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Abstract—In this paper we propose and investigate location
fingerprinting with a low complexity generalized Ultra-Wideband
energy detection receiver. The energy samples at the output of
the analog receiver front-end serve as location fingerprints. We
formulate the position location problem as hypothesis testing
problem and develop a Bayesian framework treating the location
fingerprints as random vectors. In order to obtain an accurate
stochastic description of the energy samples, which is required by
the Bayesian framework, we provide two approaches. First, we
derive a numerical algorithm to calculate the exact probability
density functions of the energy samples, in case the UltraWideband channel follows a Gaussian process. These results are
used for benchmarking and performance prediction. Second, we
propose closed form probability density functions based on a
model selection criterion and measured energy samples. We show
the accuracy and applicability of these closed form probability
density functions in terms of performance results of the position
location algorithm. The performance of the proposed location
fingerprinting algorithm is evaluated based on measured UltraWideband channels. The impact of important system parameters
on the performance is investigated as well.
Index Terms—Ultra-Wideband, Low Complexity, Location
Fingerprinting, Energy Detection Receiver

I. I NTRODUCTION
The most important requirements for radio frequency (RF)
based indoor position location systems are high accuracy, low
cost and hardware complexity, and low training effort for
fingerprinting techniques [1]. Furthermore, it is desirable that
the position location system can operate without requiring a
reference infrastructure, which allows for relative positioning
in ad-hoc networks.
Position location systems can be subdivided into geometric
and fingerprinting techniques. Geometric positioning is based
on range or angle-of-arrival (AoA) measurements, which are
used for multi-lateration or multi-angulation, respectively [2].
The accuracy of such systems is determined by the signalto-noise ratio (SNR), the propagation environment, and the
number of measurements. A rich multipath propagation environment and non-line-of-sight (non-LoS) channel conditions
degrade the quality of range and AoA measurements drastically. Increasing the signal bandwidth increases the robustness
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against multipath errors, which implies that Ultra-Wideband
(UWB) systems are preferable in indoor environments [3]. Despite the large bandwidth, non-LoS situations cause positively
biased range estimates and inaccurate AoA measurements [4].
Therefore, it is necessary to deploy the reference (anchor)
nodes carefully to ensure LoS conditions. If this is not feasible,
the number of reference nodes must be increased at the
expense of complexity.
RF fingerprinting [1], [5] is a different method for positioning, which usually consists of two phases. In phase one,
the location system gathers coordinates of training points
and related propagation parameters (location fingerprints) and
stores them into a database. In phase two, the location system
observes the location fingerprint of a node with unknown
position and finds the best matching entry in the database.
There exists a large number of algorithms for this matching [6]. Accuracy is mainly determined by the grid size of
the training phase, the variability of the environment, and
the choice of the fingerprint. The most common fingerprint
in WLAN systems is the received signal strength (RSS).
Available indoor positioning systems based on RSS in WLAN
like RADAR [7] or EKAHAU [8] achieve estimation errors
of less than 5 m for 75 percent of all test cases. In [9]
it is proposed to estimate seven parameters from wideband
channel impulse responses (CIRs) and to use them as location
fingerprint. The database consists of a trained neural network.
The authors report estimation errors of less than 2 m for 80
percent of the test cases.
In general, RF fingerprinting is a promising alternative to
geometric methods in harsh indoor environments. Provided the
bandwidth is large enough, multipath propagation can be used
as fingerprint information. Moreover, non-LoS conditions do
not pose problems, since the time-of-arrival (ToA) or AoA of
the direct path is not required. In [10] the authors propose to
use CIRs in the frequency band from 3.1 GHz to 10.6 GHz
as location fingerprints. Their database consists of a highresolution map of CIRs, which requires a time consuming
measurement process and a large storage capacity. For the
measurements a positioner with a resolution of 1 cm is used.
The position of a node is found by the maximization of
the CIR cross-correlation coefficient. The performance results
for LoS and non-LoS situations show a remarkably small
ambiguity region with a radius of around 2 cm.
In [11], a UWB location fingerprinting method is presented,
where the CIR in the frequency band from 3 GHz to 6 GHz
is used as location fingerprint. In contrast to the work in [10]
the database consists of parameters of a probability density
function (PDF) describing the stochastic behavior of CIRs
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from nodes located in a small geographic region (cf. Section II-A). This reduces the accuracy requirement during the
training phase, the number of grid points, and the size of
the database considerably. However, the dimensions of these
regions also determine the minimal size of the ambiguity
region, i.e. the spatial resolution of the location system. It
is shown in [11] that the CIRs observed at a single receiver
contain enough information for high quality position location.
Thus, this location fingerprinting method does not require a
pre-installed infrastructure. A drawback is the high hardware
complexity of this receiver, since estimation of CIRs with high
bandwidth must be performed. This high receiver complexity
is feasible for a position location system with a dedicated
receiver that is connected to the power supply. Considering adhoc and sensor networks it is beneficial for applications like
data fusion or geo-routing, when also low complexity, battery
powered nodes are able to perform location fingerprinting.
The main contribution of this paper is the extension of the
work in [11] towards lower receiver complexity. We start out
with a generalized energy detection (ED) receiver, which can
be implemented with low complexity hardware components
supporting communication systems with ultra low power consumption [12]. The ED receiver under consideration is called
generalized, because we allow for arbitrary integration filters.
In this paper we seek to answer the fundamental questions,
whether and how location fingerprinting can be done with such
an ED receiver and what performance can be achieved.
We propose to use the output samples of the analog ED
receiver front-end as location fingerprint. Note that the analog
front-end need not be changed, which implies that the proposed position location system is solely a software add-on to
the communication system. Further, we emphasize that we do
not require and exploit path loss information for our location
fingerprinting scheme. The only information we rely on is the
multipath structure of the UWB propagation channel.
A further contribution is the introduction of a novel
Bayesian location fingerprinting framework treating the location fingerprints as stochastic quantities. The randomness
stems from variations of the fingerprints over space and time.
We allow for variations over space, since we want to estimate
the position of a node only up to a certain accuracy. The variations in time arise naturally from time-varying propagation
channels. We provide two approaches to obtain a stochastic
description of the location fingerprints, which are required for
the application of the location fingerprinting framework.
This paper is structured as follows. In Section II, we
formulate the position location problem as a hypothesis testing
problem and introduce the aforementioned Bayesian framework. Moreover, the system model of the considered ED
receiver is explained. In Section III, a numerical algorithm
for the calculation of the exact PDF of the ED output samples
is derived. In Section IV, we apply a model selection criterion
to the ED output samples in order to determine accurate closed
form PDFs. Section V describes the position location system.
Section VI shows the accuracy and applicability of the closed
form PDFs. In Section VII, we present the performance of the
proposed location fingerprinting method and investigate the
impact of important system parameters.

