, which is
diffraction off of the right corner of the folded ping-pong table.
We note that these two paths “overlap” or add together, which
leads to complications in channel prediction. In our model and
prediction, we do not treat diffracted paths any differently than
paths due to reflection.

IV. ESTIMATION OF MODEL PARAMETERS

A. Overview of the Algorithm

The channel’s response is parameterized by
, where counts the prop-

agating paths from the strongest to the weakest path. We regard
(speed of light), (sampling interval in time) and

(sampling interval in receiver location) as fixed constants of the
model. Another constant we use is , the number of samples a
waveform spans in delay, where for our
implementation of the algorithm. We summarize the notation
below.

Integer index of receiver location, one signifies the
starting receiver location.
Integer index of delay, ranging .
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Integer index of delay used within pulse waveforms,
ranges .
Virtual transmitter position along axis parallel to
receiver movement.
Virtual transmitter position along horizontal axis
orthogonal to receiver movement.
Slope of amplitude evolution, Section II-C.

Offset of amplitude evolution, Section II-C.

Pulse shape.

Amplitude evolution.

Delay evolution.

In our notation, the estimate of a parameter is labeled with a
hat. We occasionally make an initial estimate, which we label
with a tilde, followed by a final estimate, which we label with a
hat. For example, the initial estimate of is ; the final esti-
mate of is . In Algorithm I, the optimal estimator estimates
all parameters jointly.

Algorithm I Complete Joint Estimation

Given the channel measurements , jointly estimate
.

This approach is not easy, so we make approximations to sim-
plify the problem. For the first simplification, we note that of-
tentimes, strong paths do not arrive at the same delay. Thus,
we observe directly for each path . Esti-
mating decouples into esti-
mating from for each
path . However, paths do occasionally arrive at the same delay
and overlap. In this case, it would be more optimal to estimate
the two paths’ parameters jointly. If overlap occurs, we take the
nonoptimal approach of treating the overlapping path as noise
while estimating the parameters of the other path. This motivates
the following iterative approach where we successively estimate
path parameters from the strongest to the weakest path. In the
first iteration, the strongest path is modeled; in the second iter-
ation, the second strongest path is modeled, and so on.

Algorithm II Joint Estimation for Individual Paths

given the channel measurements , set
.

repeat ith iteration

1. Find the strongest path, path i, and estimate its parameters
.

2. Subtract the path estimate from the data:
.

Return to step 1 for iteration if it is needed, or
terminate.

The joint estimation of even for one path
is not straight-forward. Instead, we take a heuristic approach to
estimate these parameters, outlined in Algorithm III and shown
in a block diagram in Fig. 5.

Algorithm III Heuristic Estimation

given the channel estimates , set .

repeat ith iteration

1. For the strongest path, path , estimate the parameters
in two steps.

First estimation step

a. Virtual Transmitter Location Estimation (I):

Make an initial estimate of the virtual transmitter
location, , Section IV-B.

b. Delay Evolution Estimation (I): Make an initial
estimate of delay evolution, , Section IV-C.

c. Path Waveform Estimation (I): Make an initial estimate
of path waveform, , Section IV-D.

Second estimation step

d. Delay Evolution Estimation (II):

Make a final estimate of the delay evolution which
includes delay jitter, , Section IV-E.

e. Amplitude Evolution Estimation: Estimate the
amplitude evolution, , Section IV-F

f. Path Waveform Estimation (II): Make a final estimate
of path waveform, , Section IV-G.

g. Virtual Transmitter Location Estimation (II):

Least squares estimation of virtual transmitter
location, , Section IV-H.

h. Least squares estimation of amplitude parameters,
, Section IV-I.

2. Subtract the path estimate from data:
.

Return to step 1 for iteration if it is needed, or
terminate.

