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Abstract—We present results of two ultra-wideband (UWB)
channel measurement campaigns in the 2–5 GHz frequency band,
and use Akaike’s Information Criterion (AIC) to determine suit-
able distributions for the channel impulse response taps. Despite
the large bandwidth, AIC supports the complex Gaussian tap
distribution, with mean depending on the measurement setting.
We estimate the empirical covariance matrix of the channel
impulse response, and demonstrate that the number of corre-
sponding significant eigenvalues scales approximately linearly
with bandwidth, albeit we find that channel taps are correlated.

I. INTRODUCTION AND OVERVIEW OF RESULTS

Wireless systems operating over ultra-wideband (UWB)
channels with several gigahertz of bandwidth promise ease
of multiple access, efficient use of the radio spectrum through
overlay techniques, and improved link reliability due to fre-
quency diversity. Two key assumptions are often made in
theoretical analyses of UWB systems:

A1: The taps of the equivalent baseband channel impulse re-
sponse are circularly symmetric complex Gaussian distributed.

A2: The number of independent diversity branches, denoted
as stochastic degrees of freedom in the following, scales
linearly with bandwidth.

A1 can be justified by the central limit theorem: if each tap
is made up of a large number of contributions from different
scatterers, the resulting tap distribution can be modeled as
complex Gaussian [1]. The reasoning behind A2 is that the
continuous-time channel satisfies the uncorrelated scattering
(US) assumption [2].

Pierce [3] and Viterbi [4] relied1 on A1 to show that the
capacity of the infinite bandwidth fading channel is equal to
the capacity of the infinite bandwidth AWGN channel. Médard
and Gallager [7], and Subramanian and Hajek [8], showed that
under A1 and A2 the mutual information attainable with white-
like signals approaches zero with increasing bandwidth.

A1 and A2 are valid for small bandwidths. However, the
high temporal resolution of UWB systems might lead to a
reduced number of contributing partial waves per tap [9], [10],
making A1 questionable. Several UWB channel measurement
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1Telatar and Tse [5], and Verdú [6] demonstrated that A1 is not necessary
to obtain this result.

results show a better fit of Nakagami [10], lognormal [11],
or Weibull [12] tap amplitude distributions, while others
support A1 [13], [14]. Satisfying A2 for increasing band-
width requires arbitrarily rich scattering, which real-world
environments might not provide. However, to the best of
our knowledge, only a single measurement campaign has
addressed A2 so far [15]. We conducted two extensive UWB
channel measurement campaigns from 2 GHz to 5 GHz in an
indoor public space environment to assess the validity of A1
and A2 at large bandwidths. Our main results and contributions
can be summarized as follows:

• We propose to use Akaike’s Information Criterion (AIC)
as a tool to compare the fit of the tap amplitude distri-
butions put forward in the literature [10]–[14], and argue
that AIC is better suited for this task than the goodness-
of-fit (GOF) tests often used in this context.

• We find that, depending on the type of channel, the
Rayleigh or the Rice amplitude distribution is still ade-
quate to model small-scale UWB fading. This result sup-
ports A1, despite the large bandwidth of 3 GHz. However,
the alternative distributions [10]–[12] are often close to
the Rayleigh or Rice distribution in the sense of AIC.

• Under the assumption that the Rice amplitude distribution
results from jointly complex Gaussian distributed channel
taps, we investigate the intertap correlation. Although we
find that A2 holds, our results indicate that the taps are
correlated.

Notation: EX stands for the expectation with respect to the
random variable (RV) X . Cumulative distribution functions
(CDFs) are denoted by the letters F and G, corresponding
probability density functions (PDFs) by f and g. If a CDF,
say G, depends on some parameter vector Θ, we write GΘ.
Estimated quantities are indicated by a hat ̂. The superscript T

stands for transposition, and H for conjugate transposition. All
logarithms are to the base e.