27 cm

Figure 1. UWB network with M = 22 regions and one receiver (RX). This
is the channel measurement scenario in [13].

Notation: Boldface lowercase and uppercase letters indicate
0
column vectors and matrices, respectively. ∗, (·)T , (·) , |·|, and
Γ(·) denote convolution, transposition, derivative, determinant,
and Gamma function, respectively. An estimate for parameter
θ is denoted as θ̂.
II. S YSTEM M ODEL
A. Location Fingerprinting as Hypothesis Testing Problem
We consider an indoor environment with mobile nodes
communicating wirelessly to a static receiver. We define M
regions in this environment. Figure 1 depicts an exemplary
indoor environment with M = 22 regions, which corresponds
to the measurement scenario in [13] used for performance
evaluation in this paper. The location fingerprinting system
should detect the region, in which a mobile node under test is
currently located. The positions, dimensions, and number of
the regions are application specific. The 22 regions in Figure 1
do not cover the whole room, which might not be sufficient
for some applications. However, we emphasize that many
applications like data fusion or geo-routing do not require full
coverage but merely a clustering of wireless nodes.
The static receiver, labeled with RX in Figure 1, performs
the location fingerprinting. In order to detect the current region
of a node, RX observes the location fingerprint y, which
is related to the physical propagation channel between this
node and RX. We propose that y can be described by a
parameterized PDF, which models the stochastic variations of
the fingerprints over space and time. The parameters of this
PDF distinguish the regions and must be estimated during
the training phase. This means that all location fingerprints

3

from nodes located in region m are distributed according
to the PDF with a parameter set Θm . Thus, the fingerprint
database consists of the parameter sets Θ1 , . . . , ΘM and the
corresponding coordinates of the regions.
Consequently, the problem of deciding in which region a
node is located based on the observation y at RX can be formulated as a Bayesian M -ary hypothesis testing problem [14],
[15]:

positioning error instead of Pe the decision rule in (2) must
be applied with the costs given by Ci,j = di,j .
In order to apply the decision rules in (2) and (3), we require
expressions for the conditional PDFs f (y|Hm ). The location
fingerprints y are generally governed by complicated physical
propagation mechanisms, antenna characteristics, additive distortions like thermal noise, and the analog signal processing of
the receiver front-end. The corresponding modeling problem
can be stated as follows: Find a stochastic description for
Hm : The node exciting y is located in region m.
y with least possible model complexity (number of free
The a priori probabilities of the hypotheses are denoted by parameters), while still accounting for the relevant location
π1 , . . . , πM . They can be thought of as relative number of dependent propagation effects.
In [11], a coherent receiver front-end is analyzed and the
nodes located in each region. The average cost or Bayes risk
fingerprints are considered as sampled CIRs in equivalent
R is defined as
baseband representation. Based on UWB channel modeling
Z
M X
M
X
literature
(e.g. [16] and [17]) the probability distribution of
R=
πj Ci,j
f (y|Hj ) dy,
(1)
the
fingerprints
is modeled as multivariate (MV), circular
Z
i
i=1 j=1
symmetric, complex Gaussian. Therefore, the parameter set
where f (y|Hj )1 is the conditional PDF of y given Hj , and Θm consists of a mean vector and a covariance matrix specific
Zi defines the part of the observation space of y in which Hi for region m. We show in [11] that this simple stochastic
is chosen. The parameters Ci,j for i 6= j describe the costs description offers enough modeling accuracy of the location
for deciding for Hi when Hj is true. For i = j, Ci,i describe dependent propagation effects for excellent location fingerPSfrag replacements
the costs of correct decisions.
printing performance.
Following the presentation in [14] the decision rule miniHowever, the central theme in this paper is the ED receiver
mizing (1) is found as
described in the next section.
M
X
m̂ = argmin
πj Cm,j f (y|Hj ) ,
(2)
g(−t)
m=1,2,...,M j=1
RB. Generalized ED Receiver

where Hm̂ denotes the estimate for the true hypothesis. Setting
the costs of wrong decisions to one (Ci,j = 1 for i 6= j) and
of correct decisions to zero (Ci,i = 0) the decision rule in (1)
can be simplified to
m̂ = argmax πm f (y|Hm ) .