In Sections IV-B–IV.J, which explain one iteration of the
algorithm, we process and display intermediate results of the
LOS path in Fig. 10(a), that corresponds to the fourth iteration
for the LOS measurements. Fig. 10(a) is identical to Fig. 3(e),
except the vertical axis has been shifted to
meters to facilitate our discussion of predicting the top half
of the data, , from the bottom
half, . Parameters will be estimated
using only the bottom half of the data, for receiver loca-
tions from m to 0 m (or equivalently, spatial indices

). Once estimated, the parameters
fit the model to the measured data; evaluating the fitted model
over receiver locations 0 m to 0.34 m (or equivalently, spatial
indices ) will generate
prediction results. The termination condition is based on the
MFOE improvement of the last iteration over the second to last
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Fig. 3. Three strongest paths from the LOS measurement. Red O’s and X’s indicate possible virtual transmitter locations. Blue X’s represents the actual location
of the transmitter. By “Path at—ns,” we mean the evolution of the path with delay—ns at receiver location location (0,0) m. (a) Path at 7.58 ns. (b) Direct path
from transmitter, a red X indicates the likely virtual transmitter location. (c) Path at 10.98 ns. (d) Reflection off metallic sheet; a red X indicates the likely virtual
transmitter location. (e) Path at 21.94 ns. (f) Reflection off glass window; a red O indicates the likely virtual transmitter location.

iteration, averaged over the receiver locations from m to
0 m. However, in the presentation of the results, we hardwire the
algorithm to process the six strongest paths for each of the data
sets (LOS and NLOS), so that the performance of the algorithm
across the two data sets could easily be compared.

B. Virtual Transmitter Location Estimation (I)

We make the first step estimate of the location of the strongest
virtual transmitter from , using a modified version of
the CLEAN algorithm developed by Cramer et al. [8]. Our
algorithm is an exhaustive search over a set of possible virtual
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Fig. 4. Diffraction paths from NLOS measurement. Red O’s and X’s indicate possible virtual transmitter locations. Blue X’s represents the actual location of
the transmitter. (a) Path at 8.83 ns. (b) Diffraction off left corner of ping-pong table, a red X indicates the likely virtual transmitter location. (c) Path at 8.47 ns.
(d) Diffraction off right corner of ping-pong table; a red X indicates the likely virtual transmitter location.

Fig. 5. Signal flow of our proposed approach.

transmitter locations. We describe the search space, followed by
the metric which evaluates how likely a particular location in the
search space is a virtual transmitter.

We search for the location of the strongest virtual trans-
mitter over polar coordinates rather than Cartesian coordinates
[Fig. 6(a)]. For each value of delay, we search over a set of
path propagation angles from 9 . A path propa-
gating broadside to the movement of the receiver has .
Propagation against (along) the direction of the receiver’s
movement has . We perform the search
over angle for increasing delay values, where the search
space is illustrated in Fig. 6(b). The metric
is used to evaluate each virtual transmitter location. For all
radii 10 and a set of angles of arrival

11 , calculate the virtual transmitter coordinates
using and then the metric at this
point

(8)

9Recall, we cannot distinguish angles mirrored about the receiver array, so
we search from [��=2; �=2] instead of [��; �].

10The radii is chosen as positive multiple of the “pulse waveform length in
space,” in other words the duration of the pulse waveform T multiplied by c.

11The angular resolution is chosen as a function of the receiver array length.
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Fig. 6. (a) Rx Array Orientation. (b) 2-D search space parameterized by radius r and angle �. (c) Radius versus angle of arrival plot, T(r; �), for the fourth
iteration through the LOS data. First step estimate of virtual transmitter location of fourth iteration is circled.

The estimate of the location of the strongest virtual transmitter
is given by12

(9)

We now develop some intuition for the metric by re-
placing the UWB data with the UWB model .
Substituting the expression for from (4) into (8), we
write the metric as

(10)

where is defined in Section II-B. We evaluate at its
maximum, where the location of the strongest
virtual transmitter and arrive at

(11)

12In the implementation of the algorithm, we use an additional refinement
step, since the search space as defined is quite coarse. After finding a coarse es-
timate of the virtual transmitter, we maximize the metric T by searching locally
around the coarse estimate to arrive at (~x ; ~y ).

We break up the sum from into a term that involves
path and terms that do not

(12)

In the first term of (12), all the pulse waveforms for path are
centered around , and are summed constructively. As a
result, the double summation of the first term is large.