II. THE STATISTICAL MODELING PROBLEM

As the effective channel, i.e., the physical channel in
conjunction with transmit and receive filters, is always band
limited, it can be described in terms of samples h[n] of the
continuous-time impulse response. Therefore, we consider the
discrete-time complex baseband equivalent channel with input-



output relation

y[n] =
L−1∑
l=0

h[l]s[n − l] (1)

where s[n] denotes the transmitted signal, and y[n] is the
resulting output signal. Our goal is to statistically characterize
the L-dimensional channel vector h =

[
h[0] h[1] . . . h[L−1]

]T

by selecting suitable marginal tap distributions Fh[l] and a joint
distribution Fh.

We think of the channel taps h[n] as being distributed
according to the operating model, defined as the nearest repre-
sentation of the true situation that can be constructed by means
of a probability model [16]. The operating model is unknown;
hence, the main goal in statistical channel modeling is to find
a probability model for the channel taps that approximates
the operating model as closely as possible. This probability
model should be based on physical insight, be mathematically

tractable, and lead to consistent predictions.
The most widely used approach to characterize the marginal

tap amplitude distributions on the basis of measurement data
is through GOF tests [17]: The null hypothesis H0 is that a
given parametrized function GΘ equals the CDF F of the
operating model, that is, H0 : F = GΘ. The alternative
hypothesis is the complementary event H1 : F �= GΘ. If a
suitable test statistic (i.e., a function of the measured data)
exceeds a given threshold, H0 is accepted. The probability
that H0 is rejected although it is true is called the significance

level of the test. GOF tests are commonly applied by first
estimating the parameter vector Θ from measured data, and
subsequently computing the corresponding test statistic on the
basis of the same data that was used for parameter estima-
tion. The test is performed for every candidate distribution,
using a common significance level (chosen ad hoc), and
the distribution with the highest passing percentage across
several measurement locations is selected [11], [12]. If we
admit that the operating model is complex and the space of
possible channel tap distributions is infinite, the chance of
selecting GΘ so that GΘ = F is zero. Thus, a sensible
approach to model selection is to find a suitable approximation

of the operating model. A measure of approximation between
a candidate distribution and the distribution of the operating
model is called a discrepancy [16]. A GOF test, however,
does not lead to a well-defined measure of approximation
quality [18]. Pioneering work in the field of model selection
through discrepancy minimization was done by Akaike, whose
information criterion [19] has found widespread use. One of
the two main contributions of this paper is to use AIC for
UWB channel modeling to investigate A1. To the best of
our knowledge, only [20] suggests the use of model selection
methods for wireless channel modeling, the main idea being to
apply the principle of minimum description length (MDL) to
determine the amplitude distribution of narrowband channels.

III. A BRIEF REVIEW OF MODEL SELECTION USING AIC
Our review follows the book by Linhart and Zucchini [16].

We restrict our discussion to univariate CDFs; the multivariate

case is hardly feasible because of the large bandwidth and the
resulting large number of taps. Denote the unknown CDF of
the operating model by F, and the set of all univariate CDFs
by M. A parametric candidate family Gj = {Gj

Θj |Θj ∈ T j}
is a subset of M, with individual CDFs Gj

Θ parametrized2

by the U -dimensional vector Θj ∈ T j , with T j ⊂ R
U.

Candidate families need to be chosen in advance to reflect
prior knowledge about the modeling problem. The set of J
candidate families C =

⋃J
j=1 Gj constitutes the candidate

set. A discrepancy is a functional ∆ : M × M → R

satisfying ∆(Gj
Θ, F ) ≥ ∆(F, F ) for all j ∈ {1, 2, . . . , J}.

A consistent estimator for the discrepancy ∆(Gj
Θ, F ) on

the basis of N independent samples x = [x1 x2 . . . xN ]T

distributed according to F is called an empirical discrepancy,
and will be denoted by ∆N (Gj

Θ, F ). The goal of the model
selection procedure is to choose the distribution that minimizes
the discrepancy among all members of the candidate set. The
procedure consists of two steps: With the operating model
unknown, we first estimate the parameter vector Θj for each
candidate family Gj , using the minimum discrepancy esti-

mator3 Θ̂j(x) = arg minΘ∈T j ∆N (Gj
Θ, F ). The resulting

discrepancy ∆(Gj
bΘ
, F ) is thus an RV. As a model should be

predictive, it must be a good approximation for all realizations
of the RV X , not just for the actual observations x. The
second step is thus to find j so that the expected discrep-
ancy EX [∆(Gj

bΘ
, F )] is minimized over the candidate set. As

the operating model is unknown, the expected discrepancy
cannot be computed, but has to be estimated.