(3)

m=1,2,...,M

This decision rule (3) minimizes the total probability of error
Pe given by
Pe =

M
X

πj

j=1

M
X

i=1,i6=j

de ,

j=1

πj

M
X
i=1

p(t)

UWB
node
Figure 2.

P (Hi |Hj ) ,

(4)

where P (Hi |Hj ) denotes the probability of deciding for
region i, when the node is located in region j. Note that in
general P (Hi |Hj ) 6= P (Hj |Hi ). Using P (Hi |Hj ) and taking
the distances between the centers of the regions di,j into
account, we define the average positioning error de according
to
M
X

The system model of a generalized ED receiver is depicted
in Fig. 2.

P (Hi |Hj ) di,j .

(5)

Note that we can account for the position uncertainty within
one region by assigning non-zero values to di,i . These values
determine the minimal achievable average positioning error
(size of ambiguity region), when all conditional error probabilities P (Hi |Hj ) are zero. In order to minimize the average
1 The conditioning on H determines the parameter set Θ for the PDF of
j
j
the fingerprints from region j.

hm (t)

hBP (t)
w(t)

r(t)

(·)2

y[n]

g(t)
fed

generalized ED front-end

Communication system with generalized ED receiver.

The transmitter (UWB node) employs either pulse position
modulation or on-off keying and the receiver uses an analog
ED front-end with a generalized integration filter g(t). We
assume that the receiver is synchronized to the symbol timing
of the transmitter. A low complexity solution for symbol
synchronization with ED receiver is proposed in [18]. The
unmodulated input signal to the squaring device within one
symbol period t ∈ [0, Ts ] is given by
r(t) = p(t) ∗ hm (t) ∗ hBP (t) + w(t) ∗ hBP (t),

(6)

where p(t) is the transmit pulse, hm (t) is the CIR of a node
located in region m and hBP (t) is the impulse response
of the receiver front-end bandpass. The signal w(t) models
the distortions of the desired signal and is assumed to be a
realization of a white Gaussian process with zero mean and
power spectral density N0 /2. We denote the average energy
of received pulses for CIRs from region m with Em . By
normalizing Em to E for each m we remove the path loss
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information. Accordingly, we define the SNR in dB by
 
E
.
SNR = 10 log10
N0
The CIR hm (t) comprises the characteristics of receiver
and transmitter antennas. If these characteristics deviate significantly from an isotropic antenna, the fingerprints depend on
the orientations of the antennas. This effect has to be accounted
for during the training phase by either separate training (parameter estimation) for each orientation or by averaging the
fingerprints over all orientations as suggested in [8]. Note that
the UWB antennas2 used for the channel measurements in [13]
are approximately isotropic in the azimuth plane.
The signal after the filter g(t) is sampled with fed producing
the ED output samples y[n]. The sampling rate fed and Ts
specify the number of observed energy samples N = Ts fed per
symbol. For N = 1 the only available information for location
fingerprinting is the RSS. We emphasize that this information
is not used in our scheme due to the energy normalization.
Increasing fed for a fixed Ts gives a higher spatio-temporal
resolution of the UWB multipath propagation channel. The
influence of fed on the performance is investigated in Section VII.
In summary, the location fingerprints y of length N for
the ED receiver are obtained by stacking all samples y[n]
for n = 1, . . . , N into one vector. As mentioned above we
need the conditional PDFs f (y|Hm ) for m = 1, . . . , M for
calculation of (2) or (3). The stochastic modeling of the output
samples of ED receivers for random or measured propagation
channels is not covered in literature to the best of the authors’
knowledge. An accurate stochastic description is, however,
essential for any kind of maximum likelihood operation on
the energy samples. We see two possible approaches to this
modeling problem: A) Take existing and accepted stochastic
models for the propagation channel and try to come up with
a mathematical derivation for the distribution of the energy
samples. B) Apply a model selection criterion to measured
energy samples directly.
In Section III we pick up approach A and provide a
numerical algorithm to calculate the theoretic distribution of
the energy samples based on a channel model. In Section
IV we follow approach B and apply Akaike’s Information
Criterion (AIC) to measured energy samples.