In contrast, the term with an underbrace in (12) is approxi-
mately zero for two reasons: 1) if path is sufficiently
separated in delay from path , then the pulse is not shifted
into the window from and path does not con-
tribute to the outer sum (over ) in (12) and 2) if path is not
separated in delay from path , possibly overlapping with path ,
the contribution of will still be small since ’s waveforms
are not aligned ( is large). Zero mean
waveforms that are not aligned will sum destructively. Thus, the
CLEAN algorithm’s performance is not significantly degraded
by overlapping paths.

Taking the simplifications where the second term in (12) is
negligible, and , we ar-
rive at

(13)

The inner sum in (13) over adds the pulse wave-
forms “almost constructively,” because we still have
(delay jitter) perturbing the alignment of the waveforms. In the
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Fig. 7. Modified CLEAN algorithm sums along curved traces, due to the non-
linearity of the delay evolution versus distance.

outer sum in (13) over to , we sum the absolute
value of an expression close to the pulse waveform. Stronger
paths have a larger amplitude (i.e., larger values) which
results in a larger value of . Now suppose that (x,y) is not
the location of a virtual transmitter. For each path, path wave-
forms will sum destructively and will be small. We now
show an intensity plot of the metric, not in terms of , but in
terms of , where is the distance of the virtual transmitter
to the starting position of the receiver, and is the angle between
the line connecting the virtual transmitter to the starting position
of the receiver and the axis [see Fig. 6(a)]. See Fig. 6(c) for
the radius versus angle of arrival plot , where the inten-
sity is in logarithmic scale. For the path in Fig. 10(a), the first
step estimate of the virtual transmitter location is calculated as

m.
Instead of interpreting the algorithm as aligning the wave-

forms of one path around delay index and summing the
waveforms constructively, one may have an alternate interpreta-
tion: The sum over the spatial index can be seen as summing
over a trajectory (given by the delay evolution ) over
the 2-D data . This trajectory may be nonlinear with re-
spect to the location axis as illustrated by the example path in
Fig. 7. If the receiver is close enough to the transmitter such that
the displacement of the receiver is comparable to the separation
between the receiver and transmitter, the trajectory will appear
to be curved. In other words, the nonlinearity of the delay evolu-
tion as a function of is pronounced in these cases.

C. Delay Evolution Estimation (I)

After estimating the virtual transmitter location , we
calculate the first step of the delay evolution estimate by

(14)

where as defined in Section II-B. The delay evolution es-
timate (I) is parameterized by the virtual transmitter location

and does not include delay jitter. It is necessary to trans-
late by a constant such that the path delay equals
the delay of the waveform’s maximum value (in magnitude) to
follow the definition of path delay in Section II-B. In practice,
we accomplish this translation by fine tuning the virtual trans-
mitter’s radius r (while leaving fixed)13 , such that
equals the delay of the waveform’s maximum value for location

.

D. Path Waveform Estimation (I)

The first step estimate of the path waveform is given by aver-
aging over the measurements at different locations, each at the
appropriate delay

(15)

for , where is a factor that
normalizes the waveform’s maximum lobe to unity magnitude.
Substituting with the UWB model , and fol-
lowing steps similar to those taken in Section IV-B, this equa-
tion simplifies to

(16)

assuming no overlapping paths. If there are overlapping paths,
the path waveform estimate may have minor distortion. In-
creasing M, the number of channel measurements at different
receiver locations, reduces this distortion. Fig. 8 (top) displays

, superimposed to-
gether for the path in Fig. 10(a). One may observe the delay
jitter contributing to the slight misalignment of the waveforms.

has been chosen as , which models all wave-
forms as having a duration of 2 ns.

E. Delay Evolution Estimation (II)

Using the first step estimate of delay evolution
(Section IV-C), noted by , and the first step estimate
of the path waveform from Section IV-D given by , we
now estimate the delay evolution including jitter

(17)

The term gives a coarse estimate of the delay from
Section IV.C. The delay jitter is assumed to be bounded in
magnitude by , and is the argument maximizes
the inner product between and .
In Fig. 10(c), we plot , the second step estimate of delay
evolution, or in short, the “estimated delay.”