AIC [19] is an approximately unbiased estimator of the ex-
pected Kullback-Leibler (KL) discrepancy4

E bΘ,Y [log gj

bΘ
(Y )]:

AICj = −2
N∑

n=1

log gj

bΘ
(xn) + 2U. (2)

The minimum discrepancy estimator is the maximum likeli-
hood (ML) estimator:

Θ̂j = arg max
Θ∈T j

1
N

N∑
n=1

log gj

Θ(xn). (3)

AIC estimates the approximation quality of different proba-
bility models; it can be used to rank the individual candidate
distributions, with the minimum AIC value indicating the best
fit. We define the AIC differences Dj = AICj − mini AICi,
where mini AICi is the minimum AIC value over all J
candidate families. As AIC is an approximately unbiased
estimator of the KL discrepancy, an estimate of the likelihood
of the model mj with CDF Gj

bΘ
∈ Gj, given the data x, is

obtained through the transformation L(mj |x) = αe−Dj/2,
with a suitably chosen constant α. The normalized likelihood

2In the following, we indicate that a CDF Gj

Θj is parametrized by the
vector Θj by simply writing Gj

Θ.
3We write bΘj instead of bΘj(x) in the remainder of the paper.
4As the first term in the KL distance D(f || g) = EY [log f(Y )] −

EY [log g(Y )] is a function of the operating model only, it can be ignored.



Fig. 1. PDP and Akaike weights for Measurement Campaign I

estimates yield the so-called Akaike weights [21]

wj =
e−

1
2 Dj∑J

i=1 e−
1
2 Di

(4)

which satisfy
∑J

j=1 wj = 1. The weight wj can be interpreted
as an estimate of the probability that the CDF Gj

bΘ
shows

the best fit within the candidate set, given the data x [21].
Consequently, the Akaike weights allow us not only to select
the best distribution in the candidate set, but also provide
information about the relative approximation quality of each
distribution.

IV. THE UWB CHANNEL MEASUREMENT CAMPAIGNS

We conducted two measurement campaigns in the entrance
lobby of the ETZ building at ETH Zurich, a typical public
open space environment with large windows, a tiled floor, and
concrete columns. Both sets of measurements were obtained
for a setting where the transmitter and the receiver were
separated by approximately 20 m, and the line of sight was
partially obstructed by the concrete columns.

Measurement Campaign I (MC I): We fixed the position
of the receive antenna, kept the environment static, moved the
transmit antenna on a rectangular 9×5 grid with 7 cm spacing
in both dimensions, displaced the grid by 50 cm, and repeated
the procedure. For each of the resulting N = 90 antenna
locations, we recorded 1601 frequency points in the band from
2 GHz to 5 GHz, using an HP 8722D vector network analyzer.

Measurement Campaign II (MC II): To characterize channel
variations induced by people moving in the lobby, we fixed
the position of the transmit and the receive antenna, sounded
the channel with a pseudonoise sequence of chip rate 10 GHz,
and recorded the received signal in real time with the digital
sampling oscilloscope Agilent DSO81204A at a sampling rate
of 40 GHz and with an analog bandwidth of 12 GHz. Through

Fig. 2. PDP and Akaike weights for Measurement Campaign II

postprocessing as described in [22], we extracted N = 2722
sample impulse responses in the frequency band from 2 GHz
to 5 GHz, acquiring one impulse response per second.

V. TAP STATISTICS (A1)

We apply AIC to our measurement data to evaluate the
different tap amplitude distributions put forward in the UWB
literature [10]–[14]. Our candidate set C thus consists of
the single-parameter (U = 1) Rayleigh family and the two-
parameter (U = 2) Rice, Nakagami, lognormal, and Weibull
families. The Rice, Nakagami, and Weibull families contain
the Rayleigh family as a special case. Rayleigh, Rice, and
Nakagami amplitude distributions can be derived from physi-
cal principles [1]. The Weibull [12] and lognormal [9], [11] dis-
tributions seem to lack physical support for small-scale fading.