C. System Parameters
If not mentioned otherwise, the system parameters are fixed
as follows for the calculation of computer simulation results.
The transmit pulse p(t) is assumed to be flat in the desired
frequency band. The bandpass filter has bandwidth 3 GHz
from 3 to 6 GHz. The sampling frequency of the receiver is
equal to fed = 1 GHz. A symbol period of Ts = 30 ns is
considered, which leads to N = 30. Continuous-time signals
are represented by samples obtained with fs = 40 GHz.
2 Skycross

SM3TO10MA [19]

III. E XACT PDF OF ED O UTPUT S AMPLES
G AUSSIAN C HANNEL M ODEL

FOR A

In the following, the exact PDFs f (y[n]|Hm ) are calculated
under the assumption that the channel hm (t) and the distortion signal w(t) are realizations of real Gaussian processes.
The specific parameters of these Gaussian processes are not
relevant for the theoretical derivation. There are three reasons
to consider a Gaussian channel model: i) There exist analyses
of measurement data (e.g. [16] and [17]), which support the
Gaussian assumption also for UWB channels. ii) This derivation enables performance prediction based on first and second
order channel statistics without requiring extensive channel
measurements, because the parameters of the Gaussian channel
model can be obtained via ray tracing tools or deterministic
channel models. iii) For all other models the mathematical
derivation will most likely fail due to intractability.
We represent the part of the real and band-limited signal r(t)
causing y[n] by the vector rn of length I, which is obtained
by sampling r(t) with fs . We assume that rn is a realization
of a MV Gaussian distribution with a mean vector vn,m and a
covariance matrix Sn,m . In the following derivation the sample
index n and the region index m are dropped for notational
convenience.
The filter g(t) is assumed to be time-limited to the interval
[0, 1/fed]. Additionally assuming that g(t) is a real and positive
function, the energy sample y can be written as positive
definite Gaussian quadratic form according to
y = rT Gr.

(7)

The entries in the diagonal matrix G are obtained by sampling
g(−t) for −1/fed ≤ t ≤ 0 with fs . The quadratic form in (7)
can be diagonalized according to [20]
y=

I
X

λi zi2 ,

(8)

i=1

such that the PDF of y denoted by f (y) remains the same. The
random variables zi are independent and Gaussian distributed
with variance one and their means γi are given by

T
γi = S−1/2 ui v,

where λi and ui denote the i-th eigenvalue and eigenvector of
S1/2 GS1/2 .
If all λi are equal and there exists at least one γi 6= 0,
then y is distributed according to a Noncentral Chi-square
distribution.3 Such a PDF is obtained, when the conditional
PDF of y given a channel realization is sought (e.g. [21]). Note
that this is only valid for rectangular integration windows, i.e.
g(t) = constant for 0 ≤ t ≤ 1/fed and zero otherwise.
For arbitrary λi , a closed form expression for f (y) does not
exist. Grenander, Pollak, and Slepian present an efficient and
numerically stable approach to calculate f (y) for zero mean
random variables zi (γi = 0 ∀i) in [22]. We extend this method
to the general case of nonzero means in the following. This
approach is based on Fourier’s inversion of the characteristic
3 If

all γi = 0, then y is distributed according to a Chi-square distribution.
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function of y, which is for nonzero means and t =
given by [23]


I
Y
tγi2 λi
−1/2
Ψy (t) =
(1 − 2tλi )
exp
.
1 − 2tλi
i=1

√

−1ω

0.07

(9)

0.05

f (y)

The logarithmic derivative of (9) is given by

∂ln (Ψy (t))
∂Ψy (t) 1
=
∂t
∂t Ψy (t)
I
√ X
λi
γi2 λi
PSfrag replacements
= −1
+
(10)
2.
1 − 2tλi
(1 − 2tλi )
i=1

Applying the inverse Fourier transform to (10) yields an
integral equation for f (y) given by
Z y
yf (y) =
f (y − τ ) a (τ ) dτ,
0

where

a (τ ) =

1
2

I
X
i=1



exp −

τ
2λi



1+

γi2 τ
2λi

!

.

This integral equation can be approximated using the trapezoidal integration rule according to [22], which yields
f (k∆) =

1
k−

k−1
X

1
2 a(0) l=1

Noncentral Chi−square
Numerical PDF

0.06

0.04
0.03
0.02
0.01
0
0

10

20

where ∆ is the mesh size and k = 2, 3, . . .. This recursive
algorithm requires nonzero initial values, which are obtained
by using an analytic approximation to f (y) around y = 0
based on Taylor series expansion of (9) and inverse Fourier
transform. The approximation is given by


PI
y (I/2)−1 exp − 21 i=1 γi2
f (y) =
QI
1/2
2I/2 Γ (I/2) i=1 λi
!
I

y X γi2 − 1
2
× 1+
+E y
,
2I i=1 λi

for small positive values of y. The error term E y 2 states
that all exponents in the error term are larger than or equal to
2. This error term is negligible for sufficiently small values of
y.
Figure 3 depicts the numerically
PI obtained PDF for ∆ =
0.005, I = 10, λi = 1 ∀i, and i=1 γi2 = 6.9, and the true
PDF (Noncentral Chi-square). The numerical values show a
perfect match to the true curve. For illustration purposes not
all numerical values are plotted.
With this numerical algorithm the exact PDFs of the ED
output samples for arbitrary Gaussian processes at the input
and arbitrary positive integration filters can be computed.
This enables the development of maximum likelihood synchronization algorithms as in [24] and data detection rules
for generalized ED receivers. In this paper the theoretically
derived exact PDF is used for benchmarking purposes. We
propose closed form PDFs to model the ED output samples
in Section IV and would like to know how well they fit
to the exact PDF. In future work we will show how these

y
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Figure 3. Noncentral Chi-square
P and numerically obtained PDF for ∆ =
0.005, I = 10, λi = 1 ∀i, and Ii=1 γi2 = 6.9.

theoretical results can be used for performance prediction
without requiring extensive channel measurements.
In order to obtain the joint PDF of y, f (y|Hm ), we make
the additional assumption that the individual samples y[n] are
statistically independent, which leads to
f (y|Hm ) =

f (l∆)a((k − l)∆),

30

N
Y

f (y[n]|Hm ) .