13Adjusting the radius r is equivalent to translating the delay evolution by a
constant.
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Fig. 8. Overlay of path waveforms of a single path measured at receiver loca-
tionsm = 1 . . .M=2. Top: Waveforms aligned using delay estimates from first
step �h [m; � + �n[m; ~x ; ~y ]];m = 1 . . .M=2. Bottom: Waveforms aligned
using delay estimates from second step �h [m; � + n̂ [m]];m = 1 . . .M=2.
Delay jitter present in the first step delay estimate is reflected as a slight mis-
alignment of waveforms in top plot.

F. Amplitude Evolution Estimation

Using the second step delay evolution estimate from
Section IV-E, the amplitude evolution is estimated by

(18)

We simply read off the amplitude of the channel tap cor-
responding to the estimated delay of the path. , the
“estimated amplitude,” is shown in Fig. 10(d), and displays
substantial time variation, on a scale comparable to half a
wavelength. This variation is rather surprising as it most likely
cannot be explained by the conventional sources of amplitude
variation such as free-space attenuation which should exhibit a
monotonic change, and Doppler which would involve multiple
paths.

The amplitude evolution estimation does not perform well
when there are overlapping paths, particularly when the paths
are of similar energy and angle of arrival. We refer to the path in
Fig. 4(a) to illustrate the amplitude being distorted by an over-
lapping path, and plot the path amplitude in Fig. 9. One can
observe the distortion, which takes the shape of the overlap-
ping path’s waveform, in the path amplitude from receiver lo-
cation m to 0 m. Since the overlapping path waveform
and hence the distortion has mean zero, least squares will still
work for fitting and predicting the amplitude evolution. A more
sophisticated approach would have been to jointly estimate the
amplitudes of two (or more) overlapping paths. This approach
can be implemented in practice, but may not be worth the extra
complexity, depending on how frequently strong paths overlap.

Fig. 9. Amplitude of path from Fig. 4(a), which displays some distortion from
receiver location �0:34 m to 0 m due to an overlapping path.

G. Path Waveform Estimation (II)

Using the delay evolution estimate from Section IV-E, ,
we make an improved estimate of the path waveform

(19)

for . Since includes the
delay jitter, the path waveforms are now better aligned. Sub-
stituting with the UWB model , and following
steps similar to those taken in Section IV-B:

(20)

(21)

(22)

Indeed, is a better estimate of the model path waveform
than the result of the first step. Fig. 8 (bottom), we plot

superimposed together.
Since we have accounted for delay jitter, the waveforms are
better aligned, which results in a better waveform estimate.

H. Virtual Transmitter Location Estimation (II)

We use the delay estimates from Section IV-E, and require
that they approximately equal an expression that depends on the
virtual transmitter location

(23)
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Fig. 10. Path prediction results for LOS path at delay = 21:94 ns. The “estimated delay” and “estimated amplitude” were obtained by running our algorithm
on data from the entire receiver array, m = 1 . . .M . This allows for a comparison with the modeled delay and amplitude found in Sections IV-H and IV-F that
are calculated using data from locationsm = 1 . . .M=2. (a) Measured path. (b) Fitted model of path. (c) Delay evolution: modeled compared to estimated delay.
(d) Amplitude evolution: modeled compared to estimated amplitude. (e) Delay evolution: difference between modeled and estimated delay. (f) MFOE metric.

We manipulate the problem into a form in which we can apply
least squares

(24)

and perform a change of variables, .

(25)

We put the equation into matrix form

...
...

...

(26)
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The least-squares solution is . Undoing the
change of variables, we calculate the virtual transmitter loca-
tion: . The second step es-
timate of the virtual transmitter location for the fourth itera-
tion over the LOS data is meters. In
Fig. 10(c), we plot the delay evolution model, , pa-
rameterized by , naming it the “modeled delay.” From
receiver locations m to 0 m, the modeled delay displays
the least-squares fit to the estimated delay found in Section IV-E,
whereas from receiver location 0 m to 0.34 m, the model is ex-
trapolated without using the measurements.