1) MC I: Fig. 1 shows the normalized empirical power–
delay profile (PDP) of the measured channel for the first 800
taps, along with the Akaike weights for each candidate family.
Our findings can be summarized as follows:

1) The Rayleigh distribution shows the best fit, followed
by the Rice, Nakagami, and Weibull distributions in no
particular order.

2) The lognormal distribution shows a consistently bad fit,
with the exception of a few isolated taps.

3) The variability of the Akaike weights is high across taps.
Interpretation of the Results: A closer look at the parameter

estimates Θ̂j shows that the variability of the Akaike weights
across taps is due to the high sensitivity of wj to Θ̂j. The
parameter estimates for the Rice, Nakagami and Weibull
distributions are close to the values that reduce the respective
distributions to the Rayleigh distribution. The Ricean K-factor,
for example, varies between 0 and 1.6 across the 800 taps
shown. The average difference of the Akaike weights between
the Rayleigh distribution (U = 1) and the Rice, Nakagami



Fig. 3. Number of significant eigenvalues of bK as a function of bandwidth

and Weibull distributions (U = 2) mainly results from the
term 2U in (2). The reason for this behavior lies in the nature
of AIC, which consists of a contribution measuring the fit of
the distribution to the data, and a contribution penalizing the
complexity of the distribution, as quantified by the number
of free parameters U . The fit of the Nakagami, Rice, and
Weibull distributions to our measured data is evidently not
good enough to warrant this additional complexity. Of course,
this does not preclude the existence of other distributions,
potentially with more parameters, that would provide a better
fit than the Rayleigh distribution.

2) MC II: Fig. 2 depicts the normalized empirical PDP and
the Akaike weights obtained from the time-domain measure-
ment campaign. Our findings are as follows:

1) The Ricean distribution shows the best fit for the first
1200 taps.

2) The Rayleigh distribution fits well for taps � 1200.
3) The lognormal distribution does not fit the measurements

at all, while the Nakagami distribution is suitable only
for the first few taps.

4) The Weibull distribution shows a good fit for some taps.
Interpretation of the Results: Ricean fading is often

attributed to a strong mean component in the impulse re-
sponse [1]. While in MC I large scattering objects, like win-
dows and walls, move relative to the position of the antennas,
the moving scatterers in MC II, i.e., people in the lobby, are
much smaller. Hence, significant contributions in most channel
taps are mainly due to static scatterers, consistent with the
physical interpretation of the Rice model. Approximately from
tap 1200 on in MC II, the Rayleigh distribution exhibits a
better fit than the Ricean distribution. This can be attributed
to the low measurement SNR of these taps, so that we are
effectively fitting Gaussian distributed noise.

3) General Comments: Our analysis shows that even for
bandwidths of up to 3 GHz the Rayleigh or the Rice distri-
bution provides a good fit, although the differences to the
Nakagami and Weibull distributions in terms of the Akaike
weights are often small, especially in MC I. Consequently,
the data do not provide enough evidence to unequivocally
select a single distribution. However, the empirical support
for Rayleigh and Rice fading, combined with the mathematical
tractability of these distributions, leads us to advocate their use.

Fig. 4. bH and Href as a function of bandwidth

We do not apply model selection tools to determine the
distribution of the phase of the complex-valued channel taps,
in part because of the lack of a physically motivated alternative
to the almost exclusively used uniform phase assumption, and
in part because of the difficulty to obtain accurate phase
estimates through measurements. The combination of the
Rayleigh, respectively Rice, amplitude distribution with the
assumption of a uniformly distributed phase of the zero-mean
component of the taps results in the circularly symmetric
complex Gaussian distribution for each individual tap.

Marginally Gaussian distributions do not imply joint Gaus-
sianity of the channel impulse response vector h. Unfortu-
nately, selecting the joint PDF of h using AIC is a hopeless
endeavor, as already discussed. As a simple heuristic test, we
verify through AIC that the amplitudes of the samples of the
Discrete Fourier Transform of h are Rayleigh, respectively
Rice, distributed. Together with the uniform phase assumption
in the frequency domain, this shows that at least certain
linear combinations of the taps can be again modeled as
complex Gaussian. Hence, with no evidence against the joint
Gaussianity assumption, and again referring to the analytical
tractability of the model, we advocate the use of the jointly
complex Gaussian distribution for h.