(11)

n=1

This is, in general, an approximation to the exact joint PDF, because correlations in r(t) cause dependencies in y. However, it
is mathematically and computationally intractable to compute
the exact joint PDF, which would require the numerical inversion of an N -dimensional characteristic function. We come
back to the discussion of the joint PDF of y in Section IV-C.
IV. C LOSED F ORM PDF S FOR M ODELING OF ED O UTPUT
S AMPLES
In this section we apply a model selection criterion, namely
AIC [25], to measured energy samples to find closed form
PDFs that provide an accurate stochastic description of the
ED output samples. The AIC is based on information theoretic
foundations and provides estimates for the approximation
quality of PDFs out of a candidate set for empirical data.
The candidate set considered here consists of commonly
used PDFs for continuous nonnegative random variables in
closed form with one or two parameters: Chi-square, Gamma,
Weibull, Log-normal, Noncentral Chi-square, Nakagami-m,
and Rayleigh. Note that we require simple closed form
PDFs f (y[n]|Hm ) for a computationally efficient calculation
of (2) or (3).
We set the impulse response of the filter g(t) to one in
[0, 1/fed] and zero otherwise (rectangular integration window).
However, AIC results show that the same candidate PDFs are
preferable for other g(t), such as the impulse response of a
first-order low-pass filter.
In the next section we consider artificially generated energy
samples based on a Gaussian channel model. In this case we
know the exact PDF of the energy samples from Section III.
Thus, we can compare the exact PDF to the closed form
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approximations. In Section IV-B we apply AIC to measured
energy samples.
A. Gaussian Channel Model

Akaike weights

g replacements
n

Akaike weights

We assume that w(t) and hm (t) are realizations of Gaussian processes. The channel parameters (1st and 2nd order
statistics) are estimated from measured CIRs. Given these
parameters and the SNR, 50000 realizations of r(t) are
generated. Processing r(t) according to the ED front-end (cf.
Figure 2), artificial realizations of the ED output samples y[n]
are obtained.
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Akaike weights at SNR = 40 dB for Gaussian channel model.

but, e.g. y[5] is better modeled with a Log-normal PDF.
Thus, depending on the channel statistics and the SNR, either
the Gamma PDF or the Log-normal PDF are best suited to
describe the statistics of y[n]. Figure 6 and Figure 7 show
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Akaike weights at SNR = 10 dB for Gaussian channel model.
f (y[5]|Hm )

Figure 4.
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Chi−square
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Figure 4 and Figure 5 depict the Akaike weights for all
candidate PDFs and samples y[n] at low and high SNR, re20
spectively. The Akaike weights are estimates for the probability that the corresponding PDF shows the best approximation
10
quality within the candidate set. The Akaike weights of the
PSfrag replacements
Gamma PDF are ≈ 1 for all n at SNR = 10 dB, since the
0
distribution of each sample is dominated by the distortions
0
0.05
0.1
0.15
0.2
y[5]
with identical statistics for all n. Note that the random process
w(t) is no longer white after bandpass filtering. This explains, Figure 6. PDFs for y[5] for Gaussian channel model at SNR = 40 dB.
why Chi-square and Noncentral Chi-square distributions do
not show a good fit, because only the integration of a squared
and white Gaussian process produces a Chi-square or Non- the fitted closed form PDFs and the exact PDFs obtained
numerically (cf. Section III) for y[5] and y[9], respectively. It
central Chi-square distribution.
At SNR = 40 dB the statistics of the channel are domi- can be seen that the Log-normal PDF approximates the PDF
nating the PDFs of y[n] and the distortions have negligible of y[5] better and the Gamma PDF approximates the PDF of
impact. Since the statistics of the channel change with n due y[9] better. However, both approximations show a very good
to multipath propagation, the best modeling PDFs for y[n] match to the exact PDFs, which supports the applicability of
might change with n as well. It can be seen from Figure 5 Gamma and Log-normal PDF to the stochastic modeling of
that still mostly the Gamma PDFs achieve highest weights, energy samples.
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conclude that also for measured CIRs either Gamma or Lognormal PDF are best suited to describe the statistics of y[n].
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PDFs for y[9] for Gaussian channel model at SNR = 40 dB.
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B. Measured Channels
For the calculation of the Akaike weights an ensemble of
620 measured CIRs per region is available. The measurement
scenario is described in [13] and the post-processing is described in [11]. We show results for measured CIRs from
region 4. However, the results and conclusions do not change
for other regions.
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PDFs for y[1] for measured channels at SNR = 40 dB.