I. Estimating the Amplitude Evolution Parameters

We estimate the amplitude evolution parameters , by
setting the amplitude estimates from Section IV-F equal
to the amplitude evolution model defined in Section II-C

(27)

Rewriting the equation, we have

...
...

...
(28)

The least-squares solution is . In Fig. 10(d),
we plot the amplitude evolution model, , parame-
terized by , naming it the “modeled amplitude.” From
receiver locations m to 0 m, the modeled amplitude dis-
plays the least squares fit to the estimated amplitude found in
Section IV-F, whereas from receiver location 0 m to 0.34 m, the
model is extrapolated without using the measurements.

J. Prediction Algorithm

After all parameters have been estimated for paths
, channel prediction is straightforward. The

channel model is now expressed using the parameters estimated
using data from location

(29)

We refer to this model as the fitted channel model. Eval-
uating the fitted channel model for gives
data fitting results. Evaluating the fitted channel model for

generates channel predictions. Evaluating
the fitted channel model for yields the estimate of the
current channel at , utilizing the spatial correlation
of the past measurements.

V. RESULTS

A. Path Prediction Results

Fig. 10(b) displays , the fitted
model of the path at 21.94 ns from the LOS setup (fourth it-
eration of the algorithm). In Fig. 10(b)–(f), receiver locations

greater than zero display prediction results, whereas negative
receiver locations display data fitting results. We see modeling
errors (discrepancy between the model and the estimated data
in the data fitting section) in both the delay and amplitude evo-
lution as displayed in Fig. 10(c) and (d). Extrapolation of the
model resulted in increased error in both the delay and am-
plitude evolution. In Fig. 10(f), we see that the modeled path
achieves about 60% of the MFOE14 for data fitting, and at least
10% of the MFOE for channel prediction. We chose to use this
path, which has a fairly irregular structure, in our discussion
of the parameter estimation algorithm to better illustrate and
motivate the features of the algorithm. Accordingly, the irreg-
ular structure generated nonideal path prediction results. For-
tunately, strong paths have a more regular structure than weak
paths, and are more predictable. Fig. 11(b) displays the fitted
model of the path at 10.98 ns from the LOS setup, which is
the path reflected off the metallic sheet [illustrated in Fig. 3(d)].
There is less than 9 ps of delay error, and the model achieves
better than 80% of the MFOE for prediction.

B. Channel Prediction Results

1) Is the UWB Channel Predictable?: The channel-predic-
tion algorithm completed six iterations after which the perfor-
mance could not be improved much, so the six strongest paths
are modeled and predicted. We present the LOS channel pre-
diction results, followed by the NLOS results. For each loca-
tion, , we compare the fitted channel model (subse-
quently called “the model”) to the measurements using
the MFOE metric. The measurements have a high SNR (36.9 dB
for LOS, 32.8 dB for NLOS) so they serve as a very good ap-
proximation of the actual channel.

a) LOS Results: Fig. 12(a) shows the performance of the
model for the LOS data after each iteration, where in the first
iteration, the strongest path is modeled; in the second iteration,
the two strongest paths have been modeled, and so on. Defining

as the number of modeled paths ranging from 1 to 6, the
MFOE metric for the model of the strongest paths at location
index is computed as (30), shown at the bottom of the next
page. If the model approximates the data well, then

(31)

Substituting (31) into (30), the MFOE metric simplifies to

(32)

which is the fraction of energy captured by the strongest mod-
eled paths out of the channel response. Thus, the model of the
strongest path (LOS path) accounts for about 55% of the total

14The MFOE metric for a single path, path i, is defined the same way as in
Section II-E, except h andMF only involve path i.
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energy. The second strongest path accounts for about 17% of
the total energy, where 17% is calculated from the gap between
the bottom two lines in Fig. 12 in the data fitting section. One
can infer the energy of the other paths in a similar manner.