VI. THE UNCORRELATED SCATTERING ASSUMPTION (A2)

Correlation between channel taps in (1) can result from
correlated scattering in the underlying continuous-time propa-
gation channel [1], or from the effect of the antennas and the
transmit and receive filters. Separating these two sources of
correlation on the basis of measurements is difficult. Therefore,
we consider the discrete-time effective channel only, and
analyze the corresponding intertap correlation.

We decompose the random channel vector h according
to h = m + h̃, with m = E[h]. Under the assumption
that h is jointly complex Gaussian distributed with circularly
symmetric h̃, the joint distribution of h is specified through m
and the covariance matrix K = E

[
h̃h̃H

]
. We truncate all

measured impulse responses hn, n = 1, 2, . . . , N after L =
701 taps (above the noise floor), and compute the empirical
L×L covariance matrix K̂ = 1

N

∑N
n=1(hn − m̂)(hn − m̂)H,

where m̂ = 1
N

∑N
n=1 hn. Accurate estimation of K requires

many samples; hence, we use data from MC II in the following.



Note that the diversity order of a frequency-selective Ricean
channel is well-defined, and given by the rank of K [23].

The discrete-time US assumption leads to a linear scaling
of the number of “significant” eigenvalues of K as a function
of W. We denote the kth eigenvalue of K̂ as λ̂k, use a nor-
malization so that

∑L
k=1 λ̂k = 1, and arrange the eigenvalues

in decreasing order. Eigenvalues λ̂k with index k ≤ Ls are
declared significant, where Ls is the largest integer satisfy-
ing

∑Ls

k=1 λ̂k ≤ s, with 0 ≤ s ≤ 1. This criterion essentially
measures the number of diversity branches with a branch
receive SNR above a certain threshold. Fig. 3 depicts the
scaling behavior for different s as a function of W. The scaling
is approximately linear in all cases. For reference, we show
the scaling behavior of a discrete-time US channel with PDP
obtained by uniformly sampling (at rate W ) the empirical PDP
after removing the mean. To double-check our results, we use
the model order selection criteria AIC and MDL [24], and ob-
serve the same scaling behavior. However, we note that sublin-
ear scaling of the number of stochastic degrees of freedom was
observed in [15], where a measurement setup similar to MC I
was used. This indicates that there might be a fundamental
difference between the spatially varying channel measured
in [15] and the channel with static terminals in MC II.

Linear scaling of the number of significant eigenvalues
with W is not sufficient to conclude that the discrete-
time US assumption holds. We evaluate the empirical en-
tropy Ĥ = −∑L

k=1 λ̂k log λ̂k and compare it to Href =
−∑L

k=1 pk log pk, where pk is again obtained by uniformly
sampling the zero-mean empirical PDP. For the discrete-time
US assumption to hold, we need H = Href . Fig. 4 shows,
however, that H < Href with a gap of up to 1 nat. We
can, therefore, conclude that even though the number of
stochastic degrees of freedom scales linearly with bandwidth,
the discrete-time US assumption is not satisfied. This finding
is supported by an analysis of the correlation coefficients
between individual taps [22].

VII. CONCLUSION

On the basis of indoor UWB channel measurements in the
frequency band from 2 GHz to 5 GHz, we found that AIC
supports Rayleigh or Ricean tap amplitude distributions. This
is somewhat surprising, as it is often argued that for large
bandwidths the number of partial waves contributing to each
tap is not high enough to justify the complex Gaussian assump-
tion by the central limit theorem. We also demonstrated that
the differences between the Rayleigh distribution and the Rice,
Nakagami, and Weibull distributions in MC I, and between the
Rice and the Weibull distribution in MC II are often minor.

The number of significant eigenvalues of the channel im-
pulse response covariance matrix scales approximately linearly
with bandwidth. Consequently, the diversity order of the chan-
nel shows the same scaling behavior, a common assumption in
information-theoretic studies of UWB systems. Nevertheless,
we found that the individual channel taps are correlated, thus
invalidating the discrete-time US assumption.
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