It can be seen from Figure 9 that the exact PDF is different
from all others, since it is computed under the assumption
of a Gaussian channel model. This observation indicates that
approach B is more applicable to the stochastic modeling of
the ED output samples than approach A.
We conclude that Gamma denoted by fG (y[n]|Hm ) and
Log-normal denoted by fL (y[n]|Hm ) are the two preferable
PDFs for the modeling of the marginal distribution of energy
samples.
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If it is assumed that the individual components of y are
statistically independent, the approximation to the conditional
joint PDF of y is given by
f{G,L} (y|Hm ) =

N
Y

f{G,L} (y[n]|Hm ) .

n=1

15
20
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n

Akaike weights at SNR = 40 dB for measured channels.

The Akaike weights shown in Figure 8 indicate that also for
measured channels different PDFs are preferable for different
n. Mostly Gamma and Log-normal PDFs are winning, but for
y[1] the Nakagami-m PDF has the highest weight. However,
the difference of Nakagami-m to Gamma and Log-normal is
marginal, which can be seen from Figure 9. Therefore, we

In [11] it has been shown that CIRs from nodes located in a
small geographic region exhibit correlations among multipath
components. These correlations depend on the propagation
channel and change from region to region, i.e. distinguish different regions. Based on this observation it is conjectured that
accounting for correlations among energy samples increases
the position location performance. Therefore, a mathematically
tractable MV PDF for y is required. Since we have already
seen that the marginal PDFs are well modeled with either
Gamma or Log-normal PDF, we propose to use the MV
Gamma or the MV Log-normal PDF to model the joint PDF of
y. Unfortunately, a mathematically tractable extension of the
Gamma PDF to the MV case does not exist [26]. However,
the MV Log-normal distribution is given in closed form by


−1
(ln(y)−µm )T Σm
(ln(y)−µm )
exp −
2
fmvL (y|Hm ) =
,
QN
N/2
1/2
(2π)
|Σm |
n=1 y[n]
where the natural logarithm in ln (y) is taken element-wise.
Note that the MV Log-normal PDF is defined to be zero for
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y ≤ 0. The random variable transformation x = ln (y) renders
the random vector x as jointly Gaussian distributed with mean
vector µm and covariance matrix Σm .
V. P OSITION L OCATION S YSTEM
A. Parameter Estimation during the Training Phase
For the calculation of (2) or (3) during the localization
phase, the parameters of the conditional PDFs given hypotheses Hm for all m must be estimated during the training phase. The maximum likelihood parameter estimates for
fG (y[n]|Hm ) based on L training samples {y[n]1 , . . . , y[n]L }
from nodes located in region m are given by [27]
0

= ln
β̂n,m =

1
α̂n,m L

l=1
L
X

K

(12)

l=1

y[n]l .

(13)

l=1

Although there exists no closed form solution for α̂n,m in (12),
numerical solvers can be applied. The maximum likelihood
parameter estimates for fmvL (y|Hm ) are given by [26]
L

µ̂m

1X
ln (yl )
=
L
l=1

Σ̂m

L
1X
T
(ln (yl ) − µ̂m ) (ln (yl ) − µ̂m ) .
=
L
l=1

k=1

The performance of this decision rule increases with increasing
K due to the additional available information. A similar effect
can be observed, when for example repetition coding is used
for data transmission. Moreover, channel estimation algorithms
exploit multiple observations for performance enhancement as
well.
VI. ACCURACY

AND

A PPLICABILITY
PDF S

OF

C LOSED F ORM

In Section IV we have seen by visual inspection that the
proposed closed form PDFs are good approximations to the
exact PDF for a Gaussian channel model. In this section we
confirm this observation by analyzing Pe . For this analysis it is
sufficient to restrict the number of hypotheses to two (M = 2).
Let us consider H5 and H10 with π5 = π10 = 0.5. We present
results assuming a Gaussian channel model as well as for
measured channels. The parameters of the Gaussian channel
model are estimated using 620 measured CIRs from each region. Based on these parameters the exact PDFs are calculated.
The parameters of the closed form PDFs are estimated based
on L = 400 training vectors per region.
0

10

P

We notice that there are 2N free real parameters to estimate
if it is assumed that the energy samples are independent. If
we model also the correlation among energy samples there
are N + N (N + 1)/2 free real parameters to estimate. The
accuracy of the parameter estimates is determined by L. As
a rule of thumb, L should be approximately as large as
the number of free real parameters for a precise stochastic
description. Thus, there is a trade-off between training effort
and performance. We investigate the impact of L on the
performance in Section VII.
The proposed location fingerprinting framework enables the
combination of training and localization phase via iterative algorithms, which improve the quality of the parameter estimates
during the localization phase. For example, the application of
the expectation maximization algorithm is proposed in [28].