In the data-fitting section, the MFOE metric increases with
each subsequent iteration of the algorithm, but by a smaller
amount as each subsequent path contains a smaller fraction of
energy. However, for the prediction region, after four iterations,
the MFOE metric fails to increase. The prediction error cancels
out the small MFOE gain for weak paths. For the LOS data set,
there is little improvement beyond four iterations, so four itera-
tions would have been sufficient.

We compare the performance of the six modeled paths with
an upper reference—the performance of a matched filter using
the six strongest paths directly from the channel measurements.
In the data fitting section, there is about a 3% gap between the
upper reference and the performance of the model of the six
paths, which shows that the model is a good fit to the data. In
the prediction section, the gap between the reference and our
model widens to about 15%. There is some inherent randomness
present in the channel evolution that is not modeled, causing
our model’s performance to degrade with increasing receiver
location.

b) NLOS Results: Fig. 12(b) shows the performance of
the model for the NLOS data. In the data fitting section, the
model of the six strongest paths captures between 60% to 70%
of the MFOE metric. The gap from the upper reference is about
10%. In the prediction section, the MFOE metric decreases to
about 40%, and the gap between the reference widens to about
30%. The fact that the six strongest paths capture about 70%
of the channel response energy in the NLOS data, compared to
more than 85% of the energy in the LOS data, makes the NLOS
data less amenable for channel prediction; 30% of the energy is
distributed in the weak taps that the algorithm cannot accurately
model or predict.

c) Comparison to a Non-Adaptive Matched Filter: It is
also meaningful to compare the performance of our model with
a lower reference—the performance of a nonadaptive matched
filter. Here, the matched filter uses the channel measurement at
receiver location zero as the channel estimate for receiver loca-
tions in the range [0, 0.34] meters. The lower reference gives
an idea of how fast the channel changes. Fig. 13(a) (for LOS
data) and (b) (for NLOS data) compare the model’s performance
with the upper and lower reference. We plot the results over
positive receiver locations, meaning we only plot prediction re-
sults and not data fitting results. In either the LOS or NLOS
data, the lower reference drops off quite rapidly, suggesting that
the channel changes quite rapidly. In fact, this lower reference
gives a sense of the coherence distance of the channel, or how

far in distance the channel stays approximately constant. At
cm, in either data set, the lower refer-

ence decreases to less than 70%. Thus, the coherence distance
is less than 1 cm. The fact that we can predict fairly well over
34 cm, while the coherence distance of the channel is less than
1 cm suggests that the model’s performance is quite good.

d) Summary of the Results: We have seen that the UWB
channel is predictable over 34 cm, though with some error, mea-
sured by the gap from the upper reference. The model’s results
are a significant accomplishment as the model can predict the
channel over a distance of 34 cm, which is much greater than
the coherence distance of less than 1 cm.

2) Usefulness of Channel Prediction: Having shown that the
UWB channel is predictable, we now demonstrate the useful-
ness of channel prediction through the study of one applica-
tion of channel prediction. We apply channel prediction to im-
prove the SNR of the current channel estimate, and seek to an-
swer under what SNR a system using channel prediction gives a
better performance than a system not using channel prediction?
It is quite intuitive that channel prediction only has advantages
at low SNR. At high SNR, a matched filter already has good
performance and there exists no advantage in utilizing the spa-
tial correlation of the channel. We must be careful in framing
this comparison. In the previous section, we compared the per-
formance of the model with the lower reference, a nonadap-
tive matched filter. Clearly, channel prediction outperformed a
system without channel prediction. However, this is a vacuous
comparison, as no system in reality would use a channel esti-
mate as the matched filter for longer than the coherence distance.
We were careful not to make this statement in the previous sec-
tion, using the lower reference only to get a sense of the coher-
ence distance.

Here is how we frame the comparison: System A uses channel
prediction, and system B does not. Both systems want to obtain
an estimate of the current channel. System A uses the past and
current channel measurements to estimate the current channel.
System B only uses the current measurement to estimate the
current channel. Channel measurements are at a low SNR.