1X
T
−1
(ln (yk ) − µm ) Σm
(ln (yk ) − µm ) .
2

e

Γ (α̂n,m )
Γ (α̂n,m )
!
L
L
1X
1X
y[n]l −
ln (y[n]l ) ,
L
L

ln (α̂n,m ) −

Let us assume the receiver has recorded K observations
{y1 , . . . , yK }. We further assume that these observations are
independent and are caused by a transmitter located in one
region.
We stack all observations into one big vector ȳ =
 T
T
y1 , . . . , yTK
and note that the PDF of this big vector is
composed out of the individual PDFs for yk . Assuming the
MV Log-normal model and conditioned
on hypothesis Hm
QK
this results in fmvL (ȳ|Hm ) =
f
(yk |Hm ), which
mvL
k=1
follows from the independence of the individual observations.
By inserting the PDFs for ȳ given Hm into (3) we obtain after
algebraic manipulations the following decision rule:


πm
m̂ = argmax ln
−
|Σm |K/2
m=1,2,...,M

Exact PDF
MV Log−normal PDF
Gamma PDF
Log−normal PDF

Dependent ED samples

−1

10

B. Localization Phase with Multiple Observations
In a realistic localization scenario it is conceivable that RX
has multiple independent observations from the device under
test available for the localization (region detection). If the
transmitting node is equipped with multiple antennas it can
use them sequentially to transmit signals to the receiver. If
the node is mobile it can transmit periodically always from a
slightly different position. These are just two examples how
multiple independent observations within one region could be
generated. In the following we derive the optimal decision rule
taking multiple observations into account.

Independent ED samples
−2

10

10

20

30
SNR [dB]

40

50

Figure 10. Pe for H5 and H10 with π5 = π10 = 0.5 for Gaussian channel
model.

Figure 10 depicts Pe for artificially generated CIRs based
on the Gaussian channel model. The components of y are
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in general dependent due to correlations in r(t). In order to
obtain independent components the Gaussian channel model
is modified, such that the covariance matrices between vectors
ri and rj for i 6= j are zero matrices. This is done to emulate
a situation, where the decision rule in (3) using the exact PDF
in (11) is optimal. The corresponding performance curves can
be seen in Figure 10 marked with independent ED samples.
It can be seen that all closed form PDFs achieve Pe close to
the optimum, at which the Gamma PDF comes closest. These
results support the accuracy and applicability of the proposed
closed form PDFs.
The unmodified Gaussian channel model causes dependencies in y. The corresponding curves are marked with dependent
ED samples. There is a performance loss due to the wrong
independence assumption. Note that (11) does not provide the
optimal performance anymore. Only the MV Log-normal PDF
accounts for correlations among energy samples. However, it
can be seen that for the Gaussian channel model the achievable
performance improvement compared to the PDFs assuming
independent energy samples is only marginal.

VII. P OSITION L OCATION P ERFORMANCE
We present simulation results for Pe and de considering
all M = 22 regions depicted in Figure 1. The a priori probabilities are πm = 1/M . We emphasize that we exclusively use
measured CIRs [13] in this section. The area of each region is
0.27×0.56 m2 , which p
leads to a fundamental average position
uncertainty4 of di,i = 0.272 /12 + 0.562 /12 ≈ 0.18 m. The
SNR is set to 40 dB implying negligible distortions. From the
set of measured CIRs we pick L CIRs per region for training
(parameter estimation) and the remaining for algorithm testing.
This is done for 500 random partitions of training and test data,
and the corresponding results are averaged to obtain estimates
for Pe and de . We show two performance curves for each
closed form PDF: (1) The ED receiver has one observation
y available for region
(2) The ED receiver has two
 T detection.

T T
observations ȳ = y1 , y2
from the same node available. For
the simulation results we pick the two observations from the
test data randomly.
A. Number of Training Vectors (L)
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Figure 11. Pe for H5 and H10 with π5 = π10 = 0.5 for measured channels.
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Figure 11 depicts Pe for measured CIRs. It can be observed
that all closed form PDFs outperform the exact PDF. This
confirms the conjecture from Section IV that the direct mod0
eling of energy samples (approach B) is more promising than
10
the mathematical derivation of the exact PDF based on the
Gaussian channel model (approach A). Nevertheless, the exact
PDF derived from the Gaussian channel model is useful for
performance prediction providing conservative values
Pe .
PSfragforreplacements
We observe from Figure 11 a significant performance im−1
provement of the MV Log-normal PDF compared to the other
Pe 10 0
100
200
300
400
500
600
L
PDFs. We conclude from these results that the MV Log-normal
PDF is the preferable PDF for modeling the ED output vector
Figure 12. Pe and de for fed = 1 GHz as function of L.
y.
The performance of a coherent receiver (cf. [11]) is plotted
Figure 12 depicts the position location performance as a
in Figure 11 as reference. At Pe = 10−2 , there is an SNR function of L. The length of y is N = 30, which means
degradation of around 8 dB as compared to the best ED that N + N (N + 1)/2 = 495 parameters must be estimated
receiver performance. Furthermore, the error floor of the ED for the MV Log-normal PDF. The other two PDFs assuming
receiver for high SNR can be removed by using a coherent
4 Root mean squared error for a two-dimensional uniform distribution.
receiver.

10

independent taps require the estimation of 2N = 60 parameters. Therefore, the performance of the MV Log-normal PDF
drops drastically for small L, since the stochastic description
becomes unreliable. However, for L > 100 the higher model
complexity of MV Log-normal pays off. Further, it can be
observed that two observations give a significant performance
improvement. The average positioning error using the MV
Log-normal model can be decreased from 93 cm to 43 cm
at L = 200.
B. Sampling Frequency of Energy Detector (fed )
0
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de in m
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0

The number of regions, i.e. hypotheses M , is an important
system parameter. As M increases, Pe increases as well. The
communication theory analogy would be a signal space with
a fixed number of dimensions and an increasing number of
constellation points for a given SNR. How fast Pe increases,
depends on the dimensionality of this signal space or in the position location setup on the degrees of freedom of the location
fingerprints. The larger the degrees of freedom (signal space
dimensions) are, the slower will be the performance degradation for increasing M . Note that RSS location fingerprints have
only one degree of freedom per access point, which implies
a rapid performance degradation. Since we are considering
location fingerprints based on the UWB propagation channel
we expect a graceful performance degradation for increasing
M due to many degrees of freedom. The following results
are based on the available measurements and support our
conjecture of graceful performance degradation for increasing
M.
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Figure 14. Conditional error probabilities P (Hi |H4 ) for observations from
region 4 for L = 200, fed = 1 GHz, and MV Log-normal PDF.
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Pe and de for L = 400 as a function of fed .

Figure 13 shows the performance for L = 400 as a function
of fed . Increasing fed has two effects: i) The bandwidth of the
filter g(t) is increased and the multipath components of the
channel are better resolved. This leads to better performance
due to more distinguished location fingerprints with more
degrees of freedom. ii) The number of free parameters is
increased, which requires larger L for an accurate stochastic
description. We observe from Figure 13 that L = 400 is large
enough such that performance gains are achievable when f ed is
increased to 2 GHz. It can be also seen that performance drops
fast for decreasing fed implying that the temporal resolution
of the propagation channel becomes too coarse. It can be
concluded that a sampling frequency of fed = 1 GHz is
required for reasonable performance results.

Figure 14 depicts the conditional error probabilities
P (Hi |H4 ) for observations from region 4 assuming (1) or (2)
available observations. It can be seen that most of the classification errors occur among nearby regions, which implies that
classification errors are mainly local phenomenons. Thus, we
expect that increasing M will not lead to a significant increase
in Pe as long as the additional regions are not very close to
the others. More importantly, de will stay essentially constant,
since classification errors among nearby regions have only
marginal impact on de . If the application requires larger or
full coverage of the room it is conceivable that the region sizes
are increased at the cost of a larger fundamental positioning
uncertainty while maintaining reasonable values for M and
Pe . Accordingly, we calculated once Pe = 0.22 for the eight
regions {1, 2, 3, 4, 8, 9, 10, 11} and once Pe = 0.12 when
regions {1, 2, 3, 4} and regions {8, 9, 10, 11} are merged into
two super-regions. The parameters are fed = 1 GHz, L = 200,
one observation, and MV Log-normal PDF.
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D. Summary
In summary we can achieve an average positioning error of
de ≈ 93 cm for a high SNR of 40 dB, fed = 1 GHz, L = 200,
and M = 22 with a single observation of the output samples
of a generalized ED receiver. If two observations are used the
error decreases to de ≈ 43 cm. Note that this performance
is achieved with a single ED receiver and by modeling the
energy samples with a MV Log-normal PDF.
If the distortions are non-negligible (low SNR) the corresponding performance degradation can be compensated by
using more observations for the region detection process. Note
that in this case the node need not be mobile, because the
distortions change from observation to observation.
VIII. C ONCLUSIONS

AND

F UTURE W ORK

This paper presents the first investigation of location fingerprinting with a generalized UWB ED receiver. The main
purpose of this paper is to show that and how location fingerprinting with such a low complexity receiver structure can
be done and that a reasonable performance is achievable. We
validate the proposed position location system with measured
UWB channels. These measurements include uncontrolled
time variations of the channel caused by moving people which
have been present during the measurements. Therefore, we are
confident that the performance results presented in Section VII
are close to reality. However, there are still open items until
such a position location system can be implemented and
deployed.
First, the impact of antenna patterns on the location fingerprints has to be investigated. Since the proposed position
location method does not rely on path loss information but
rather on the temporal structure of the multipath channel, we
assume that the location fingerprints are robust to varying
antenna patterns. Note that the antenna characteristics influence only the amplitude and not the delay of the multipath
components.
Second, time-varying propagation channels have to be studied in more detail. We conjecture that random distortions of the
fingerprints like moving objects can be absorbed into the distortion signal w(t). By increasing the number of observations
the envisioned performance required by the application can be
sustained. However, we also conjecture that major changes of
the propagation environment like relocation of large objects
would require adaptation of the stochastic description. Since
such changes might not happen very frequently a new training
phase is conceivable. Moreover, iterative algorithms might be
able to track such changes without requiring a new training
phase.
Third, the impact of increasing M on the position location
accuracy needs to be further analyzed. As a first step, we
provide performance results in Section VII-C, which support
the expectation that the position location accuracy does not
degrade drastically as M grows. Beyond that, the proposed
theoretical framework enables a conservative performance
prediction without requiring measurements by applying the
Gaussian channel model. Using for example ray-tracing tools
it is possible to calculate the mean and the covariance matrix

of CIRs within one region efficiently. In this way a whole room
can be covered and the impact of varying M and region dimensions can be studied. Such a theoretical performance analysis
and performance results based on additional measurements are
planned for future work.
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