The results are presented in Fig. 14 for both the LOS and
NLOS data sets. Once again, the MFOE metric is used to eval-
uate the performance of the channel estimate. This is the vertical
axis of the figure. The horizontal axis is the SNR of the channel
measurements, in dB scale. Here is how we generated a data
point: Noise15 was scaled and added onto the same channel
measurements as described in Section III, with a scaling cal-

15The added noise was measured experimentally with the receive antenna on
and transmitter turned off. Thus, the noise is band limited between 3 and 6 GHz
and are filtered by the receiver antenna response.

(30)
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Fig. 11. Path prediction results for LOS path at delay = 10:98 ns. (a) Measured path. (b) Fitted model of path. (c) Delay evolution: modeled compared to esti-
mated delay. (d) Amplitude evolution: modeled compared to estimated amplitude. (e) Delay evolution: difference between modeled and estimated delay. (f) MFOE
metric.

culated to achieve the desired SNR. Using the prediction algo-
rithm described in the Section IV, System A used the 36 past
and current noisy channel measurements to estimate the current
channel16 . System B used the current noisy channel measure-
ment as the current channel estimate. Twenty trials were aver-
aged to generate each data point; trials were identical except for
the added noise.

16To clarify, although we developed the prediction algorithm for measure-
ments at high SNR, the algorithm does work at low SNR; it does not completely
break down, but its performance is degraded.

In either set of data, the performance of System A levels off
for increasing SNR. System A only predicts the six strongest
paths, so the gap between its performance at high SNR and
MFOE metric = 1 is the loss due to the inability to predict the
weaker paths. In the LOS data, the performance of System A
levels off at a MFOE of 85%, consistent with the six strongest
paths capturing 85% of the energy. In the NLOS data, the per-
formance of System A levels off at a MFOE of 63%. In either
data set, the performance of system B increases to a MFOE of
almost 1, as the estimate at high SNR becomes close to the ac-
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Fig. 12. Algorithm performance. Receiver locations from �0:34 m to 0 m represent “data fitting” results, while receiver locations from 0 m to 0.34 m represent
“prediction” results. The top line is an upper reference used to judge the performance of the six modeled paths. (a) LOS data, SNR = 36:9 dB. (b) NLOS data,
SNR = 32:8 dB.

Fig. 13. Blue: upper reference. Black: performance of our prediction algorithm. Red: lower reference. (a) LOS data, SNR = 36:9 dB. (b) NLOS data, SNR =

32:8 dB.

tual channel. For the LOS (NLOS) data, System A outperforms
System B for SNR less than 3 dB ( dB). This confirms our
earlier hypothesis that channel prediction is useful only at low
SNR.

The gains from channel prediction at low SNR are quite good:
for the LOS data set at dB, System A achieves
80% of the MFOE, whereas System B only achieves 20%. The
gain is due to a spatial processing gain—noise is averaged out
over multiple receptions of the signal in space. The gain is anal-
ogous to the power gain of a system using receive diversity.
For a particular SNR, the performance gap between System A
and System B depends on the number of past measurements
used in the prediction algorithm. Here, 36 past measurements
were used. One can liken this number to the number of re-
ceive antennas in a receive diversity system. Whereas there is
a 3-dB gain for every doubling of the number of antennas for

receive diversity, the quantitative relationship between the gain
and the number of past measurements is not as clear. If one
could estimate the virtual transmitter location without error for
each path, irrespective of the SNR of the channel measurements,
there would be a 3-dB gain for every doubling of the number of
past measurements. However, this is not the case in practice, so
there is less than 3-dB gain for every doubling of the number of
past measurements. In the argument just stated, we assume that
the antenna elements for receiver diversity and spacing between
past measurements for our systems are sufficiently separated so
that noise is independent between measurements.

For a second comparison, one may fix a level of performance
and compare the horizontal gap in Fig. 14. For the LOS (NLOS)
data, there is up to a 17 dB (12 dB) gain in SNR in favor of
System A, at the MFOE metric equalling 70% (40%). This SNR
gain can be translated to a power savings.
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Fig. 14. Comparison of System A (which uses channel prediction) and System B (which does not). Data points, denoted by X’s for System A and O’s for System
B, are the average value of 20 simulations. (a) LOS data. (b) NLOS data.

VI. CONCLUSION

Through model development, experimental measurements,
and algorithm design, we have completed a feasibility study
of UWB channel prediction. We have shown that it is possible
to predict and model the time evolution of the UWB channel
through the time evolution of individual paths. We have demon-
strated the predictability of the UWB channel by achieving
greater than 70% (40%) of the possible matched filter output
energy (MFOE) over a 0.34-m range of receiver locations
for the LOS (NLOS) data. These results are good since the
coherence distance of less than 1 cm is significantly shorter
than the distance of 34 cm over which we can predict. We have
demonstrated that for low SNR, less than 3 dB ( dB) for
the LOS (NLOS) channel, our channel prediction algorithm
has an advantage over a matched filter that does not utilize the
correlation of past measurements.

APPENDIX

This Appendix provides details to the UWB measurement
setup.

1) Setup: An HP 8719C Vector Network Analyzer (VNA)
was used to measure the frequency response of the channel. Port
1 of the VNA was connected to the receive antenna, a Time Do-
main PulseON 200 UWB antenna [11], through a 12 foot long
SMA cable. Port 2 was similarly connected to the transmit an-
tenna. A diagram of the measurement setup is shown in Fig. 15.

2) Equipment:
UWB Antennas: The Time Domain PulseON 200 UWB

antennas have an operating range from 3 to 6 GHz. They are
nearly but not perfectly omni-directional [11], meaning that the
pulse waveform transmitted in different directions are similar,
but not identical.

VNA: The VNA measured 801 equally spaced samples
from 3 GHz to 6 GHz, with a frequency resolution
3.7 MHz. This frequency resolution results in a measurement
time window of 270 ns, longer than the approximate delay
spread of 100 ns. The transmitted power of the sounding signal
was 10 dBm; each sample in frequency was measured four
times and averaged to reduce noise. The transmitted power

Fig. 15. Measurement setup.

Fig. 16. Measurement signal flow.

level and averaging resulted in a received SNR17 of 36.9 dB
for LOS and 32.8 dB for NLOS measurements.

SMA Cables: We chose relatively short SMA cables (12
feet) to avoid using amplifiers, which boost the signal strength,
but have the drawback of distorting and adding noise to the
signal. The short cables unfortunately limited the receiver-trans-
mitter separation. The cables’ response was accounted for by a
calibration of the VNA.

Positioner: Our self-built positioner consists of a screw
drive that pulls the receiver along a track by means of a man-
ually operated pulley system. One turn of the screw moves the
receiver 0.23 cm. A Plexiglas strip was used as a track to achieve
a perfectly level surface. The upper part of the positioner near
the antenna was designed to contain as little metal as possible
(except for a few screws, small pulleys, and metal string) so that
the positioner equipment would minimally affect the channel
measurements.

3) Post Processing: Fig. 16 depicts the measurement setup’s
signal flow. The VNA effectively sends an input signal
with constant amplitude between 3 to 6 GHz. The signal en-
counters the transmitter antenna, the channel, and the receive an-
tenna response. We take an inverse fast Fourier transform (IFFT)

17Received SNR is averaged over receiver locations.
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of the output to arrive at the passband time domain re-
sponse of the system. When we say “channel measurement” in
this paper, we refer to the time domain response of the (trans-
mitter antenna—UWB channel—receiver antenna).

Our choice of a -point IFFT results in a time-do-
main response that is oversampled, with a sampling period

ps, where is the number of
points of the IFFT and ( MHz) is the sampling
period in frequency. The sampling period at the Nyquist
rate for the passband representation of the channel is

ps. Thus, our IFFT re-
sults in a tenfold oversampling. Oversampling is critical to our
prediction algorithm, as it allows us to accurately approximate
the delayed version of a waveform as a shift of indices in its
sampled version.

Working in the passband allowed a simpler prediction of
path delays. In contrast, working in the baseband would have
involved predicting phases which wrap around . While the
wrapping of phase is not detrimental, the main complication
arises when two paths add together, and for reasons of path
prediction we need to recover the phase of each path. When
we present our prediction algorithm, we see in Section IV-B
that overlapping paths is less of an issue when working in the
passband.
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